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Background: The role of TP53 mutations in the diagnosis and treatment of lung cancer has attracted increasing attention from experts 
worldwide. This study aimed to explore the expression of TP53 gene in lung cancer and its correlation with radiomics quantitative 
features.
Methods: A total of 93 cases of lung cancer confirmed by pathology were selected, including 44 cases with TP53 mutations and 49 
cases with TP53 wild-type. ITK-SNAP software was used to segment the pulmonary nodules, AK software was used to extract 
radiomic features, and a model was established to predict the type of TP53 gene mutation in lung cancer lesions.
Results: A total of 852 features were extracted, and 10 features remained after feature selection. The accuracy, areas under the curve, 
specificity, sensitivity, positive predictive value, and negative predictive value of the logistic regression model were 0.80, 0.86, 0.89, 
0.74, 0.90, and 0.71, respectively.
Conclusion: TP53 gene mutations are correlated with radiomic features in lung cancer, which may have application value for TP53 
therapy in the future.
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Introduction
On September 12, 2018, WHO published the “Global Cancer Report 2018”. Lung cancer still ranked first in the incidence 
and cause of death of cancer.1 In 2018, there were more than 2 million lung cancer patients worldwide and 1.76 million 
deaths due to lung cancer.1 About 70% of the lung cancer patients are at an advanced stage when diagnosed, and the 
5-year survival rate is less than 16%.2

Up to 50% of the human cancers contain mutations on both TP53 alleles, and TP53 mutations are found in 96% of the 
ovarian cancers,3 54% of the invasive breast cancers,4 86% of the small-cell lung cancers,5 and 75% of the pancreatic 
cancers.6 TP53 mutations confer a predisposition to the early onset of a variety of mesenchymal and epithelial tumors. 
TP53 gene is a tumor suppressor gene encoding tumor protein p53, and TP53 gene is also a well-known candidate gene 
for predicting chemotherapy response. TP53 mutation is more common in non-small cell lung cancer (NSCLC) patients, 
and its targeted therapy research has attracted the attention of many experts worldwide. Since TP53 mutation is present in 
nearly half of NSCLC and the incidence of NSCLC is increasing year by year, eliminating its oncogenic effect is 
undoubtedly of great significance for the successful treatment of NSCLC. The research on TP53 gene targeted therapy 
has attracted the attention of global experts. And making good progress. For example, recent studies have found that the 
Gof mutant p53 can be used as a therapeutic target.7

Radiomics is based on conventional imaging diagnosis and deep mining of data information to find out the subtle 
structural features of diseases, so as to reflect the changes in human tissues, cells and genes, thereby providing help for 
the diagnosis and treatment of diseases.8 Radiomic feature may provide superior diagnostic performance compared with 
those of morphologic CT features and radiologists.9 Radiomics is considered to be a promising quantitative tool for the 
characterization of lung lesion phenotypes and uses large amounts of quantitative CT image features.10 If radiomic 
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features or conventional signs can be used to identify NSCLC patients with TP53 mutation, it will be of great value to 
guide clinical practice. The aim of this study is to explore the expression of TP53 in lung cancer and its correlation with 
radiomics quantitative features.

Materials and Methods
Patients
A retrospective method was used to select 93 patients with lung cancer confirmed by pathology in Zhejiang Rongjun 
Hospital from December 2017 to December 2021, including 44 cases of TP53 mutation and 49 cases of TP53 wild type 
by gene detection. Genetic testing uses second-generation sequencing (next-generation sequencing (NGS)). All speci-
mens were derived from tissue samples. There were 30 males and 14 females in the mutation group, aged from 53 to 87 
years, with an average of 70.5±10.1 years. There were 26 males and 23 females within the wild-type group, aged from 42 
to 87 years, with an average of 66.7±13.6 years. All patients signed a written informed consent form before the 
examination. This retrospective study involving human participants was reviewed and approved by Zhejiang Rongjun 
Hospital Ethics Committee (No. 2022–071). Our study was conducted in accordance with the Declaration of Helsinki.

Lung CT Examination
Philips incisive CT was used for lung CT scanning, using lung scanning mode, ranging from the apex to the bottom of the 
lung, slice thickness of 5mm, slice spacing of 5mm, reconstructed slice thickness of 2.5mm, pitch 1.2, matrix 512×512, 
tube voltage 120kv, automatic ma/s technology, iterative algorithm image reconstruction. The view of field (FOV) was 
350mm. The pulmonary window width was 1500 and the window level was −400.

Radiomic Feature Extraction from Lung CT
The flow chart of this study is shown in Figure 1. ITK-SNAP software was used for image segmentation. The lung CT image 
with slice thickness of 2.5mm was selected. The region of interest (ROI) was placed layer by layer along the contour of the 
lung nodules in all layers including the selected lung nodules, and the ROI was further adjusted by removing the calcification 
area. The original images and segmented three-dimensional ROI images of pulmonary nodules were imported into the 
Artificial Intelligent Kit (AK) software. Image preprocessing was performed using AK software to adjust the image 
resolution to 1mm×1mm×1mm for resampling. The image gray level was then uniformly adjusted to 0–255 for normal-
ization. AK platform was used in calculating characteristics. In this project, the features to be calculated include histogram 
features, Gray Level Co-occurrence Matrix (GLCM), Gray Level Dependence Matrix (GLDM), and Neigbouring Gray Tone 
Difference Matrix (NGTDM), Gray Level Run Length Matrix (GLRLM), Gauess Transform and Wavelet Features. Data 
were processed by AK software for outlier processing, data partitioning, and data preprocessing. The histogram features are 
mainly based on the statistics of gray or brightness information of the lesion area, and then the overall distribution of gray 
information of the lesion area is studied. Shape parameters mainly describe the shape characteristics of the lesion area 
mathematically and attempt to describe the shape compactness of the lesion. GLCM obtains the co-occurrence matrix based 
on statistical pixels with different directions and probabilities, and then quantifies the distribution of the co-occurrence matrix 
to describe the complexity, change degree, texture thickness and other information of the lesions.11 Haralick’s feature is also 
based on GLCM to extract the corresponding features, selecting a GLCM with four directions (0°, 45°, 90°, 135°) with a step 
size of 1, and then calculating the sum of the average values.12 The characteristic of RLM is to obtain the length matrix by 
calculating the probability of pixels that appear continuously in different directions and step sizes to describe the complexity, 
degree of variation and texture thickness of the lesion.13 After calculation, a total of 852 features were extracted. Labels “0” 
and “1” indicating mutant and wild groups were added to each subject data.

Feature Selection
Feature selection was performed twice for each of the two groups of nodules based on the calculated features. The 
preprocessing was divided into three steps: outliers were replaced by mean values; the proportion of training set was 0.7, 
and the proportion of test set was 0.3; and unit restrictions for each feature column were eliminated by a standardized 
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approach. Two feature selection algorithms, maximum relevance and minimum redundancy (mRMR) and the least 
absolute shrinkage and selection operator (LASSO), were used for feature selection. Firstly, mRMR was used to 
eliminate redundant and irrelevant features. Then, the LASSO regression model was used to reduce the dimension, 

Figure 1 Workflow of radiomics analysis for lung cancer.
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and the method of dimensionality reduction was cross-validation. This method is suitable for regression analysis of high- 
dimensional data, and an L1 penalty term is added to the function of linear regression, so that some regression 
coefficients become 0 to achieve the effect of dimensionality reduction.

Model Building
First, the training set and test set data are loaded. According to the selected features, the logistic method in machine 
learning was used to construct the prediction model. Receiver operating characteristic (ROC) curve and accuracy were 
used to evaluate the performance of the model in the training group and the test group.

Statistical Analysis
The statistical methods used in feature selection and model construction were the statistical methods provided by 
AK software. SPSS22.0 statistical software was used for data analysis. Measurement data following normal distribution 
were represented as mean ± SD, and independent sample t-test ® was used to evaluate the age of the mutant group and 
the wild-type group. Count data were analyzed by χ2 test. P < 0.05 was considered statistically significant.

Results
Patient Characteristics
There was no significant difference in gender and age between the mutant group and the wild-type group in clinical 
baseline data (P > 0.05, Table 1). We made a statistical analysis on smoking exposure, comorbidity, vacuole sign and 
foliation sign of the two groups, and all showed no statistical significance (P > 0.05, Table 2). We found that the number 
of non-smoking exposure in the mutation group was smaller, but still had no statistical significance. In future studies, we 
will continue to pay attention to the mutation of non-smoking population.

Feature Selection
The original images of 93 cases of pulmonary nodules were imported into AK software together with the segmented 
images, and a total of 852 radiomic features were obtained. After dimensionality reduction by mRMR, 20 features were 
screened out, and 10 features were left after further dimensionality reduction by LASSO (Figures 2 and 3).

Table 1 Comparison of General Data Between Mutant Group and Wild-Type Group (x±s)

Mutant Group Wild-Type Group Statistics P value

The number of cases 44 49 NA NA

Age, mean ± SD, years 70.5±10.1 66.7±13.6 1.54 >0.05
Gender, Male: Female 30:14 26:23 2.21* >0.05*

Notes: The measurement data were expressed as mean ± standard deviation (SD). Statistical methods: t-test and chi-square test (*).

Table 2 Comparison of Smoking Exposure, Comorbidity and Nodule Characteristics Between Mutant 
Group and Wild-Type Group

Group Number 
of Cases

Exposure to 
Tobacco 
Smoking 
Environment

Diabetes Vocule Sign Lobulation

Mutant type group 44 21/44 (47.8%) 9/44 (20.5%) 10/44 (22.7%) 36/44 (81.8%)

Wild-type group 49 19/49 (38.8%) 11/49 (22.4%) 15/49 (30.6%) 38/49 (77.6%)

Statistic χ2=0.758 χ2=0.055 χ2=0.733 χ2=0.26
P value >0.05 >0.05 >0.05 >0.05

https://doi.org/10.2147/IJGM.S392404                                                                                                                                                                                                                                 

DovePress                                                                                                                                   

International Journal of General Medicine 2022:15 8484

Qiao et al                                                                                                                                                             Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


Model Building
Based on the 10 selected features, logistic regression was used to construct prediction models in the training and test 
groups. The accuracy, areas under the curve, specificity, sensitivity, positive predictive value and negative predictive 
value of the training set were 0.80, 0.86, 0.89, 0.74, 0.90 and 0.71, respectively. The corresponding indicators of the 
test set were 0.59, 0.86, 0.67, 0.56, 0.77, and 0.43, respectively (Figure 4). The two groups of models fitted well.

Discussion
In this study, AK software was used to extract the features of pulmonary nodules, and it was found that there were 
characteristic differences in GLCM and RLM between TP53 mutant and wild-type pulmonary nodules, which could be 
used as an objective indicator for the differentiation of TP53 mutant and wild-type pulmonary nodules.

TP53 gene, a tumor suppressor gene encoding the tumor protein p53, is the most common mutated gene in a variety of 
human cancers.14 TP53 is located in the short arm of chromosome 17 (17p13), and exon 5–8 is a hotspot region for mutation 

Figure 2 (A) Error rate curve. (B) LASSO coefficient diagram. We chose the coefficient with the lowest error rate.
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in human tumors. The DNA-binding domain (DBD) encoding exons 5 through 8 of TP53 consists of 102 to 292 residues. In 
DBD, the L2 loop (residues 163 to 195) and L3 loop (residues 236 to 251) bind to Zn atoms and play a key role in the 
interaction with DNA.15 The p53 protein contains different functional domains: an N-terminal deactivation domain, 
a sequence-specific DNA-binding region, an oligomerization domain, and a C-terminal negative regulatory domain. Wild- 
type p53 gene is stable cell genes and complete “guardian”, around normal circumstances, and p53 protein ubiquitin ligase 
MDM2 combination, and rapid degradation. Therefore, various types of cellular stress cannot be detected in the cells, such as 
UV-guided DNA damage and oncogene activation blocking MDM2 binding to p53, which then oligomerizes into an active 
tetramer, allowing the protein to accumulate in the nucleus and transform normal cells into cancer cells.

The occurrence of lung cancer is a complex biological process with multiple factors and multiple stages, which is 
closely related to oncogene activation and tumor suppressor gene inactivation. With the introduction of next- 

Figure 3 The remaining features after two-step feature dimensionality reduction.

Figure 4 Receiver operating characteristic (ROC) curves of training set (A) and test set (B).
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generation sequencing technology, it has been found that about 80% of NSCLC progression involves multiple genetic 
abnormalities, leading to malignant transformation of bronchial epithelial cells, followed by invasion, lymph node 
metastasis and distant metastasis. Among these genetic abnormalities, TP53 gene was the most common co-mutation. 
P53 protein (mutant) is the product of mutations in the TP53 gene and is a tumor promoter that abolishes normal p53 
function. P53 protein encoded by mutated gene in malignant tumors is released from human blood, which can induce 
the body’s autoimmune response, resulting in the production of p53 autoantibodies. Studies have shown that the 
detection of serum p53 antibody can be used in early diagnosis of lung cancer, even in subclinical stage.16 Other 
studies have shown that the positive expression rates of p53 antibody in stage II, IIIa, IIIB and IV lung cancer are 
very high, respectively, 41.7%, 70.3%, 68% and 73.2%, which has important clinical value for the diagnosis of lung 
cancer.17 P16 as a tumor suppressor gene has been shown to interact with P53 increasing the action of cell cycle 
regulation. The observation that p16 gene preferentially undergoes gene silencing through promoter hypermethylation 
is of crucial importance in the evidence of protein expression in NSCLC.18,19

Obtaining accurate molecular phenotypes is the prerequisite for guiding targeted therapy of NSCLC. However, 
most tumors have high temporal and spatial heterogeneity at the genomic level,20 and it is sometimes difficult to 
accurately detect gene mutations in tissue specimens obtained by biopsy. Radiomics is defined as the use of high- 
throughput to extract features from medical images.21,22 Associating image features with tumor gene–protein features 
or tumor phenotypes can develop models for cancer diagnosis, patient prognosis, or relative tumor heterogeneity, 
especially for patients who are unable to perform biopsy or whose biopsy fails.23 In the long run, radiomics will not 
replace the role of radiologists. Instead, it will be a powerful tool for radiologists.24 In addition, artificial intelligence 
deep learning on image feature big data can guide clinical decisions25 and provide valuable information for 
personalized treatment. Image group learning can in the noninvasive and low-cost way to improve the diagnosis 
and prognosis of lung cancer and so on, combined with lung form complex, different kinds, strong heterogeneity, 
applying image omics to lung cancer, more meaningful to clinical decision-making, and provide help for individua-
lized treatment,26 including lung cancer-related image group study directions in the future more secure, more efficient 
training pattern of model, Multimodal images are fused and other omics are combined at the same time.27 The 
radiomics can well predict the malignancy of solid pulmonary nodules.28 At home and abroad, there are many 
radiomics studies on EGFR29 and ALK30,31 gene mutations. These studies confirmed the correlation between the 
expression of these genes and the imaging features, and also laid a theoretical basis for the study in this paper, but 
there are few radiomics studies on TP53 mutation, we will continue to explore in the following research. In addition, 
radiomics has also been applied to the study of other diseases, such as Langerhans cell histiocytosis.32

However, there are still several limitations in our study. Firstly, the sample size of this study is relatively small. In 
future studies, we will continue to collect and try to do a large sample study. Secondly, staging and staging methods are 
not involved in this study. Finally, the lack of consideration of causality is a limitation of this study. The radiomic 
research on TP53-related lung cancer still needs large-scale multicenter studies.

Conclusion
In conclusion, the radiomic features and classification model of TP53-related lung cancer have certain significance for the 
evaluation of TP53-related lung cancer. The above radiomics process is convenient and feasible, which is conducive to 
the diagnosis of patients and the formulation of individualized treatment plans.
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