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Abstract
BACKGROUND
Many factors have an aberrant effect on the overall survival of lung cancer (LC) patients. In recent years, remarkable progress has been made in immunotherapy, targeted treatment, and promising biomarkers. However, the available treatments and diagnostic methods are not specific for all patients.

AIM
To establish a system for predicting poor survival in patients with LC.

METHODS
The expression matrix and clinical information for this study were obtained from The Cancer Genome Atlas and Gene Expression Omnibus databases. After the differential analysis of all screened genes, weighted gene coexpression network analysis was performed to analyze hub genes related to patient survival. A logistic regression model was used to construct the scoring system. The expression of the hub genes was verified by performing quantitative reverse transcription-polymerase chain reaction.

RESULTS
A total of 5007 differentially expressed genes were selected for the Weighted Gene Co-expression Network Analysis algorithm. We found that the turquoise module showed the highest correlation with patient prognosis. The gene module with the greatest positive correlation with patient survival was located in the turquoise area. The Gene Ontology and Kyoto Encyclopedia of Genes and Genomes analyses performed for the genes contained in the turquoise module indicated the potential roles of the selected genes in the regulation of LC development. In addition, protein–protein interaction analysis was performed to screen hub genes, which identified 100 hub genes located in the core area of the network. We then intersected the 100 hub genes with 75 key genes sorted by module members to identify real hub genes associated with prognosis. Forty-one genes were finally selected. We then used a logistic regression model to determine 11 independent risk genes, namely CCNB2, CDC20, CENPO, FOXM1, HJURP, NEK2, OIP5, PLK1, PRC1, SKA1, UBE2C and SPARC.

CONCLUSION
We constructed a predictive model based on 11 independent risk genes to establish a system predicting the survival status of patients with non-small-cell lung carcinoma.
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Core Tip: This was a bioinformatics-based study aimed at identifying a novel system for predicting overall survival in lung cancer patients. We constructed a predictive model using Weighted Gene Co-expression Network Analysis, protein-protein interaction network, and least absolute contraction and selection operator-logistic regression analysis. And the expression of hub genes was verified by polymerase chain reaction, immunohistochemistry in lung cancer cell lines, and patient samples. 

INTRODUCTION
Lung cancer (LC) is one of the most common malignant tumors and one of the leading causes of cancer-related deaths worldwide. In 2012, the deaths caused by LC were approximately 1.6 million, accounting for 19% of the total global cancer deaths[1,2]. Despite advancement in its treatment, surgery is the primary therapy for patients with non-small-cell lung carcinoma. However, the overall survival rate of LC patients remains low.
Many factors have an aberrant effect on the overall survival of LC patients. The main reason is that patients who are diagnosed with advanced and metastasis LC cannot undergo radical surgery. Therefore, the development of more advanced diagnosis and predictive biomarkers is a promising direction for cancer diagnosis and treatment[3,4].
In recent years, remarkable progress has been made in immunotherapy, targeted treatment, and promising biomarkers. However, the available treatments and diagnostic methods are not specific for all patients[5]. A high recurrence rate is observed after such treatment because of the complexity of cancer. Identification of new diagnostic and therapeutic biomarkers for cancer treatment is urgent[6].
The development of high-throughput technology has made important contributions to the identification of a large number of target genes in various diseases[7]. At the same time, as an emerging cross-discipline, bioinformatics analysis is widely used in the discovery of disease-related genes, new drug molecular targets, drug design, and functional analysis, which is helpful for the discovery of disease mechanisms[8]. Xie et al[9] performed bioinformatics analysis to analyze tumorigenesis-related genes and their target miRNAs in colon cancer, which facilitated the exploration of the potential targets for diagnosis, prognosis and treatment of colon carcinoma. Using RNA-Seq and bioinformatics methods, several key genes including ID1, ID3 and SMAD9 were identified in esophageal squamous cell carcinoma[10]. Many genes associated with LC progression and invasion have been identified by a combination of bioinformatics analysis and high-throughput sequencing[11-13].
The identification of differentially expressed genes (DEGs) has garnered considerable scientific attention. However, this method does not consider genes with similar expression patterns. Weighted Gene Co-expression Network Analysis (WGCNA) is a new algorithm that evaluates the correlation between gene modules and clinical features by constructing a scale-free gene coexpression network. In this study, we combined the WGCNA algorithm with DEGs to identify pivotal genes associated with clinicopathological characteristics and to provide insights into targeted therapy of LC.

MATERIALS AND METHODS
Data collection
The clinical and expression data of LC patients were derived from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) databases (https://portal.gdc.cancer.gov/; http://www.ncbi.nlm.nih.gov/geo/). GEO data contains two cohorts (GSE30129 and GSE50081). The sva package was used to normalize the Meta-GEO data. Next, we used the TCGA data (LogFC > 0.5, P < 0.05) to identify the DEGs and combined these DEGs with all GEO genes. Finally, 5007 genes were selected for the subsequent analyses.

Construction of WGCNA
WGCNA R package was used to analyze the coexpression networks. We determined the threshold of β = 5 to establish the optimal weighted network by Pearson’s correlational analysis. The adjacent matrix was transformed into a topological overlap measure matrix via topological overlapping dissimilarity to estimate its connectivity property in the network. We set the minimum number of module genes to 100, and the threshold for merging similar modules was set to 0.25. P < 0.05 was considered to indicate statistical significance. After the modules of interest were selected, the key genes were selected according to the gene signature (GS) and module membership (MM) of each module.

Gene Ontology and Kyoto Encyclopedia of Genes and Genomes analyses
The functional analysis of core genes was performed using the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG). Through the R language clusterProfiler and ggplot2 packages, several important pathways have been discovered so far. The cut-off criteria were defined as count > 2 and P < 0.05.

Protein–protein interaction network 
We employed the STRING database to analyze the interaction between the module genes and set the confidence score to ≥ 0.9. The Cytohubba plug-in of Cytoscape software (version 3.7.0) was used to identify the core genes in the network.

Construction of predictive model 
All patients were assigned to training and validation sets in the ratio of 6:4. The least absolute contraction and selection operator (LASSO) reduced the data dimensionality, and Cox regression analysis was applied to construct a patient prognostic evaluation model. The predictive efficacy of the model was evaluated by the receiver operating characteristic (ROC) curve. A nomogram was used to visualize the scoring system through the rms package in the R software.

Cell culture
A549 and H1299 LC cells, and human lung fibroblasts were purchased from the Cancer Cell Repository (Shanghai Cell Bank, Shanghai, China). The medium used for cell culture was 10% Dulbecco’s modified eagle’s medium (supplemented with fetal bovine serum and penicillin/streptomycin). The cells were cultured in an incubator under 5% CO2 at 37 ℃.

Quantitative real-time polymerase chain reaction
We use 1 mL TRIzol (Invitrogen, Grand Island, NY, United States) and 200 μL chloroform to extract the total RNA from 2 × 106 cells in LC cells. Total RNA was reverse transcribed into cDNA (TaKaRa Bio, Shiga, Japan). The cDNA, primers, and the SYBR Green PCR Master Mix (TOYOBO, Osaka, Japan) were quantitatively detected by PCR. The primer sequences of all genes are depicted in Table 1. The gene expression level was evaluated by the 2-ΔΔCt method. All experiments were repeated three times.

Statistical analyses
All data in this study were analyzed using GraphPad Prism 5 and R software. The data were expressed as mean ± SD. A two-tailed t test was applied for quantitative real-time polymerase chain reaction (qRT-PCR) analysis among different groups. The results were considered to be significant at P < 0.05.

RESULTS
Identification of intersecting genes between GEO cohort and TCGA dataset
We screened DEGs based on the TCGA dataset by including 1037tumor/108normal samples. A total of 10 970 DEGs were selected based on the criteria of P < 0.05 and |log 2 FC| > 1. The top 30 up- and downregulated genes are shown in Figure 1A. We then intersected DEGs of TCGA with all genes in the GEO dataset and found 5007 common genes for further WGCNA.

WGCNA 
To determine the roles of common DEGs associated with prognosis and other clinicopathological characteristics of LC patients, WGCNA was performed to construct a coexpression network. As shown in Figure 1B and C, the correlation coefficient was converted to the adjacent coefficient according to the optimal parameter (β = 5). Thereafter, highly correlated samples and delete discrete samples were clustered (Figure 1E). A threshold of 0.25 and a minimum gene number of 150 were considered to merge similar modules. Figure 1D shows eight modules that were finally selected on the basis of the filter criteria. The hierarchical clustering of module hub genes is shown in Figure 1F. 

Identification of highly correlated modules
The topological overlap matrix plot (Figure 1G) indicated the correlation between the genes of the eight modules sorted using the clustering tree. The turquoise module showed a positive correlation of about 0.31 with LC patient survival, followed by the green module (0.28) and yellow module (0.23) (Figure 2A and B). The turquoise module contained 1673 genes. We then selected 75 key genes from the turquoise module with MM > 0.8 (Figure 2C). Taken together, the turquoise module was finally selected for further analysis.

GO and KEGG analyses in modules
GO enrichment analysis experiments showed that the turquoise module genes mainly encoded for ATPase, helicase, 3′-5′ DNA helicase, DNA-dependent ATPase, DNA helicase, ATP-dependent DNA helicase, and ATP-dependent helicase and associated with the binding of many molecules including DNA replication origin, single-stranded DNA, and tubulin. KEGG analysis indicated that many signaling pathways involved in Fanconi anemia and the p53 signaling pathway were correlated with turquoise module genes. In addition, other important pathways such as metabolism of carbon, pyrimidine, cysteine, and methionine, cell cycle, and DNA repair were also found in the turquoise module. These results indicated that the mechanism that affects the survival of LC patients may be closely related to the molecular binding mechanism and several important signaling pathways (Figure 2D).

Establishment of protein–protein interaction networks and selection of module genes
To determine which cluster of genes in the turquoise module have a pivotal effect on the prognosis of LC, we constructed protein–protein interaction networks using the STRING database (Figure 3A) and Cytoscape software and found 100 hub genes located in the core area of the network (Figure 3B). We then intersected the 100 hub genes with 75 key genes sorted by MM to identify real hub genes associated with prognosis (Figure 3C). 

Construction of the hub-genes-based scoring system
Subsequently, we performed a LASSO-logistic analysis of real hub genes to establish a prognostic evaluation model. Finally, 11 prognostic genes were selected in the predictive model in the training dataset, namely CCNB2, CDC20, CENPO, FOXM1, HJURP, NEK2, OIP5, PLK1, PRC1, SKA1, UBE2C and SPARC (Figure 4A). The risk score = 4.43 (Intercept) + CCNB2-expression × 0.552 + CDC20-expression × 0.037  CENPO-expression × 0.287 + FOXM1-expression × 0.106 + HJURP-expression × 0.229 + NEK2-expression × 0.083  OIP5-expression × 0.020  PLK1-expression × 0.520 + PRC1-expression × 0.192  SKA1-expression × 0.110 + UBE2C-expression × 0.263. Subsequently, we evaluated the reliability of the model by the ROC curve. The results showed that the area under the curve of the training set and test set were 0.754 and 0.626, respectively (Figure 4B). Cox regression analysis showed that risk score was an independent risk factor for predicting the poor prognosis of LC patients (Figure 4C). To further evaluate the prognosis of LC, we constructed a nomogram based on risk factors (Figure 4D and E).
After the construction of the scoring system in the GEO dataset, we determined the effect of 11 genes in the TCGA dataset. As shown in Figure 5A, all genes were differentially expressed in LC patients compared with normal samples. Moreover, all genes were significantly correlated with patient prognosis except for CCNB2 and SKA1 (Figure 5B). 
To validate the expression of the 11 hub genes, we performed an immunohistochemistry experiment obtained from the Protein Atlas database. Immunohistochemistry indicated that the protein levels of CDC20, FOXM1, HJURP, PRC1, UBE2C and CCNB2 were increased in the LC samples compared with the normal samples, whereas those of OIP5, PLK1 and SKA1 were decreased (Figure 5C). To explore the mRNA expression levels of these genes, we performed qRT-PCR analysis and found that the mRNA levels of CCNB2, CDC20, FOXM1, HJURP, NEK2, PRC1, SKA1 and UBE2C were increased in the LC cell lines, whereas those of CENPO, OIP5 and PLK1 was decreased (Figure 5D). 

DISCUSSION
LC treatments include a combination of radical surgery, radiation therapy, chemotherapy, and precise targeted therapy[14]. Despite advancement in LC treatment and diagnosis, the 5-year overall survival rate remains low[15]. The main reason is that patients who are diagnosed with advanced and metastasis LC cannot undergo radical surgery. Therefore, more specific and sensitive biomarkers are needed to facilitate early diagnosis and prediction of overall survival.
Recently, several therapeutic targets and prognostic biomarkers have been identified using advanced high-throughput sequencing technology and integrative bioinformatics analysis. Previous studies have reported many prognostic biomarkers in LC by performing a combined analysis using TCGA and GEO datasets and validated by in vitro experiments. Sun et al[16] reported the role of C-type lectin domain family 3 member B (CLEC3B) in tumor progression, prognosis, and immune responses in LC by performing RNA-Seq and bioinformatics analysis; the expression and methylation of CLEC3B were also validated by qRT-PCR analysis. miRNA-144-3p, an important noncoding RNA, was identified and validated as an independent risk factor for LC prognosis by performing bioinformatics analysis and qRT-PCR[17]. However, because of the insufficient sample size, biological heterogeneity, and different statistical methods, highly effective genes are not found in clinical practice. Moreover, the prediction efficiency in tumor patients could be limited by simply using a single GS instead of a multi-GS. Therefore, more biological markers and more effective prediction models are required for the prevention and treatment of LC. 
In the present study, we initially detected DEGs based on the TCGA dataset and intersected these DEGs with all GEO cohort genes to obtain an expression profile. We used the WGCNA algorithm to identify core genes in GEO expression data and that were highly related to clinical features. WGCNA classified eight modules and subsequently correlated the modules with clinical characteristics. In these modules, the turquoise module contained 1673 genes that showed the highest correlation with LC patient prognosis. We then performed GO enrichment and KEGG pathway analyses of the turquoise module genes and found that the function of these genes was mainly related to activation of enzymes including ATPase, helicase, 3′-5′ DNA helicase, DNA-dependent ATPase, DNA helicase, ATP-dependent DNA helicase, and ATP-dependent helicase and binding of many molecules including DNA replication origin, single-stranded DNA, and tubulin and activation of signaling pathways involved in Fanconi anemia and p53 signaling pathway. Subsequently, we performed a protein–protein interaction network analysis of the genes contained in the yellow module and intersected the network hub genes with MM > 0.8. Forty-one genes were selected and subjected to LASSO-logistic regression. We finally identified 11 prognostic genes, namely CCNB2, CDC20, CENPO, FOXM1, HJURP, NEK2, OIP5, PLK1, PRC1, SKA1, UBE2C and SPARC. Among these genes, FOXM1 and PLK1 are the most studied genes in LC. FOXM1, an important family member of the FOX family, plays a pivotal role in a series of biological processes, including facilitating cell proliferation, differentiation, and organ development[18]. FOXM1 level is significantly increased in LC cells and could be regulated by miR-216b, which promotes cancer progression and epithelial–mesenchymal transition in LC cells[19]. Moreover, FOXM1 could directly regulate the radiosensitivity of LC cells via interacting with KIF20A, suggesting that FOXM1 might be a novel therapeutic target for LC treatment. FOXM1 could also be regulated by other important molecules. The family with sequence similarity 188-member B is a member of the novel putative deubiquitinase family and directly binds to FOXM1, which promotes LC progression[20]. PLK1 is highly correlated with LC progression. PLK1 can target and regulate the transforming growth factor β signaling pathway, and then amplify its metastatic activity by positive feedback[20]. PLK1 is also regulated by long noncoding RNAs. For instance, miR-296-5p decreases the ability of cell invasion and migration by directly targeting PLK1 in LC cells[21]. However, other genes have not been actively researched, especially with regard to the mechanism of progression in LC. Therefore, in-depth knowledge of these genes will help develop new biomarkers for early LC diagnosis and prediction of prognosis.
After the scoring system was constructed, we further evaluated the performance of the model in LC patients. The ROC curve showed that the model had an excellent predictive performance. In addition, the risk predictor of the model can be considered an independent risk factor for predicting LC prognosis. To conclude, this study showed the potential of prognostic genes in LC patients using WGCNA combined with the established predictive model. However, this study also had some limitations. Firstly, LC patients were from public databases, thus the number of samples was limited. In future studies, we will collect samples from our hospital to expand the sample size to validate the predictive model. Second, the molecular biological mechanism by which the hub gene affects the prognosis of patient needs to be further explored.

CONCLUSION
This study used the WGCNA algorithm to identify functional modules highly correlated with LC prognosis. After construction of the predictive model, we screened and validated 11 prognostic genes, which might be considered new therapeutic targets for the diagnosis and treatment of LC. This study also had some limitations. The mechanisms of the effect of the 11 prognostic genes on cancer progression need to be studied in the future.

ARTICLE HIGHLIGHTS
Research background
Many factors have an aberrant effect on the overall survival of lung cancer (LC) patients. In recent years, remarkable progress has been made in immunotherapy, targeted treatment, and promising biomarkers. However, the available treatments and diagnostic methods are not specific for all patients.

Research motivation
Identifying new diagnostic and therapeutic biomarkers for cancer treatment is urgent.

Research objectives
We aimed to establish a system for predicting poor survival in patients with LC.

Research methods
Weighted Gene Co-expression Network Analysis (WGCNA), functional enrichment analysis, quantitative real-time polymerase chain reaction, and other bioinformatics analysis were used in this study.

Research results
A total of 5007 differentially expressed genes were selected for the WGCNA algorithm. The turquoise module showed the highest correlation with patient prognosis. The gene module with the greatest positive correlation with patient survival was located in the turquoise area. Gene Ontology and Kyoto Encyclopedia of Genes and Genomes analyses performed for the genes contained in the turquoise module indicated the potential roles of the selected genes in the regulation of LC development. In addition, protein–protein interaction analysis was performed to screen hub genes, which identified 100 hub genes located in the core area of the network. We intersected the 100 hub genes with 75 key genes sorted by module members to identify real hub genes associated with prognosis. Forty-one genes were finally selected. We used a logistic regression model to determine 11 independent risk genes, namely CCNB2, CDC20, CENPO, FOXM1, HJURP, NEK2, OIP5, PLK1, PRC1, SKA1, UBE2C and SPARC.

Research conclusions
We constructed a model based on 11 independent risk genes to establish a system to predict the survival status of patients with non-small-cell lung carcinoma.

Research perspectives
The new predictive model could play a role in overall survival.
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Figure 1 Identification of differentially expressed genes and Weighted Gene Co-expression Network Analysis. A: The differentially expressed genes analyzed in The Cancer Genome Atlas dataset. Top 30 upregulated and downregulated genes are shown; B and C: Soft-threshold power analysis revealed the scale-free fit index and the mean connectivity of network topology; D: Hierarchical cluster analysis of the coexpression module based on the dissimilarity measurement; E: Sample clustering based on expression data used to detect the outliers; F: Dendrogram of consensus module eigen genes. Groups of eigen genes below the red line merged owing to their similarity; G: The topological overlap matrix heatmap showing the overlap between the co-expression genes. 
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Figure 2 Identification of highly correlated gene modules by Weighted Gene Co-expression Network Analysis. A: Correlation between eight module genes and the clinical features. Turquoise module indicating a high correlation with the patient’s overall survival (P < 0.001, r = 0.31); B: Heatmap plot showing the adjacent modules and survival traits; C: The gene signature and module membership of turquoise and green modules; D: Significantly enriched Gene Ontology items and the Kyoto Encyclopedia of Genes and Genomes pathways in turquoise module with top 20 count number of genes shown. 
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Figure 3 Construction of the protein–protein interaction networks of turquoise module genes and the selected hub genes. A: Network of all turquoise module genes excluding the low connectivity genes; B: The cytohubba algorithm used to identify the top 100 hub genes located in the core area of the turquoise module; C: Venn diagram showing an overlap between the protein–protein interaction hub and gene signature/module membership-key genes in the turquoise module. A total of 41 real hub genes finally selected for further analyses. 
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Figure 4 Construction of a prognostic predictive model using real hub genes. A: Area under the curve measurement performed to select the optimal candidate genes for the scoring system construction; B: Receiver operating characteristic curve showing the prediction efficiency of the scoring system in the training, test, and all dataset; C: Risk-score served as an independent risk factor in predicting patients’ survival; D and E: Development of nomograms and calibration curves for prognosis in the total dataset.
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Figure 5 Expression and survival curve of 11 genes in The Cancer Genome Atlas dataset and the validation of the 11 genes’ expression by immunohistochemistry and quantitative real-time polymerase chain reaction analyses. A: Expression of 11 genes in The Cancer Genome Atlas (TCGA) dataset; B: Correlation of 11 genes and the survival rate in the TCGA dataset; C: Expression profile of 11 genes in tumor tissues obtained from the Protein Atlas database; D: Quantitative real-time polymerase chain reaction analysis indicating the expression of 11 genes in lung cancer cell lines when compared with that in normal lung bronchial cells. aP < 0.05, bP < 0.01. 

Table 1 Sequence of polymerase chain reaction primers used in this study
	Gene
	Forward primer sequence (5’-3’)
	Reverse primer sequence (5’-3’)

	CCNB2
	CCGACGGTGTCCAGTGATTT
	TGTTGTTTTGGTGGGTTGAACT

	CDC20
	GCACAGTTCGCGTTCGAGA
	CTGGATTTGCCAGGAGTTCGG	

	CENPO
	AGTGAGCAGATCCCGTAAACA
	GGTTGGGTTCTACATTGGCAATA

	FOXM1
	CGTCGGCCACTGATTCTCAAA
	GGCAGGGGATCTCTTAGGTTC

	HJURP
	CCACGCTGACCTACGAGAC
	CTCACCGCTTTTTGAATCGGC

	GADPH
	ACAACTTTGGTATCGTGGAAGG
	GCCATCACGCCACAGTTTC

	NEK2
	TGCTTCGTGAACTGAAACATCC
	CCAGAGTCAACTGAGTCATCACT

	OIP5
	TGAGAGGGCGATTGACCAAG
	AGCACTGCGTGACACTGTG

	PLK1
	AAAGAGATCCCGGAGGTCCTA
	GGCTGCGGTGAATGGATATTTC

	PRC1
	ATCACCTTCGGGAAATATGGGA
	TCTTTCTGACAGACGGATATGCT

	SKA1
	CCTGAACCCGTAAAGAAGCCT
	TCATGTACGAAGGAACACCATTG

	UBE2C
	GACCTGAGGTATAAGCTCTCGC
		TTACCCTGGGTGTCCACGTT
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