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Background: Lung cancer is the second most common cancer and the main leading cause of cancer-associated death worldwide. Non-small cell lung cancer (NSCLC) accounts for about 85% of lung cancer diagnoses and more than 50% of all lung cancer cases are diagnosed at an advanced stage; hence have poor prognosis. Therefore, it is important to diagnose NSCLC patients reliably and as early as possible in order to reduce the risk of mortality.
Methods: We identified blood-based gene markers for early NSCLC by performing a multi-omics approach utilizing integrated analysis of global gene expression and copy number alterations of NSCLC patients using array-based techniques. We also validated the diagnostic and the prognostic potential of the gene signature using independent datasets with detailed clinical information.
Results: We identified 12 genes that are significantly expressed in NSCLC patients’ blood, at the earliest stages of the disease, and associated with a poor disease outcome. We then validated 12-gene signature’s diagnostic and prognostic value using independent datasets of gene expression profiling of over 1000 NSCLC patients. Indeed, 12-gene signature predicted disease outcome independently of other clinical factors in multivariate regression analysis (HR = 2.64, 95% CI = 1.72–4.07; p = 1.3 × 10−8). Significantly altered functions, pathways, and gene networks revealed alterations in several key genes and cancer-related pathways that may have importance for NSCLC transformation, including FAM83A, ZNF696, UBE2C, RECK, TIMM50, GEMIN7, and XPO5.
Conclusion: Our findings suggest that integrated genomic and network analyses may provide a reliable approach to identify genes that are associated with NSCLC, and lead to improved diagnosis detecting the disease in early stages in patients’ blood instead of using invasive techniques and also have prognostic potential for discriminating high-risk patients from the low-risk ones.
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INTRODUCTION
Despite the advances in cancer therapies and raising awareness, lung cancer continues to be one of the most malignant tumors. It is the second most common cancer and the leading cause of cancer-related death worldwide (Bray et al., 2018). Non-small-cell lung carcinoma (NSCLC) is responsible for about 85% of lung cancers (Santarpia et al., 2015). The poor outcome of many NSCLC patients stems from the fact that many are diagnosed after their cancer has developed into advanced stages (Xie and Xie, 2019; Chen et al., 2020), further indicating the necessity of identifying NSCLC at an early stage for maximizing patient survival.
Recent genomic studies have shown that changes in gene expression and copy number variants (CNVs) have been associated with human diseases, including cancer (Colak et al., 2010; Colak et al., 2013), and identified potential biomarkers for the disease using RNA- or DNA-based approaches (Jabs et al., 2017; Chakraborty et al., 2018). Previous studies also indicated that integrated genomic and network-based analysis may lead to reliable biomarkers for human diseases (Jinhua Sheng et al., 2011; Colak et al., 2013; Al-Harazi et al., 2016; Chakraborty et al., 2018). However, most of the identified biomarkers requires invasive procedures or not able to diagnose the early NSCLC.
The aim of this study is to identify a blood-based gene signature potentially be involved in development of early stage of the disease and have a prognostic value. We performed integrated analysis of transcriptomic and genomic data to identify blood markers with diagnostic and prognostic potential in early NSCLC and validated its significance using over 1000 NSCLC patients from multiple independent genomic datasets with clinical data. The identified gene markers may improve the detection of diseases and help to develop therapeutic strategies.
MATERIALS AND METHODS
Data Collection and the Integrated Analysis
Whole-genome gene expression and copy number alterations (CNAs) datasets for 190 NSCLC patients were obtained from publicly available databases within NCBI GEO (www.ncbi.nlm.nih.gov/geo) (GSE37745 and GSE76730). These datasets were then analyzed as previously described (Jabs et al., 2017). Moreover, data for blood samples for lung cancer patients (n = 3) and controls (n = 3) were gathered from a publicly available database (GSE69732). Furthermore, we downloaded RNAseq dataset for NSCLC patients from The Cancer Genome Atlas (TCGA) that contains 576 samples (n = 517 tumor, 279 of which are with Stage 1 and 59 normal samples). We compared the transcriptome of early stage NSCLC (n = 279) with normal (n = 59) samples and identified the differentially expressed genes (DEGs). The DEGs were identified using Analysis of Variance (ANOVA) with adjusted p-value of <0.05 and absolute fold change (FC) ≥ 1.5. The p values were adjusted for multiple comparisons by false discovery rate (FDR) according to Benjamini–Hochberg step-up procedure (Benjamini and Hochberg, 1995). The integrated analysis was performed using the Venn diagram approach to identify the common DEGs among mRNA, CNA, early-stage NSCLC and blood gene expression datasets. We then identified genes that are significantly associated with patients’ survival by performing overall survival analysis for each gene separately on a dataset containing 1,144 lung cancer samples collected from 14 datasets (GSE4573 (Raponi et al., 2006), GSE14814 (Zhu et al., 2010), GSE8894 (Lee et al., 2008), GSE19188 (Hou et al., 2010), GSE3141 (Bild et al., 2006), GSE31210 (Yamauchi et al., 2012), GSE29013 (Xie et al., 2011), GSE37745 (Botling et al., 2013), caArray (Director’s Challenge Consortium for the Molecular Classification of Lung Adenocarcinoma et al., 2008), and TCGA (Cancer Genome Atlas Research Network, 2012)) (Győrffy et al., 2013). Figure 1 illustrates our methodology.
[image: Figure 1]FIGURE 1 | Schematic flowchart illustrating the methodology.
Validation of the Diagnostic Value of the Gene Signature
For validating the diagnostic value of our gene signature, we used a TCGA dataset (n = 576) and an independent dataset from ArrayExpress (E-MTAB-5231). The independent dataset consists of 22 NSCLC samples and 17 normal adjacent controls. We performed unsupervised principal component analysis (PCA) and two-dimensional hierarchical clustering using PARTEK Genomics Suite (Partek Inc., St. Louis, MO, United States) for each dataset separately. Functional, pathway, and gene interaction network analyses of the gene signature were performed using QIAGEN’s Ingenuity Pathway Analysis (IPA®, QIAGEN Redwood City).
Gene Ontology Enrichment, Pathway, and Gene Network Analyses
Gene ontology (GO) enrichment, pathway, and gene interaction network analyses were performed using (QIAGEN Inc., https://www.qiagenbioinformatics.com/products/ingenuity-pathway-analysis) and Database for Annotation, Visualization and Integrated Discovery (DAVID) (Dennis et al., 2003). We mapped the NSCLC-associated gene signature to its corresponding gene object in the Ingenuity pathway knowledge base and constructed the gene interaction networks. A right-tailed Fisher’s exact test was used to calculate a p-value determining the probability that the biological function (or pathway) assigned to the data set is explained by chance alone (Colak et al., 2020).
Survival, Multivariate Analyses and NSCLC 12-Gene Classifier
Univariate and multivariate Cox regression analyses were used to assess our gene signature’s prognostic significance together with other clinical variables. We performed overall (OS) and progression free (PFS) survival on 1144 and 596 tumor samples, respectively. We calculated a 12-gene signature expression score for each patient that is average expression of up-regulated genes-average expression of down-regulated genes. We then used the median as the cutoff value for classifying patients into high and low risk groups. Survival curves were then plotted using the Kaplan-Meier method, and significance between survival curves was calculated by the log-rank test. In addition, multivariate analysis was performed using our 12-geneset taking histology (adenocarcinoma and squamous cell carcinoma), gender, and smoking history as covariates. A p-value < 0.05 was considered statistically significant.
Furthermore, we designed an NSCLC classifier using our 12-gene signature using several machine learning algorithms such as K-Nearest Neighbor, Linear Discriminant Analysis, Quadratic Discriminant Analysis, Nearest Centroid, and Support Vector Machine (SVM). We estimated the classification performance on TCGA with 10-fold cross validation. We utilized standardized gene expression levels of the 12-gene signature as feature values. Accuracy, specificity, sensitivity, and area under curve (AUC) were used statistics measures, as described previously (Al-Harazi et al., 2021a; Al-Harazi et al., 2021b). The Nearest Centroid algorithm with proportional prior probability has outperformed other algorithms. The analyses were performed using PARTEK Genomics Suite (Partek Inc., St. Lois, MO, United States).
RESULTS
Identification of a Blood-Based Gene Signature for Early Stage Lung Cancer
We performed an integrated genomic analysis using four different transcriptomic and genomic datasets for human NSCLC. The analysis of transcriptomic and copy number alterations (CNAs) datasets (GSE37745 and GSE76730; 190 NSCLC) revealed 2,280 significantly expressed genes with copy number alterations (Jabs et al., 2017) (Figure 1). The analysis of whole-genome gene expression profiling of early stage NSCLC (n = 279) with normal (n = 59) samples revealed 7,337 genes (adjusted p-value <0.05 and fold change (FC) ≥ 1.5). Moreover, comparison of tumor transcriptome from patients’ blood with that of from normal controls resulted in 728 genes. We used Venn diagram approach to identify the common DEGs among mRNA, CNA, early-stage NSCLC and blood gene expression datasets that revealed 21 genes that are in common among all datasets (Figure 1). We then identified 12 genes (Table 1), defined as “12-gene signature,” that are significantly associated with patients’ survival by performing survival analysis of over 1,000 lung cancer samples (Figure 1).
TABLE 1 | List of 12-gene signature that is identified in this study.
[image: Table 1]Diagnostic and Prognostic Significance of the 12-Gene Signature
To test the diagnostic value of the 12-gene list, we performed unsupervised two-dimensional hierarchical clustering and principal component analyses (PCA) on two datasets (TCGA, n = 576 and E-MTAB-5231, n = 39 samples). The unsupervised PCA and the two-dimensional hierarchical clustering clearly distinguished patients from normal control samples in both datasets (Figure 2).
[image: Figure 2]FIGURE 2 | Two-dimensional hierarchical clustering using our gene signature clearly separated patients from normal controls in (A) TCGA (n = 576) and (C) E-MTAB-5231 (n = 39), respectively. The hierarchical clustering revealed two main clusters, one mainly composed of tumors and another composed of normal controls. Samples are denoted in columns and genes are denoted in rows. Unsupervised PCA for (B) TCGA (n = 576) and (D) E-MTAB-5231 (n = 39). Red indicates tumor and blue denotes normal samples.
We confirmed the prognostic significance of our blood-based gene signature for overall as well as recurrence-free survival using a dataset with detailed clinical data from over 1000 NSCLC patients. The analysis demonstrated that high expression score based on 12-genes are significantly associated with poor disease outcome (Figures 3A,B). The 12-gene signature separated the patients into high risk and low-risk groups. Patients in the high-risk group had a significantly worse prognosis than the low-risk group with p-value < 1 × 10−16 (Figure 3). Patients in the high-risk group were more than twice likely to die from the disease than those in the low-risk group (Figure 3A). Similarly, the progression-free survival also showed that patients in the high-risk group had a poorer progression-free survival than patients in the low-risk group (Figure 3B).
[image: Figure 3]FIGURE 3 | Prognostic significance of the 12-gene signature. (A) Overall and (B) progression free survival (PFS) analysis using NSCLC tumor samples (n = 1,144 samples). (C) Multivariate analysis using histology (adenocarcinoma and squamous cell carcinoma), gender, and smoking history as covariates. (D) Classification results of our gene signature using nearest centroid with proportional prior probability algorithm.
Moreover, the multivariate analyses indicated that our 12-gene signature is prognosticating the outcome of the disease independent of other clinic-pathological variables, such as histology, smoking history, and gender (HR = 2.64, 95% CI = 1.72–4.07; p-value = 1.3 × 10−8) (Figure 3C). Furthermore, we designed the 12-gene classifier using nearest centroid with proportional prior probability algorithm that provided over 99% accuracy in classifying samples as tumors or normal controls (Figure 3D).
Validation in Blood and Functional and Network Analyses
The expression of 12-gene in blood samples from patients and healthy controls (GSE69732) were compared that revealed that 12-gene signature score is significantly higher in tumor compared to normal (p-value = 0.002, Figure 4A). Functional and gene network analyses of the gene signature were performed using IPA which indicated that 12 genes were significantly associated with cancer, cell cycle, cellular movement, molecular transport, RNA trafficking, cell morphology, organ development, and tumor morphology (Figure 4B). Moreover, gene interaction networks revealed several key genes and cancer-related pathways that may role for early NSCLC transformation and disease progression, including FAM83A, ZNF696, UBE2C, RECK, TIMM50, GEMIN7, and XPO5 (Figure 4C).
[image: Figure 4]FIGURE 4 | (A) mRNA gene expression of 12-gene signature score in blood from tumor vs. normal. (B) Gene ontology and functional analysis of the 12-gene signature. X-axis represents the significance (–log10 (p-value)) of the functional term. p-value of 0.05 is indicated as the threshold line in the figure (C) Gene interaction network analyses of the 12-gene signature. Red/green indicates higher/lower expression in NSCLC compared to controls. Straight lines are for direct interactions and dashed lines for indirect ones.
DISCUSSION
In this study, we sought to identify blood-based biomarkers with diagnostic and prognostic potential for early lung cancer using integrated analysis of multiple high dimensional independent datasets of transcriptomic and genomic datasets that detect the disease in early stages in patients’ biological fluids rather than using invasive techniques.
We identified 12-gene signature using integrated omics approach and validated its diagnostic and prognostic significance for overall and recurrence-free survival using data from over 1000 lung cancer patients’ samples with detailed clinical data. The analysis demonstrated that high 12-gene signature score was significantly associated with poor disease outcome. Previous studies reported that the integrated analysis of transcriptomic and genomic data may lead to reliable biomarkers that are more robust in disease classification and may have role in tumorigenesis (Colak et al., 2010; Al-Harazi et al., 2016; Chakraborty et al., 2018; Al-Harazi et al., 2021b). Indeed, several potential cancer driver genes that are involved in tumor initiation and progression have been identified using this approach (Colak et al., 2010; Colak et al., 2013; Ohshima et al., 2017).
Functional, pathway, and gene network analyses revealed significant biological functions, including cancer, cell cycle, cellular movement, molecular transport, and RNA trafficking, as well as several key genes and cancer-related pathways that may have importance for NSCLC transformation, including FAM83A, ZNF696, UBE2C, RECK, TIMM50, GEMIN7, and XPO5. Indeed, some of the identified genes were reported to be associated with cancers, including lung cancer. For example, FAM83A was found to be highly expressed in lung tumors (Li et al., 2015; Snijders et al., 2017). RECK is downregulated in esophageal squamous cell carcinoma (ESCC) and associated with a poor survival in ESCC (Zhu et al., 2017). The UBE2C gene is overexpressed in different types of cancers and considered a new target for cancers therapies (Dastsooz et al., 2019). Moreover, we used a machine learning algorithm to develop a model using our 12-gene signature for performing classification and tested its classification accuracy using over 500 lung cancer patients’ data that resulted in 99% prediction accuracy.
In conclusion, the 12-gene signature that we identified in this study reveals several genes and pathways that may be essential for early NSCLC transformation and progression and has potential to detect the disease in patients’ blood instead of utilizing invasive techniques. The integrated omics and network analyses may lead to robust biomarkers for the detection of early lung cancer and may lead to improved diagnosis, prognosis and therapeutic options.
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