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Editorial on the Research Topic 
Recent advances in the molecular genetics and precision medicine of lung carcinoma


The goal of this Research Topic is to elucidate the latest research in lung cancer genomics and clinical advances. Lung Carcinoma is the second most common cancer worldwide, with more than 2.2 million cases recorded globally in the year 2020, as well as 1.8 million deaths. It is the most common cancer in men and the second most common cancer in women, with an estimated lifetime risk of developing the disease of 1 in 15 for men and 1 in 17 for women. Whilst being the most prevalent cancer, it is important to note that smoking is the single biggest risk factor for developing lung cancer, with over 70% of cases being estimated to have been caused by tobacco smoke, and excessive smoking potentially leading to as much as a 25-fold increase in the likelihood of the disease developing. Recent advances in sequencing technology, computational approaches, and our biological understanding of lung cancer have revolutionized how we diagnose, prognosticate, and treat lung carcinoma. Genetic studies into this disease have revealed a plethora of information which can be used to combat the cancer, such as novel biomarkers and gene signatures, as well as opening the door to more of a “personalized medicine” approach.
We hope that this Research Topic will inform, inspire, and provide guidance to researchers in the field. Here is an overview of the issues presented in this Research Topic.
The clinical significance of ferroptosis in lung adenocarcinoma (LUAD) was investigated by Ren et al. They constructed a 15-gene prognostic signature predicting overall survival based on ferroptosis-related in The Cancer Genome Atlas (TCGA)-LUAD cohort. Functional analysis revealed that ferroptosis was closely related to cell cycle, cell metabolism, and immune pathways. This signature also acts as a regulator modulating drug resistance, tumor microenvironment infiltration, and cancer stemness. Furthermore, genes in this signature were screened as potential novel immunotherapy biomarkers targets for further research as their biological functions in ferroptosis were consistent with their prognostic significance. In another related study, Chai et al. studied ferroptosis antitumor immune responses in LUAD. They identified 38 ferroptosis-related (FRGs) and 429 immune-related (IRGs) differentially expressed genes between tumor and normal samples and developed Lasso-penalized Cox regression risk score formulas for them. The correlation between FRGs and IRGs was evaluated using the TIMER database. The outcome indicated that the development of ferroptosis was synergistic with that of anti-tumor immunity which may be useful for future investigation of prognostic value and therapeutic potential related to ferroptosis and tumor immunity in LUAD. Zhang et al. also studied Fanconi anemia group D2 (FANCD2) which is a ferroptosis-related gene crucial for DNA damage repair and negative ferroptosis regulation. They evaluated FANCD2’s association with ferroptosis and immune infiltration in LUAD using transcriptome sequencing data, clinical information, and immunohistochemistry data were collected from the TCGA, GEO, and HPA databases, respectively, for three independent cohorts. Univariate and multivariate analyses were used to assess the correlations between FANCD2 expression and overall survival or clinicopathological parameters. Their analysis revealed that FANCD2 expression levels were significantly related to tumor-infiltrating immune cells and their matching gene signatures, including CD8+ T cells, natural killer (NK) cells, dendritic cells (DC), and Th2 cells in cases of LUAD and that FANCD2 is a crucial molecule underlying the synergistic effects of ferroptosis and immunotherapy for Patients with LUAD.
Chen et al. investigated the diagnosis and prognosis roles of DNASE1L3 gene in LUAD. They reported that low DNASE1L3 expression was significantly associated with higher pathological stages, T stages, and poor prognosis in LUAD cohorts and indicated that the mRNA level of DNASE1L3 was positively correlated with the infiltration of various immune cells, immune checkpoints in LUAD, especially with some m6A methylation regulators. Moreover, they reported that DNASE1L3 was positively related to G protein-coupled receptor ligand biding and G alpha (i) signaling events. Another study conducted by Zhao et al. aimed to identify the key intercellular communication-associated genes (ICAGs) in LUAD. They identified prognosis-related ICAGs and developed a risk score by using survival analysis in TCGA-LUAD. Machine learning models were then trained to predict LUAD recurrence based on the selected ICAGs and clinical information as well as comprehensive analyses on ICAGs and tumor microenvironment. The model achieved a remarkable area under receiver operator characteristic curves of 0.841. DNA replication and cell cycle were significantly enriched by the differentially expressed genes between the high- and the low-risk groups according to their risk scores. The study identified eight key ICAGs in LUAD, which could contribute to patient stratification and act as novel therapeutic targets.
The PD-1/PD-L1 inhibitors, widely used in clinical trial, showed a low response rate and were effective for only a small number of cancer patients. Mao et al. investigated the low response rate of PD-1/PD-L1 inhibitors immunotherapy. They performed ssGSEA and unsupervised clustering analysis to identify clusters according to different immune cell infiltration status, prognosis, and biological action. One cluster showed a better survival rate, higher immune cell infiltration, and immunotherapy effect, with enrichment of a variety of immune active pathways including T and B cell signal receptors. Their analysis suggested that there were six genes with KLRC3 as the core which can efficiently improve immunotherapy responses with greater efficacy and better prognosis.
There is accumulating evidence that long noncoding RNAs (lncRNAs) are playing critical role in predicting the prognosis and immune response in carcinoma including LUAD. Using cooexpression analysis in LUAD patients, Peng et al. identified mitochondrial homeostasis–related lncRNAs (MHRlncRNAs) and mitochondrial homeostasis–related lncRNA signature (MHLncSig) as an independent predictive factor of prognosis. The study further investigated the underlying tumor microenvironment, tumor mutation burden, and immune landscape behind different risk groups and suggested that MHLncSig may be a promising tool for predicting the prognosis and guiding individualized treatment in LUAD. The lncRNAs are also investigated in lung squamous cell carcinoma (LUSC) by Huan et al. They screened the TCGA-LUSC samples and constructed a 5-lncRNA-based signature, combining lncRNA and traditional clinical indicators for prognosis prediction. The signature was significantly related to chemotherapy response, especially in cisplatin, vinorelbine, and paclitaxel. The enrichment analysis indicated that co-expression mRNAs of the 5 lncRNAs were mainly focused on RNA splicing, DNA replication, and protein serine/threonine kinase activity. Functional assays also demonstrated regulated invasion, migration, proliferation, and programmed death in vitro. They concluded that the 5-lncRNA-based signature has a good performance in predicting immune characteristics and prognosis of LUSC patients. On another related study, Zhang et al. investigated the interactions between ferroptosis and lncRNAs for LUSC, and its impact on tumor immune microenvironment. They identified a ferroptosis-related lncRNAs signature (FerRLSig) for LUSC prognosis and evaluated its correlation to tumor immune evasion. Based on the FerRLSig stratification, the high-risk group demonstrated significantly higher immune infiltration, as well as more severe T cell dysfunction and immune evasion, which might ultimately lead to the resistance to current immune checkpoint inhibitors. Tetik Vardarlı et al. evaluated whether lncRNAs obtained from exhaled breath condensate (EBC) samples play a role in the occurrence of metastasis in the diagnosis and follow-up of patients with advanced LUAD. They observed lncRNAs HOTAIR, PVT1, NEAT1, and MALAT1 expression levels were significantly higher than those in healthy controls. They proposed that EBC can be used as an innovative and easily reproducible approach for predicting the development of metastases, molecular diagnosis, and follow-up of lung cancer.
Tang and Guo studied dysregulation of the ubiquitin-proteasome system (UPS) that can lead to instability in the cell cycle and may act as a crucial factor in both tumorigenesis and tumor progression. They retrospectively evaluated a total of 703 LUAD patients through multivariate Cox and Lasso regression analyses, and developed an eight-UPSG signature, including ARIH2, FBXO9, KRT8, MYLIP, PSMD2, RNF180, TRIM28, and UBE2V2 as a novel prognostic predictor for LUAD. On another study, Wang et al. employed ssGSA, WGCNA, univariable and LASSO Cox regression analyses of LUAD patients to build a fatty acid-related risk score (FARS) model. They established a nomogram based on the FARS and other clinicopathological features and used ROC and calibration plots were used to validate the prediction accuracy. The tumor microenvironment (TME) of patients with high and low FARS was compared. And a total of 38 genes were identified to be independently related to the survival outcome and put into a FARS model. High FARS patients exhibited significantly worse OS. Patients with high FARS can potentially benefit more from anti-PD1/PDL1 immunotherapy.
Zhao and Lu investigated clinical significance and prognostic and immunological function of 26S proteasome non-ATPase regulatory subunit 2 (PSMD2) in TCGA-LUAD. They conducted PSMD2-related immune infiltration analysis and tumor-Immune system interaction database (TISIDB) to verify the correlation between PSMD2 expression and tumor-infiltrating lymphocytes (TILs). They observed that both mRNA and protein expression of PSMD2 were significantly elevated in LUAD. High expression of PSMD2 was significantly correlated with high T stage, lymph node metastases, and TNM stage. The genetic mutation of PSMD2 was also correlated with poor overall survival, disease-specific survival, and progression-free survival in LUAD. Functional enrichment suggested PSMD2 expression was involved in the cell cycle, RNA transport, and cellular senescence suggesting that PSMD2 is a potential biomarker for poor prognosis and immune therapeutic target in LUAD.
Abnormal chromosome segregation regulators (CSRs) is a common hallmark of cancer. Li et al. studied the specific predictive value of it in LUAD. They performed unsupervised clustering to identify the distinguishing clusters in LUAD patients based on the expression of CSRs. The immune environment estimation, including immune cell infiltration, HLA family genes, immune checkpoint genes, and tumor immune dysfunction and exclusion (TIDE), was then assessed between the clusters. Cell cycle and chromosome segregation regulated genes were enriched in cluster 1, while metabolism regulated genes were enriched in cluster 2. Patients in cluster 2 illustrated a higher score of immune, stroma, and HLA family components, while those in cluster 1 had higher scores of TIDES and immune checkpoint genes. They concluded that the CSRs were correlated with the poor prognosis and the possible immunotherapy resistance in LUAD.
Pyroptosis is a highly inflammatory mode of regulated cell death and essential for the remodeling of tumor immune microenvironment and suppression of tumor development. Zhang and Liu studied pyroptosis-related gene polymorphisms in non-small cell lung cancer (NSCLC). They genotyped six SNPs in the GSDMB, GSDMC, and AIM2 in 650 NSCLC cases and 650 healthy controls using a MassARRAY platform. Their findings showed associations with risk of NSCLC and provided new insights into the roles of pyroptosis-related genes as new factors for assessing the risk of development of NSCLC. In another study, Zhou et al. aimed to elucidate the relationship between genomic alteration and pseudoprogression (PsPD)/hyperprogressive disease (HPD) in immunotherapy-treated advanced NSCLC and to provide clinical evidence for distinguishing between PsPD and HPD. They selected patients with advanced NSCLC who were treated with anti-PD1 and performed Whole blood next-generation sequencing analysis (NGS). They reported the gene mutation profiling of PsPD and HPD differed before treatment. They indicated true disease progression in patients with HPD and suggesting dynamic whole-genome mutation profiling can distinguish PsPD from HPD more effectively and it can potentially be used as a novel method for guiding clinical immune treatment.
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It is reported that ferroptosis has close relation with tumorigenesis and drug resistance. However, the clinical significance of ferroptosis in lung adenocarcinoma (LUAD) remains elusive, and the potential targets for ferroptosis-based treatment are limited. In this study, we constructed a 15-gene prognostic signature predicting overall survival based on ferroptosis-related genes (ferroptosis driver genes VDAC2, GLS2, FLT3, TLR4, PHKG2, phosphogluconate dehydrogenase (PGD), PANX1, KRAS, PEBP1, ALOX15, and ALOX12B, and suppressor genes ACSL3, CISD1, FANCD2, and SLC3A2) in The Cancer Genome Atlas (TCGA)-LUAD cohort. The signature’s predictive ability was validated in the GSE68465 and GSE72094 cohorts by survival analysis and independent prognostic analysis with clinical features. Nomograms were provided for clinical reference. Functional analysis revealed that ferroptosis was closely related to cell cycle, cell metabolism, and immune pathways. Pan-cancer analysis comprehensively analyzed these 15 genes in 33 cancer types, indicating that the heterogeneity of 15 genes was evident across different cancer types. Besides, these genes were critical regulators modulating drug resistance, tumor microenvironment infiltration, and cancer stemness. Then, we screened 10 genes (TLR4, PHKG2, PEBP1, GLS2, FLT3, ALOX15, ACSL3, CISD1, FANCD2, and SLC3A2) as potential targets for further research because their biological functions in ferroptosis were consistent with their prognostic significance. Somatic mutation and copy number variation analysis revealed that the alteration rates of KRAS, PGD, and ALOX15 were more than 1% and significantly associated with overall survival in LUAD. Moreover, the expression of KRAS and PGD was positively related to tumor mutation burden, indicating that KRAS and PGD could serve as novel biomarkers for predicting immunotherapy response rate. Our study identified and validated a ferroptosis-related gene signature for LUAD, provided a 10-gene set for future research, and screened KRAS and PGD as potential novel immunotherapy biomarkers.

Keywords: ferroptosis, lung adenocarcinoma, prognosis, tumor immune microenvironment, drug resistance, somatic mutation, copy number variation, somatic mutation
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GRAPHICAL ABSTRACT. Ferroptosis genes in lung adenocarcinoma.




INTRODUCTION

Lung cancer would cause 2.1 million new cases and 1.8 million deaths in 2018, as estimated (Bray et al., 2018). Lung adenocarcinoma (LUAD), one of the non-small cell lung carcinomas (NSCLCs), comprises ∼50% of lung cancer reported cases and shows a continuous upward trend (Imielinski et al., 2012; Kinoshita et al., 2016). Because of the occult nature of early LUAD, most patients are diagnosed with advanced stage or distant metastasis has occurred, losing the opportunity for surgery (Kocher et al., 2015; Siegel et al., 2018). Although some novel regimens such as immune therapy were developed, the 5-year survival rate varies from 4 to 17% (Hirsch et al., 2017). Therefore, exploring novel prognostic signatures and treatment targets will be beneficial.

Ferroptosis is a newly discovered programmed cell death form, promoting reactive oxygen species (ROS) accumulation by glutathione (GSH) consumption and glutathione peroxidase 4 (GPX4) inactivation, which results in subsequent cell death (Xie et al., 2016; Stockwell et al., 2017). Latest studies have demonstrated that ferroptosis impacts cell metabolism, redox state, degenerative diseases, and ischemic reperfusion injury (Stockwell et al., 2017). As for cancers, first, ferroptosis has close relation with the malignant progression of various cancer types (Torti et al., 2018; Mou et al., 2019). The genes that regulate iron metabolisms, such as NFS1 (NFS1 cysteine desulfurase) (Alvarez et al., 2017) and CISD1 (CDGSH iron–sulfur domain 1) (Yuan et al., 2016), may become novel targets for tumor-targeted therapy. Second, ferroptosis can reverse the patients’ chemoradiotherapy resistance. Roh et al. found that cisplatin can promote head and neck cancer cell ferroptosis without significant necrosis and apoptosis changes (Roh et al., 2016). Lei et al. (2020) reported that cancer cells were more sensitive to radiotherapy after the inhibition of SLC7A11 and GPX4. Third, tumor immunotherapy has been extensively developed, especially the appearance of immune checkpoint inhibitors. Wang et al. (2019b) discovered that after implementing the immune checkpoint inhibitor, the ferroptosis-specific lipid peroxidation was significantly increased. After blocking the ferroptosis process, the sensitivity to immunotherapy was significantly reduced, indicating that the combination of immunotherapy and inducing ferroptosis treatment is promising (Wang et al., 2019b).

The inhibition of ferroptosis in lung cancer has gained meaningful evidence. Compared with other tissues, lung tissue is in an environment with high oxygen concentration (Valavanidis et al., 2013). This unique environment makes lung tissues need to withstand much oxidative pressure (Sunnetcioglu et al., 2016; Zalewska-Ziob et al., 2019). Therefore, to avoid the facilitated and enhanced ferroptosis during the transformation process, lung cancer cells take various measures to increase the induction threshold of ferroptosis, which leads to the low occurrence of ferroptosis, including upregulation of GSH synthesis (Ji et al., 2018), reductions in iron (Kukulj et al., 2010), inhibition of lipid synthesis (Jiang et al., 2017), compensating the missing enzymatic system GPX4 (Bersuker et al., 2019), and some others (Wang et al., 2019a). Novel regimens for lung cancer based on promoting ferroptosis have also been proposed. Villalpando-Rodriguez confirmed combined use of siramesine and lapatinib could induce ferroptosis in lung cancer cells by inhibiting heme oxygenase-1 (HO-1) expression (Villalpando-Rodriguez et al., 2019). However, the clinical significance of ferroptosis in LUAD remains elusive, and the potential targets for ferroptosis treatment are limited.

We established a novel ferroptosis-related 15-gene prognostic signature in The Cancer Genome Atlas (TCGA)-LUAD cohort and validated it in the GSE68465 and GSE72094. Survival analysis and independent prognostic analysis acted mutually to examine the reliability of our signature. Then, we constructed our prognostic signature nomogram to provide a clinical reference for clinicians. Furthermore, functional analysis revealed the relationship between ferroptosis and cell cycle, cell metabolism, and immune response. The pan-cancer analysis provided a comprehensive and systematic characterization of these 15 genes in all 33 cancer types. The results showed that these genes had a close relationship with tumor immunity, drug resistance, tumor microenvironment (TME) infiltration, and cancer stemness, providing new insights for ferroptosis in tumor behavior. Among these 15 genes, 10 genes could be potential treatment targets for basic researches in LUAD because their biological functions in the process of ferroptosis were consistent with their prognostic significance. We performed mutation analysis to explore the alteration and function of these 15 genes in tumor development at the level of genomics. To conclude, our study identified and validated a ferroptosis-related gene (FRG) signature for LUAD, provided a 10-gene set for future research, and screened KRAS and phosphogluconate dehydrogenase (PGD) as potential novel immunotherapy biomarkers.



MATERIALS AND METHODS


Data Collection

Preprocessed RNA-sequencing (RNA-seq) by fragments per kilobase of exon model per million mapped fragments (FPKM) normalization was downloaded from the TCGA database1 LUAD project, including 535 tumor samples and 59 normal samples. The corresponding clinical data were also retrieved from the LUAD project, including 500 patients [13 excluded due to lack of overall survival (OS) and 2 excluded due to lack of RNA-seq] as train cohort. The normalized series matrixes of two total-RNA microarrays, GSE68465 (443 tumor samples and 19 normal samples)2 and GSE72094 (442 tumor samples),3 were retrieved from the Gene Expression Omnibus (GEO) database (Shedden et al., 2008; Schabath et al., 2016). The corresponding clinical data were also retrieved (GSE68465: 442 patients; GSE72094: 398 patients). The RNA-seq of TCGA and series matrixes of GSE68465 and GSE72094 were processed by “log2(normalized gene expression + 1).” All data analyzed in this study were publicly accessible. No ethics committee approval was required. The policies and publication guidelines of the TCGA and GEO databases were strictly followed.

Then, we searched the ferroptosis database, FerrDb,4 to download the FRGs (Zhou and Bao, 2020). A total of 173 FRGs (108 driven genes and 69 suppressors genes, 4 were overlapped) were retrieved and provided in Supplementary Table 1.



Construction and Validation of the Model

We utilized the function “Wilcox.test” of R package “limma” to extract the ferroptosis-related differentially expressed genes (FRDEGs) between tumor and normal tissues by Mann–Whitney test. Then, we executed the univariate Cox regression to detect the prognostic significance of all FRGs based on OS in the TCGA cohort. Then, the FRDEGs and prognostic FRGs were intersected. The overlapped genes were named prognostic FRDEGs. An online protein–protein interaction (PPI) database, STRING (Search Tool for the Retrieval of Interacting Genes) (version 11.0), was used to plot the PPI network based on prognostic FRDEGs (Szklarczyk et al., 2019). The settings defaulted (network type: full network; active interaction sources: Textmining, Experiments, Database, Co-expression, Neighborhood, Gene Fusion, and Co-occurrence; minimum required interaction score: 0.4). An open-source software platform for visualizing complex networks, Cytoscape with “cytohubba,” was utilized to extract “hub genes” by calculating the hub degree of each prognostic FRDEGs (Shannon et al., 2003). “Cytohubba” is a novel Cytoscape plugin, measuring nodes by their positions in the network to predict their significance. Besides, “cytohubba” identified the crucial elements of biological networks. The topological analysis method was “Degree” (Degree(node) = | the collections of its neighbors|) (Chin et al., 2014). We extracted the nodes with a degree higher than three as “hub genes.” We calculated the Pearson correlation between each two of the prognostic FRDEGs to explore the intrinsic relationship among these genes (the cutoff Pearson correlation coefficient is 0.2). Among these prognostic FRDEGs, only protein-coding genes remained for further study. The R package “glmnet” was utilized to extract prognostic FRDEGs for further multivariate Cox regression by the LASSO (least absolute shrinkage and selection operator) algorithm to minimize overfitting. The selected prognostic FRDEGs were considered as ferroptosis-related prognostic signature genes (FRPSGs). A multivariate prognostic model was constructed by multivariate Cox regression. An online bioinformatics tool, GEPIA (Gene Expression Profiling Interactive Analysis), was used to perform survival analysis of these FRPSGs based on TCGA and GTEx data (Tang et al., 2017). Another online database, Prognoscan, was used to validate the survival analysis (Mizuno et al., 2009). The risk score was calculated with the formula: Risk score = sum {gene expression [log2(normalized gene expression + 1)] × coefficient}. Then, this model was applied in the GSE68465 and GSE72094 cohorts. We stratified patients into high- and low-risk groups by median risk score, respectively. Survival analysis between the two groups was performed by R package “surviminer” using Kaplan–Meier curve and log-rank test. Receiver operator characteristics (ROC) curve was plotted by R package “timeROC” to test the model’s predictive ability. Principal component analysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE) were performed to detect internal characteristics in these two groups by R packages “stats” and “Rtsne.” Independent analysis for risk score was performed by uni- and multivariate Cox regression. Gender, age, stage, T (tumor volume stage), N (lymph node stage), smoking history, and risk score were included in the TCGA cohort. M (metastasis stage) was excluded due to so many missing values (NA) > 30%. Gender, age, T, N, and smoking history were included in GSE68465. Gender, age, smoking history, stage, KRAS, EGFR, and TP53 mutation were included in GSE72094.



Construction of the Nomogram

We also constructed our prognostic gene signature nomogram using the R language. All the prognostic factors included in the multivariate Cox regression of the independent prognosis analysis were included in the nomograms. The calibration curve was plotted to evaluate the fitting and predictive ability of our prognostic model.



Functional Analysis

We hypothesized that the ferroptosis level was different between the high- and low-risk groups. We compared the 15 FRPSG expressions between the two groups to prove this point. To explore the potential biological processes influenced by ferroptosis between the high- and low-risk groups, we utilized the R packages “limma” to extract DEGs between high- and low-risk groups in the three cohorts for functional analysis. For TCGA cohort, function “Wilcox.test” was utilized (Mann–Whitney test) and | log2FC| ≥ 1 and adj.P (adjusted P-value) < 0.05 were set as cutoff value. In the GSE68465 cohort, functions “lmFit” and “eBayes” were utilized, and | log2FC| ≥ 0.5 and adj.P < 0.05 were set as cutoff value. In the GSE72094 cohort, functions “lmFit” and “eBayes” were utilized, and | log2FC| ≥ 0.9 and adj.P < 0.05 were set as cutoff value. Gene Ontology (GO; Ashburner et al., 2000) and Kyoto Encyclopedia of Genes and Genomes (KEGGs; Kanehisa and Goto, 2000) enrichment were performed by R package “clusterProfiler.” Single-sample gene set enrichment analysis (ssGSEA) was utilized to evaluate each group’s immune score by R package “gsva.” Mann–Whitney test was used to detect the difference between the three groups. The detailed annotation table of ssGSEA is presented in Supplementary Table 2.



Pan-Cancer Analysis of the FRPSGs

To comprehensively analyze the expression and function of FRPSGs in all cancer types, pan-cancer analysis based on TCGA pan-cancer data was conducted, which was downloaded from the Xena platform,5 including RNA-seq, clinical data, and stemness scores (Goldman et al., 2020). A total of 33 cancer types were included (the full names and abbreviations are provided in Supplementary Table 3). Expression analysis (Mann–Whitney test) and survival analysis (univariate Cox regression) of the FRPSGs were performed based on TCGA pan-cancer data. We utilized the National Cancer Institute (NCI)-606 database to perform the drug sensitivity analysis of the FRPSGs. NCI-60 is an open-access database based on nine cancer types and 60 cancer cell lines, consisting of mRNA expression level and corresponding z scores of cell sensitivity data (GI50) after drug treatment. We calculated the Pearson correlation between each FRPSG expression and the GI50 to explore the association between FRPSGs and drug sensitivity. We selected 262 Food and Drug Administration-approved drugs or drugs that are currently in clinical trials in this drug sensitivity analysis (Zhang et al., 2020). TME analysis was performed by the Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE) immune and stromal score downloaded from ESTIMATE7 (Yoshihara et al., 2013). Furthermore, to validate the FRPSGs’ immune function, the six immune subtypes were utilized to test the relation between FRPSGs and immune subtypes by analysis of variance (Thorsson et al., 2018). Malta et al. (2018) established a novel index to evaluate the cancer stemness based on one-class logistic regression machine learning algorithm (OCLR). The OCLR extracts transcriptomic (mRNA expression) and epigenetic (DNA methylation pattern) features originated from non-transformed pluripotent stem cells and their differentiated progeny. This cancer stemness feature has been widely used in the computational biological analysis (Liu et al., 2021; Wang et al., 2021). Given that ferroptosis is a crucial regulator of tumor heterogeneity (Li et al., 2021), we calculated the Spearman correlation between the cancer stemness indexes (RNA stemness score, RNAss; DNA stemness score, DNAss) and each FRPSG to explore whether FRGs influence cancer stemness (P < 0.05). Furthermore, we utilized the online bioinformatics tool, GEPIA, to explore the correlation between the ferroptosis suppressor genes in FRPSGs and two previously discovered cancer stemness cell biomarkers [CD133 (Bertolini et al., 2009) and CD44 (Leung et al., 2010)] to validate the cancer stemness analysis. The gene expression was normalized by a housekeeper gene (GAPDH) (Schmittgen and Livak, 2008).



Somatic Mutation and Copy Number Variation Analysis

To fundamentally understand the ferroptosis process during tumor development, we performed somatic mutation and copy number variation (CNV) analysis to detect the alterations of the 15 FRPSGs in LUAD. We utilized the R package ‘‘RCircos’’ to visualize the location on a chromosome and the most common CNV status of the 15 FRPSGs. We utilized an online bioinformatics tool, cBioPortal,8 to explore the alteration rate (including somatic mutation and CNV), type, and site in LUAD datasets. Genes with an alteration rate of more than 1% remained for further research. Survival analysis between the unaltered group and altered group was performed using cBioPortal by Kaplan–Meier curve and log-rank test. Genes with a statistically significant prognostic value remained for further research. We explored the association between gene expression and alteration status using cBioPortal. Tumor mutation burden (TMB) has been discovered by a previous retrospective study that showed a high correlation with response to immune checkpoint blockade therapy (Marabelle et al., 2020). We calculated the Spearman correlation between TMB status and gene expression in pan-cancer data to explore novel biomarkers for predicting immune therapy response rate. TMB status was retrieved from cBioPortal (February 6, 2021). A radar plot was presented to visualize the results using the R package “ggplot.”



Statistical Analysis

The descriptive analysis of each cohort was performed by Chi-square test, Somer’s d test, and independent-samples t-test in SPSS 26.0 (International Business Machines Corporation, Armonk, NY, United States). All the statistics, except descriptive analysis, were conducted by R language (version 4.0.3) (R Core Team, 2013). All the adj.P [or false rate discovery (FDR)] were adjusted by Benjamini–Hochberg (BH). Adj.P < 0.05 was considered as statistically significant.




RESULTS


Identification of the Prognostic FRDEGs

The research flowchart and corresponding online resources were presented in Graphical Abstract. The three cohorts’ basic characteristics are summarized in Supplementary Table 4. Among all 173 FRGs, 127 (74.0%) were FRDEGs between 535 tumor samples and 59 normal samples (80 were upregulated in tumor samples; 47 were downregulated in tumor samples). The heatmap of the FRDEGs is shown in Figure 1A. We performed the univariate Cox regression for the 173 FRGs and extracted 31 prognostic FRGs based on OS in the TCGA cohort (Figure 1B). Twenty-eight overlapping prognostic FRDEGs in FRDEGs and prognostic FRGs were acquired (Figure 1C). We utilized STRING and Cytoscape to detect the intrinsic interactions between these 28 genes. The settings defaulted (network type: full network; active interaction sources: Textmining, Experiments, Database, Co-expression, Neighborhood, Gene Fusion, and Co-occurrence; minimum required interaction score: 0.4). The PPI enrichment P-value was 8.09e-07, indicating the network has significantly more interactions than a random protein set. The PPI network (Figure 1D) selected six genes, KRAS, NRAS, FLT3, SLC7A11, TLR4, GCLC, as “hub genes” because their “Degrees” calculated by “cytohubba” were higher than 3, indicating these genes were crucial elements of this biological network. We calculated the Pearson correlation analysis between each two of the 28 prognostic FRDEGs to explore the potential interactions among these genes (Figure 1E) (the cutoff Pearson correlation coefficient was 0.2). The interrelationship between these 28 genes was complicated. For example, ACSL3 was positively related to seven genes (KRAS, FLT3, NRAS, VDAC2, GCLC, PGD, and SLC7A11) and negatively related to DPP4. These findings revealed many interactions between the gene pairs, and the regulatory mechanisms of ferroptosis in LUAD were complex.
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FIGURE 1. Extraction of prognostic FRDEGs. (A) The heatmap of FRDEGs between normal and tumor samples. (B) The forest plot of univariate Cox regression. (C) The intersection of FRDEGs and prognostic FRGs by univariate Cox regression. (D) PPI network of the 28 prognostic FRDEGs; the shade indicates the “hub” degree. (E) The correlation among the 28 prognostic FRDEGs.




Construction of the Prognostic Model

Among the 28 FRDEGs, LINC00336 was excluded because it is a long non-coding RNA. Multivariate Cox regression of the 27 FRDEGs established a 15-gene signature. The risk score was calculated using the formula: Risk score = 0.063ACSL3 + 0.224ALOX12B-0.011 ALOX15 + 0.155CISD1 + 0.104FANCD2-0.308FLT3-0.569 GLS2 + 0.066KRAS + 0.118PANX1-0.358PEBP1 + 0.010PGD-0.251PHKG2 + 0.093SLC3A2-0.176TLR4 + 0.012VDAC2 {the gene symbol means the expression of the gene [log2(normalized gene expression + 1)]}. The median value of risk score (−1.58) divided the 500 patients into two groups (250 in the high-risk group/250 in the low-risk group) (Figure 2A). The parameter selection of LASSO is presented in Supplementary Figure 1. The basic characteristics of each group are displayed in Supplementary Table 5. The high-risk group contained more male cases and a higher tumor stage. The results of the PCA and t-SNE implied these two groups had diverse trends (Figure 2B). Survival analysis between the two groups is presented in Figure 2G. Notably, the OS in the high-risk group was lower (P < 0.001). The ROC curve showed the area under the curve (AUC) reached 0.718, 0.730, and 0.721, respectively, which was acceptable (Figure 2J). The survival analysis of these 15 FRPSGs using GEPIA based on OS is presented in Supplementary Figure 2. TLR4, PHKG2, PEBP1, GLS2, FLT3, and ALOX15 were positively associated with the prognosis, and VDAC2, PGD, PANX1, KRAS, ALOX12B, ACSL3, CISD1, FANCD2, and SLC3A2 were negatively associated with the prognosis, among which VDAC2, GLS2, FLT3, TLR4, PGD, PANX1, PEBP1, ACSL3, CISD1, FANCD2, and SLC3A2 were of statistical significance. These findings were validated using the Prognoscan database (Supplementary Figure 3). A brief introduction of the 15 FRPSGs is presented in Supplementary Table 6 (Dixon et al., 2012; Kang et al., 2014; Gao et al., 2015; Song et al., 2016; Yang et al., 2016; Yuan et al., 2016; Wenzel et al., 2017; Chen et al., 2019; Magtanong et al., 2019; Su et al., 2019; Wang et al., 2019b). The expression of 15 FRPSGs in different LUAD pathological subtypes is presented in Supplementary Figure 4. The expression of 15 FRPSGs was similar in each pathological subtype, except FANCD2. FANCD2 was lowly expressed in micropapillary carcinoma and highly expressed in solid carcinoma, indicating FANCD2 could participate in pathological changes in LUAD. We also compared the expression of 15 FRPSGs in different LUAD stages (Supplementary Figure 5). We found that the three ferroptosis suppressor genes (ACSL3, CISD1, and FANCD2) were increased, and two ferroptosis driver genes (FLT3 and PHKG2) were decreased in higher-stage LUAD. However, some ferroptosis driver genes were increased in higher-stage LUAD. We hypothesized that these genes might involve other regulatory pathways of tumor behavior. For example, PGD is highly expressed in stage IV LUAD. In addition, many previous studies have demonstrated that overexpression of PGD could lead to cancer metastasis and poor prognosis through diverse mechanisms (Bechard et al., 2018; Sarfraz et al., 2020).
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FIGURE 2. The 15-gene signature in the TCGA, GSE68465, and GSE72094 cohorts. (A,C,E) The high- and low-risk groups divided by the median value of risk score and the distribution of the OS and OS status according to the risk score. (B,D,F) PCA and t-SNE analyses. PCA and t-SNE indicate the internal diversity between the two groups is obvious. (G–I) Survival analysis between the high- and low-risk groups based on OS. (J–L) ROC curve of the 15-gene signature model.




Validation on the GSE68465 and GSE72094 Cohorts

The acquired model was applied to the GSE68465 and GSE72094 cohorts. In GSE68465, 442 patients were divided into two groups (-6.88) (Figure 2C). The basic characteristics are displayed in Supplementary Table 5. The high-risk group had more males, more smokers, and a higher T/N stage. PCA and t-SNE analyses also implied these two groups have diverse trends (Figures 2D,F). OS in the high-risk group was still higher (P < 0.001) (Figure 2H). AUCs reached 0.630, 0.623, and 0.621 at 1, 2, and 3 years (Figure 2K), which were not very prominent, maybe due to the heterogeneity between the TCGA cohort and the GSE68465 cohort (the mean value of OS was 654.5 days in the TCGA and was 1410 days in the GSE68465). In the GSE72094, 398 patients were divided into two groups (-0.735) (Figure 2E). OS in the high-risk group was higher (P < 0.001) (Figure 2I). AUCs reached 0.703, 0.692, and 0.738 at 1, 2, and 3 years, which were very prominent for validation cohorts and almost the same as that in the TCGA cohort, indicating our model is robust and had an excellent predictive ability in similar cohorts [the mean value of OS was 824 days, close to that of the TCGA cohort (654.5 days)] (Figure 2L). We attributed the difference among the median risk score of the TCGA, GSE68465, and GSE72094 cohorts to the diversity between the RNA-seqs and microarrays. The median risk scores of GSE68465 (-0.688) and GSE72094 (-0.735) were similar but far from that of the TCGA cohort (-0.158), which supported our hypothesis.



Independent Prognostic Analysis

Because of the clinical data difference among the TCGA, GSE68465, and GSE72094 cohorts, the included prognostic factors for OS in the independent prognostic analysis were diverse. In the TCGA cohort, stage, T, N, age, gender, smoking history, and risk score were included. Univariate Cox regression showed stage, T, N, and the risk score are of significance (Figure 3A). Multivariate analysis selected T, N, and the risk score as prognostic factors (Figure 3B). In the GSE68465 cohort, T, N, age, gender, smoking history, and the risk score were included. The uni- and multivariate Cox regression showed that T, N, age, and risk score were statically significant (Figures 3C,D). In the GSE78094 cohort, gender, age, stage, smoking history, KRAS, EGFR, and TP53 mutation were included. The uni- and multivariate Cox regression showed that gender, stage, and risk score were statistically significant independent prognostic factors (Figures 3E,F).
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FIGURE 3. Independent prognostic analysis of the risk score and nomogram with calibration curves of the prognostic factor screened by multivariate Cox regression. (A) Univariate Cox regression of the TCGA cohort. (B) Multivariate Cox regression of the TCGA cohort. (C) Univariate Cox regression of the GSE68465 cohort. (D) Multivariate Cox regression of the GSE68465 cohort. Gender, male vs. female; smoke, all smoked vs. never smoked; Stage, high (III/IV) vs. low (I/II); T, high (3/4) vs. low (1/2); N, involved (1/2/3) vs. not involved (0); age, high (>60) vs. low (≤60); risk score, as a continuous variable. (E) Univariate Cox regression of the GSE72094 cohort. (F) Multivariate Cox regression of the GSE72094 cohort. (G) Nomogram of the TCGA cohort [due to only two patients with N3, N3 was considered as NA (missing values)]. (H) Calibration curve of the TCGA cohort.




Construction of the Nomogram

We also constructed the nomogram of our 15-gene prognostic signature for clinical reference in the TCGA cohort because RNA-seq is the most utilized gene detection method in the clinic. All the prognostic factors selected by univariate Cox regression of the independent analysis were included in the nomograms. The nomograms and calibration curves are presented in Figures 3G,H. The calibration curve indicates that the fitting and predictive ability of our model were preferable.



Functional Analyses

Given that ferroptosis is closely related to the malignant progression of various cancer types, we suspected that the ferroptosis level in the high-risk groups was lower than that in the low-risk groups. As shown in Figures 4A,B, according to the Mann–Whitney test (P < 0.05), all of the four ferroptosis suppressor genes were significantly upregulated in the high-risk groups, and most ferroptosis driver genes (6/9, 66.7%) were significantly downregulated in the high-risk groups (TCGA cohort). In addition, only three ferroptosis driver genes (KRAS, PANX1, and PGD) were significantly upregulated in the high-risk groups. Furthermore, the ferroptosis suppressor genes were also upregulated in the high-risk groups in the GSE68465 (2/2 suppressor genes were upregulated; 5/9 driver genes were downregulated) and GSE72094 (3/3 suppressor genes were upregulated; 5/8 driver genes were downloaded) cohorts (Supplementary Figures 6A,B). The detailed list of differentially expressed FRPSGs is provided in Supplementary Table 7. Therefore, we suggested that the ferroptosis level was lower in the high-risk groups. To explore the potential biological processes influenced by the ferroptosis process, we utilized the R package “limma” to extract DEGs between the high- and low-risk groups in the three cohorts. A total of 391 DEGs (147 upregulated and 244 downregulated in the high-risk group) in the TCGA cohort, 438 DEGs (285 upregulated and 153 downregulated in the high-risk group) in GSE68465, and 377 DEGs (116 upregulated and 261 downregulated in the high-risk group) between the high- and low-risk groups were extracted. Notably, 20 genes were upregulated and 20 genes were downregulated in the high-risk groups in all three cohorts. A detailed list of DEGs is provided in Supplementary Table 8. The GO and KEGG pathway enrichment indicated that the three cohorts’ DEGs were massively enriched on cell metabolism and cell cycle, which revealed the association between ferroptosis and these fundamental biological processes (Figures 4C,D and Supplementary Figures 6E–H). Given that ferroptosis is associated with tumor immunity and can influence tumor immunotherapy outcomes, it is noteworthy that several immune pathways were enriched. For example, in the TCGA cohort, the enrichment appeared on immune-related pathways (humoral immune response, etc.) in the GO database (Figure 4C) and three immune-related pathways (IL-17 signaling pathway, etc.) in the KEGG database (Figure 4D). These enriched immune-related pathways indicated that the ferroptosis process involves the development of tumor immune evasion through changing TME. Similarly, in the GSE68465 and GSE72094 cohorts, many immune-related pathways were enriched (Supplementary Figures 6E–H).
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FIGURE 4. Functional analysis between the high- and low-risk groups. (A) The heatmap of differentially expressed genes between the high- and low-risk groups. (B) The box plot of comparison of differentially expressed genes in high and low risk. (C) The bar plot and bubble plot of GO and KEGG in the TCGA cohort, GSE68465 cohort, and GSE72094 cohort. (D) The immune cell infiltrating score and immune function score in the TCGA cohort (E) and GSE68465 cohort (F). q-value, adj.P-value; ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001.


To elucidate the impact of ferroptosis on TME, we performed ssGSEA to compare the two groups’ immune scores. The results showed that dendritic cells (DCs), activated DCs (aDCs), B cells, CD8 + T cells, iDCs, neutrophils, pDCs, T helper cells, Tfh, mast cells, and TIL were significantly reduced in the high-risk group (TCGA) (Figure 4E). As for immune function pathways, HLA, T cell coinhibition, checkpoint, cytolytic activity, T cell costimulation, and type II interferon (IFN) response were reduced (TCGA) (Figure 4F). These findings strongly suggested that the low-risk group patients’ TME had a more potent antitumor effect than the high-risk group, indicating immunotherapy outcomes were better in high-risk group patients, which was consistent with previous reports (Xu et al., 2021).



Pan-Cancer Analysis

The expression of 15 FRPSGs in pan-cancer was different (Figure 5A). The expression of ALOX12B, ALOX15, FLT3, and GLS2 was deficient, and the expression of PEBP1 was the highest, indicating PEBP1 could be a promising treatment target. Spearman correlation showed that PEBP1 and FANCD2 had the highest correlation. There were some potential interactions between these two genes. Gene differential expression analysis showed that the 15 FRPSGs were differently expressed in tumor tissues compared with corresponding normal tissues. It is noteworthy that the ferroptosis suppressor genes, SLC3A2, FANCD2, CISD1, and ACSL3, were upregulated in most cancer types, indicating that ferroptosis was generally inhibited in cancers (Figure 5B). As for survival analysis, the same gene had different prognostic significance in distinct cancer types. For example, VDAC2 was negatively associated with OS in low-grade glioma (LGG) and positively in pheochromocytoma and paraganglioma (PCPG) (Figure 5C). It is reported that ferroptosis is a critical regulator in drug resistance. Here, we utilized the NCI-60 database to explore the association between FRPSGs and drug sensitivity using Pearson correlation. The top 16 gene–drug pairs ranked by Pearson correlation coefficient are displayed in Figure 5D. The whole list of the drug sensitivity analysis results is in Supplementary Table 9. We found that the ferroptosis driver gene, PEBP1, was positively related to chemotherapy sensitivity, consistent with previous reports. Interestingly, the ferroptosis suppressor gene, ACSL3, was negatively related to three drug sensitivity, among which AP-26113 is a potent and selective ALK and ROS1 inhibitor for lymphoma, everolimus is an mechanistic target of rapamycin (mTOR) kinase inhibitor for renal cell cancer and some other tumors, and nelfinavir is a protease inhibitor for HIV infection. These findings demonstrated that ferroptosis was involved in some tumor-targeted therapy.
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FIGURE 5. Pan-cancer analysis of 15 FRPSGs. (A) The expression level of FRPSGs and correlation of gene expression among FRPSGs. (B) Heatmap of FRPSGs between tumor and normal samples in each cancer type. (C) Forest plots for hazard ratios of FRPSGs for each cancer type. (D) Scatter plots for the association between FRPSG expression and drug sensitivity (top 16 ranked by P-value).


Immune analysis of the 15 FRPSGs was performed. Six immune subtypes were defined as C1 (wound healing), C2 (INF-r dominant), C3 (inflammatory), C4 (lymphocyte depleted), C5 (immunologically quiet), and C6 (TGFβ dominant). As shown in Figure 6A, all the 15 FRPSGs expressed differently in diverse immune subtypes (P < 0.001) for each cancer type. Moreover, TME analysis showed the 15 FRPSGs were related to immune and stromal cell infiltration in most cancer types (Figure 6B). These findings were consistent with functional analysis, which further proved that the ferroptosis process involves the change of TME and tumor immunity. Finally, we performed the cancer stemness feature analysis. A stem cell approximative appearance can be gained via cancer growth progress; simultaneously, a differentiated phenotype is eliminated. Based on RNAss (mRNA expression) and DNAss (DNA-methylation pattern), the four ferroptosis suppressor genes, ACSL3, CISD1, FANCD2, and SLC3A2, increased the tumor’s stem cell-like features, which indicated that the ferroptosis could cause tumor heterogeneity, leading to tumor progression in most cancer type (Figure 6C). Specifically, in LUAD, the four genes were positively associated with RNAss and DNAss (P < 0.05), especially FANCD2 (Supplementary Figure 7). The Spearman correlation between FANCD2 expression and RNAss reached 0.56 (P < 2.2e-16), indicating FANCD2 plays a critical role in promoting tumor heterogeneity. We further validated these findings by exploring the association between the four ferroptosis suppressor genes with two previously discovered LUAD stemness cell biomarkers, CD133 and CD44. As shown in Supplementary Figure 8, the results show that the four ferroptosis suppressor genes were all positively associated with CD133 and CD44 (P < 0.05), which were consistent with the results of cancer stemness feature analysis. In summary, we identified that the four ferroptosis suppressor genes, ACSL3, CISD1, FANCD2, and SLC3A2, could increase the cancer stemness, indicating that the lower the ferroptosis level in lung cancer cells, the higher the tumor heterogeneity.
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FIGURE 6. Immune subtype analysis, TME analysis, and cancer stemness features. (A) The association between FRPSGs and immune subtype for each cancer type. (B) The association between ESTIMATE immune score, stromal score, and FRPSGs expression. (C) The association between cancer stemness features and FRPSGs expression based on both mRNA expression (RNAss) and DNA methylation patterns (DNAss).




Somatic Mutation and CNV Analysis

To fundamentally understand the ferroptosis process during tumor development, we performed mutation analysis of the 15 FRPSGs. The location on chromosome and CNV status of the 15 FRPSGs are presented in Figure 7J. Four ferroptosis driver genes FLT3, ALOX12B, ALOX15, and VDAC2, had a low CNV, and four ferroptosis suppressor genes ACSL3, CISD1, FANCD2, and SLC3A2, had a high CNV, indicating that ferroptosis was inhibited in tumor development. Besides, the generally accepted oncogene KRAS had a high CNV. Among the 15 FRPSGs, the alteration status of three genes, ALOX15, KRAS, and PGD, was significantly related to OS analysis (Figures 7A–C, P = 1.026e-3, 6.699e-3, 0.0211), with an alteration rate of 1.2, 27, and 1.2% (Figures 7G–I). Besides, the alterations of AOX15, KRAS, and PGD mainly focused on domain lipoxygenase, Ras, and 6PGD, indicating that these domains played a crucial role in ferroptosis and tumor progression (Figures 7D–F). The alteration type of the three genes is shown in Figures 7G–I. Missense mutation was the most common mutation type. Splice mutation occurred in ALOX15 alteration, fusion mutation occurred in KRAS alteration, and truncating mutation occurred in PGD mutation. The rate of these three mutation types was low. CNV was rare in ALOX15 alteration but common in KRAS and PGD alteration, mainly consisting of amplification and deep deletion. Figures 8A–F showed the association between gene expression and alteration status in adenocarcinoma using cBioPortal and TMB of ALOX15, KRAS, and PGD in pan-cancer. The association between gene expression and CNV for KRAS and PGD was statistically significant (by Spearman correlation, P = 9.05e-76, 2.153e-5) with correlations of 0.61 and 0.16 (Figures 8B,C). Comparison of gene expression between wild type and mutation type for ALOX15, KRAS, and PGD indicated mutation of these three genes could increase their expression (Figures 8D–F). The most common mutation type was missense for three genes. Besides, splice mutation occurred in ALOX15, and fusion mutation occurred in KRAS. The association between gene expression and TMB status in pan-cancer for ALOX15, KRAS, and PGD is shown in Figures 8G–I. The expression of KRAS and PGD was positively associated with TMB in LUAD (P < 0.001), and the Spearman correlation reached around 0.2, indicating that KRAS and PGD played a crucial in maintaining genomic integrity. Given that TMB is positively related to immune therapy response rate, we suppose that KRAS and PGD could serve as novel biomarkers for predicting immunotherapy response rate.
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FIGURE 7. Somatic mutation and CNV analysis of ALOX15, KRAS, and PGD in LUAD. Survival analysis between the altered group and unaltered group based on OS for ALOX15 (A), KRAS (B), and PGD (C). The alteration sites of each gene on the coding protein domain for ALOX15 (D), KRAS (E), and PGD (F). The alteration rate and type of ALOX15 (G), KRAS (H), and PGD (I). (J) The location on chromosomes and most common CNV status of the 15 FRPSGs.
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FIGURE 8. The association between gene expression and alteration status in adenocarcinoma using cBioPortal and TMB of ALOX15, KRAS, and PGD in pan-cancer. The association between gene expression and CNV for ALOX15 (A), KRAS (B), and PGD (C). Comparison of gene expression between wild type and mutation type for ALOX15 (D), KRAS (E), and PGD (F). The association between gene expression and TMB status in pan-cancer for ALOX15 (G), KRAS (H), and PGD (I). *P < 0.05; **P < 0.01; ***P < 0.001.





DISCUSSION

Among the 15 FRPSGs, most ferroptosis driver genes were associated with a better prognosis (6/11, 54.5%), and all the ferroptosis suppressor genes (4/4, 100%) were associated with a worse prognosis, which indicates that the ferroptosis process in LUAD inhibits the tumor development as previously reported (Stockwell et al., 2017; Liang et al., 2019). We suggested these 10 genes (TLR4, PHKG2, PEBP1, GLS2, FLT3, ALOX15, ACSL3, CISD1, FANCD2, and SLC3A2) could be potential targets for further research because their biological functions in ferroptosis were consistent with their prognostic significance.

Lipid metabolism, iron metabolism, (anti)oxidative metabolism, and energy metabolism are the main regulatory pathways of ferroptosis. In our signature, lipid metabolism involves ACSL3, ALOX15, ALOX12B, and PEBP1. ACSL3 is a principal modulator of ferroptosis by activating the exogenous monounsaturated fatty acids, which subsequently replace polyunsaturated fatty acids (PUFAs) and block lipid ROS accumulation (Tang et al., 2018; Magtanong et al., 2019). Lipoxygenase (ALOX) is the critical enzyme for lipid peroxidation and ferroptosis through the arachidonic acid (AA) oxygenation. ALOX15 and the scaffold protein PEBP1 form a complex, converting PUFAs (mainly AA) to 15-HPETEs (hydroperoxyeicosatetraenoic acids), and this leads to ferroptosis in several diseases (Anthonymuthu et al., 2018; Zhao et al., 2020). In particular, ALOX15 has long been regarded as a critical mediator and thus a prominent indicator in the seton session of lung cancer (Li et al., 2019a). ALOX12B, R-type of ALOX12 catalyzed by ALOX12, is necessary for p53-mediated antitumor effect via ferroptosis (Mashima and Okuyama, 2015). Jiang et al. (2020) have demonstrated that ALOX12B promotes cervical cancer progression through modulating the PI3K/ERK1 signaling pathway. ALOX12B has a negative relation to the prognosis of LUAD in our study, which indicates that ALOX12B may be involved in some other tumor regulatory mechanisms (Jiang et al., 2020).

(Anti)oxidant metabolism involves SLC3A2, VDAC2, GLS2, and FLT3, within which SLC3A2 is the heavy chain subunit of system xc-cystine/glutamate antiporter, maintaining the steady state of redox (Koppula et al., 2020). It is reported that inhibition of SLC3A2 promotes ferroptosis in both tumor cells and normal cells (Koppula et al., 2020; Liu et al., 2020). VDAC2 can interact with Mcl-1, an antiapoptotic member of the Bcl-2 family frequently upregulated in NSCLC. In A549 cells, a decrease in Mcl-1 expression level or application of VDAC-based peptides inhibits Ca (2+) flow into the mitochondrial matrix, leading to the limitation of ROS generation (Huang et al., 2014). GLS2 plays a critical in glutaminolysis, which can provide intracellular glutamate for GSH synthesis. Zhu et al. (2017) knocked down GLS2 in mouse embryonic fibroblasts and found that the ferroptosis is reduced. Jennis et al. (2016) explored that GLS2 may act as a transcriptional target of TP53 and promote TP53-dependent ferroptosis. FLT3, a receptor tyrosine kinase, was reported as a critical mediator in the process of glutamate oxidative stress-induced cell death. Although we have no clear understanding of what role FLT3 plays in lung cancer until today, FLT3-ligand, commonly regarded as a hematopoietic stimulator, can be used in treating lung infection via functioning in lung immune cell populations (Dessein et al., 2020).

PGD involves energy metabolism such that it functions in the pentose phosphate pathway (PPP). Although the association between energy metabolism and ferroptosis remains puzzling, Dubreuil et al. (2020) have recently discovered that disrupting PPP by PGD knockout inhibits ROS accumulation. Besides, many previous studies have demonstrated that overexpression of PGD could lead to cancer metastasis and poor prognosis (Bechard et al., 2018; Sarfraz et al., 2020). In our study, the alteration rate of PGD was more than 1.2% and was related to a significantly poor prognosis. It is noteworthy that the CNV was relatively common in PGD alteration. Shallow deletion, amplification, and deep deletion occurred, and the gene expression was significantly related to CNV. More research is needed to explore the relationship between PGD’s CNV and ferroptosis.

The remaining three FRPSGs, TLR4, FANCD2, and KRAS, serve as specific mediators. TLR4 is a toll-like receptor responsible for activating the innate immune system and has been confirmed to be associated with inflammation, autophagy, cell migration, and adhesion/metastasis in NSCLC (Kim et al., 2020). Li et al. (2019b) constructed a heart ischemia–reperfusion model. They demonstrated that the TLR4/TRIF/type I IFN signaling pathway impacts recruiting neutrophils to injured myocardium in the ferroptosis process (Li et al., 2019b). FANCD2, a nuclear protein involved in DNA reparation, prevents bone marrow stromal cells from ferroptosis via iron accumulation and lipid peroxidation inhibition, which is fulfilled by maintaining DNA stability when treated with ferroptosis inducer such as erastin (Song et al., 2016). FANCD2 has been verified that its exhaustion would increase cancer cell proliferation in the knockout experiment on the PDX model. The overexpression of FANCD2 would bring an increased risk of the incidence of lung cancer (Wang et al., 2015; Yao et al., 2015). KRAS, one of the most frequently mutated oncogenes in human cancer, is a signal transducer protein in cell proliferation. It has been reported that erastin has exhibited greater lethality in KRAS-mutated cancer cells (Yagoda et al., 2007). On the contrary, Schott et al. demonstrated that KRAS mutation leads to increased resistance to ferroptosis. Therefore, the exact role of KRAS in ferroptosis remains elusive. In this study, we considered KRAS as a ferroptosis driver gene according to the FerrDb database. The alteration rate of KRAS reached 27% in LUAD patients. Besides, the high CNV status of KRAS means it is easy to detect at an early stage. ALL implies KRAS could be the best ferroptosis-based treatment target and biomarker.

Ferroptosis is a highly complicated cellular process involving lipid, iron, and cysteine metabolism (Stockwell et al., 2017). Discussion on specific genes cannot explain the complex mechanisms involved explicitly. Therefore, we performed a functional analysis. The results showed that the tumor cellular fundamental biological behavior within the high- and low-risk groups differ. Previous studies have demonstrated that many oncogenes and antioncogenes act as ferroptosis regulators in cancers. For example, TP53 can suppress SLC7A11 expression and promote SAT1 (spermidine/spermine N1-acetyltransferase 1), and GLS2 expression to promote ferroptosis. It also can inhibit DPP4 (dipeptidyl peptidase-4) and promote CDKN1A/p21 (cyclin-dependent kinase inhibitor 1A) expression to inhibit the ferroptosis (Xie et al., 2017; Kang et al., 2019). However, the systematic biochemical process and regulation of ferroptosis are unclear. Friedmann Angeli et al. (2019) reviewed current literature and proposed a GPX4 center view depicting the principal metabolic determinants’ modulation controlling the cancer growth and persistence. As for the immune function analysis, it is recently reported that ferroptosis cancer cells also release “find me” signals to recruit antigen-presenting cells, initiating the innate immune response. Unlike apoptosis, potential signals for ferroptosis are AA oxidation products. Therefore, ALOXs also regulate immunity (Friedmann Angeli et al., 2019; Stockwell and Jiang, 2019). The reduction in DCs and HLA, two essential components for antigen-presenting, indicates that the TME in high-risk groups can inhibit signal transmission. Impaired type II IFN response also indicates the innate immunity in high-risk groups is compromised. The function of mast cells and natural killer (NK) cells in LUAD TME remains complicated and elusive. Recent studies have demonstrated that mast cells and NK cells improve the prognosis of LUAD patients (Ko et al., 2017; Aktas et al., 2018).

The pan-cancer analysis comprehensively analyzed these 15 genes. First, the expression and survival analysis indicate that the heterogeneity of 15 FRPSGs is evident among all the 33 cancer types. However, ferroptosis suppressor genes were downregulated in most cancer types, consistent with previous speculations (Sun et al., 2016; Roh et al., 2017; Seibt et al., 2019). Second, drug sensitivity analysis proved that ferroptosis is closely related to chemotherapy resistance. Interestingly, our findings also provide a new perspective that ferroptosis may involve some tumor-targeted therapy resistance. Third, immune subtype and TME analysis proved that these FRPSGs take part in the immune response, TME infiltration. Finally, we found that ferroptosis could contribute to cancer stemness based on cancer stemness indexes and previously discovered biomarkers, providing novel insights into ferroptosis.

Before us, FRG signatures had been established and applied for LUAD in recent research (Gao et al., 2021; Sun et al., 2021). Even so, our signature has better robustness with better predictive ability, providing more solid clinical reference. Our AUCs of the ROC curve were 0.718, 0.730, and 0.721 for 1, 2, and 3 years, respectively, while Sun’s signature AUCs were merely 0.625, 0.588, and 0.593 for 2, 3, and 5 years, respectively; Gao’s AUCs were 0.678, 0.698, and 0.697 for 1, 2, and 3 years, respectively, in the TCGA-LUAD cohort. Moreover, we emphasized the analysis of FRPSGs, trying to elucidate the potential regulatory role of these genes through an integrative multi-omics study, including expression, prognosis, cancer stemness, drug sensitivity analysis, and mutation analysis.

There are also several limitations to our study. First, the GSE68465/GSE72094 cohorts and TCGA cohort are heterologous, especially the OS of GSE68465 (654.5 days in TCGA and 1410 days in GSE68465). Besides, the data quality and preprocessing of the two data resources (RNA-seq and microarray) were different, which lead to different data processing methods and different cutoff values. However, we could not find an appropriate RNA-seq validation cohort currently. Second, the clinical significance of our model needs to be further evaluated through prospective data in the real world. Third, experimental evidence was not acquired to prove our conclusion, including drug sensitivity analysis and cancer stemness analysis.
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Background: Lung cancer remains the leading cause of cancer death globally, with lung adenocarcinoma (LUAD) being its most prevalent subtype. This study aimed to identify the key intercellular communication-associated genes (ICAGs) in LUAD.

Methods: Eight publicly available datasets were downloaded from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) databases. The prognosis-related ICAGs were identified and a risk score was developed by using survival analysis. Machine learning models were trained to predict LUAD recurrence based on the selected ICAGs and clinical information. Comprehensive analyses on ICAGs and tumor microenvironment were performed. A single-cell RNA-sequencing dataset was assessed to further elucidate aberrant changes in intercellular communication.

Results: Eight ICAGs with prognostic potential were identified in the present study, and a risk score was derived accordingly. The best machine-learning model to predict relapse was developed based on clinical information and the expression levels of these eight ICAGs. This model achieved a remarkable area under receiver operator characteristic curves of 0.841. Patients were divided into high- and low-risk groups according to their risk scores. DNA replication and cell cycle were significantly enriched by the differentially expressed genes between the high- and the low-risk groups. Infiltrating immune cells, immune functions were significantly related to ICAGs expressions and risk scores. Additionally, the changes of intercellular communication were modeled by analyzing the single-cell sequencing dataset.

Conclusion: The present study identified eight key ICAGs in LUAD, which could contribute to patient stratification and act as novel therapeutic targets.

Keywords: lung adenocarcinoma, intercellular communication, prognosis prediction, machine learning, tumor microenvironment, single-cell RNA-sequencing


INTRODUCTION

Lung cancer is the leading cause of cancer death and approximately 1.8 million deaths worldwide in 2020 had lung cancer as the primary cause (Sung et al., 2021). Non-small-cell lung cancer (NSCLC), one of the main histological subtypes, includes approximately 85% of the lung cancer cases. Lung adenocarcinoma (LUAD) is the most common subtype of NSCLC (Molina et al., 2008). Despite recent advances in various targeted therapies, LUAD is still characterized by a low 5-year survival rate (Ahluwalia et al., 2021). Therefore, it is crucial to identify a novel gene signature for LUAD patients’ prognosis and for the exploration of novel therapeutic targets for LUAD.

Intercellular communication, defined as the information transfer between cells, is vital for cells to grow and function normally, and may provide a unique perspective for LUAD prognosis (Mittelbrunn and Sanchez-Madrid, 2012). Cells share information by direct and indirect signaling, and the related pathways can be regulated at the gene expression level (Mittelbrunn and Sanchez-Madrid, 2012; Brucher and Jamall, 2014). Direct intercellular communication involves self-to-self communication and adjacent communication with nearby cells, while indirect intercellular communication involves local communication via hormones over short or large distances, respectively. Communication, occluding, and anchoring junctions are the three essential components of intercellular communication (Brucher and Jamall, 2014).

Aberrant alterations of intercellular communication in the tumor microenvironment (TME) are related to the occurrence, invasion, metastasis, and drug resistance of cancers (Xu et al., 2018; Maacha et al., 2019). Increasing evidence suggests that versatile immune cells are infiltrated in the TME of LUAD and play an essential role in cancer progression and aggressiveness (Ma et al., 2020; Tan et al., 2020). Communication between tumor cells and tumor-infiltrating immune cells may significantly affect the functions of the immune system, potentially deteriorating the clinical outcomes (Parri et al., 2020). A better understanding of the intercellular communication in TME could thus shed light on the pathogenesis and prognosis of LUAD. As a result, intercellular communication plays a significant role in many pathways and has an important impact on TME of lung cancer.

Despite the significance of intercellular communication in LUAD, it is still considered an underexplored domain. A number of previous studies have reported gene signatures with prognostic potential for LUAD, including immune (Zhang et al., 2019), hypoxia (Mo et al., 2020), and ferroptosis-related genes (Gao et al., 2021). Nevertheless, limited work has been done so far to reveal and study the intercellular communication-associated genes (ICAGs). Besides, computational methods based on single-cell RNA sequencing data have demonstrated an outstanding potential in investigating the intercellular communication in high resolution (Wang Y. et al., 2019; Efremova et al., 2020). These methods mainly focus on ligand–receptor interactions, and therefore, less attention has been given to the prognostic potential of the ICAGs.

The present study aimed to identify the key ICAGs that could serve as prognostic markers or therapeutic targets for LUAD patients. Eight publicly available datasets were analyzed and eight LUAD prognosis ICAGs were identified. Machine learning models were then developed based on these genes and clinical information to predict the recurrence of LUAD. Comprehensive analyses on ICAGs were performed, including mutation, DNA methylation, post-transcriptional regulation, pathway activity, and drug resistance correlation analyses. Patients were divided into high- and low-risk groups according to the expression levels of these genes. Gene set enrichment analyses were performed on the differentially expressed genes (DEGs) between the high- and the low-risk groups. Tumor-infiltrating immune cells, immune functions and immune checkpoints were evaluated in different groups by using 10 different approaches. Additionally, a single-cell RNA sequencing dataset was assessed to elucidate further differences between the high- and the low-risk groups in the intercellular communication. The design of the present study was summarized in Figure 1.
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FIGURE 1. Flow chart of the design of the present study.




MATERIALS AND METHODS


Expression Microarray Datasets

Systematic data mining and computerized searches in the Gene Expression Omnibus (GEO) database were conducted in our study. Seven publicly available LUAD datasets, including GSE19188, GSE30219, GSE31210, GSE31546, GSE37745, GSE50081, and GSE68465, were retrieved accessing the overall survival time. The raw data were downloaded and normalized using the same methods and parameters described in the original studies. Probes with missing gene symbols were excluded. The median expression intensity was used when there were multiple probe sets mapping to the same gene symbol. Besides, gene expression data in fragments per kilobase million (FPKM) values and clinical information of the LUAD dataset from The Cancer Genome Atlas (TCGA) were also downloaded. Expression data were then transformed into the transcripts per million (TPM) values.

An empirical Bayes method was utilized to remove the batch effects by using the functions provided in the sva R package (version 3.34.0) (Leek et al., 2012). The datasets from GEO were combined and used as the discovery set, while the TCGA-LUAD cohort was used as the validation set.



Identification of Prognosis-Related ICAGs

The gene list of ICAGs was collected based on the Kyoto Encyclopedia of Genes and Genomes (KEGG), Gene Ontology (GO), and Reactome databases (Jassal et al., 2020). A total of 440 genes were eventually downloaded from these databases. After duplicates were removed, a list of 426 ICAGs was obtained.

Univariate COX regression was used to assess ICAGs based on the discovery set, and the genes significantly correlated to the overall survival were identified with a P-value threshold of 0.01. The rigorous P-value cutoff was used to obtain a better prediction performance. Further, ICAGs with statistical significance in univariate regression were evaluated using the least absolute shrinkage and selection operator (LASSO) COX regression model. ICAGs with the best prognostic value were screened out. A risk score was then constructed according to the fitted coefficients of the LASSO COX model. The formula of the risk score was:
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where the ICAG represents the normalized expression of a given ICAG, and the coef represents its coefficient in the LASSO COX model. Besides, a nomogram was also developed for convenient prediction by using the R package regplot (version 1.1).

Samples in the discovery set were divided into high- and low-risk groups according to whether their risk scores exceeded the median value. The Kaplan–Meier analysis with a log-rank test was applied to assess the prognostic difference between the two risk groups. Principal component analysis (PCA) was also performed to demonstrate and visualize the differences between the two groups. Then, the risk score and clinical variables were assessed by successively fitting the univariate and multivariate COX regression models on the GSE31210 dataset of the discovery set. It is noteworthy, that only the GSE31210 was used because it provided the most detailed clinical information. Statistical significance (P < 0.05) in both univariate and multivariate COX regression indicated that the risk score is an independent prognostic factor for patients with LUAD. Similarly, the validation set was also divided based on its own median value of risk scores, and the clinical significance of the risk score was also assessed on it.



Prediction of Cancer Recurrence by Using Machine Learning

A machine-learning model called Categorical Boosting (CatBoost) was developed for the tumor recurrency prediction to further elucidate the ability of ICAGs to predict clinical outcomes. CatBoost, one of the gradient boosting algorithms, iteratively trains a weak decision tree to fit residuals of previous trees (Prokhorenkova et al., 2018). It is a powerful machine-learning technique but has yet not been widely adopted in critical care research (Zhao et al., 2020). In the present study, the ability of CatBoost to predict cancer recurrency was studied and clinical potential of ICAGs was further demonstrated. Four datasets that provided relapse information were firstly selected, including GSE68465, GSE30219, GSE50081, and GSE31210 datasets. Then, three different CatBoost models were trained based on three different feature sets. The first feature set includes only ICAGs selected by LASSO COX regression, the second one includes only clinical information such as age, gender, and stage, while the third set combined the first and the second feature sets.

Ten-fold cross-validation was performed considering the limited sample size of the utilized datasets. In particular, the dataset was randomly into 10 subsets. In each iteration, nine of them were used to train the models and the last one for validation. After 10 iterations, each subset had been validated and the validation results were then combined. The areas under receiver operator characteristic curves (AUROCs) were calculated to assess the performance of the models. Finally, the SHapley Additive exPlanation (SHAP) values were calculated according to a game theory approach to illustrate the effects of each feature on the prediction results of the third model (Lundberg et al., 2020).



Gene Set Variant, Pathway Activity, and Regulatory Network Analyses

Gene Set Cancer Analysis (GSCA1) is an integrated genomic and immunogenomic online tool for gene set cancer research based on TCGA cohorts (Liu et al., 2018). The results of single-nucleotide variants (SNVs), copy number variations (CNVs), micro RNA (miRNA) network analyses, and pathway activity were obtained by uploading on the web-based platform the genes selected by LASSO COX regression and choosing the TCGA-LUAD cohort. Notably, SNV and CNV were analyzed based on the TCGA-LUAD cohort, while pathway activity and miRNA network analyses were performed on the 32 and 33 cancer types in TCGA, respectively. Additionally, the correlation of gene expression and drug sensitivity was assessed based on small molecules from the Cancer Therapeutics Response Portal (CTRP) (Seashore-Ludlow et al., 2015) and the Genomics of Drug Sensitivity in Cancer (GDSC) (Iorio et al., 2016).

The cBioPortal for Cancer Genomics2 provides another web-based resource for exploring, visualizing, and analyzing multidimensional cancer genomics data (Gao et al., 2013). We also used cBioPortal to explore selected ICAGs on the TCGA-LUAD cohort. Results of variant and pathway analyses were downloaded to enhance our study.

Additionally, long non-coding RNAs (lncRNAs) in the validation set were identified according to Genome Reference Consortium Human Build 38 patch release 13 (GRCh38.p13). Co-expression analysis was conducted by assessing Pearson correlation between the selected ICAGs and lncRNAs in LUAD samples. A lncRNA regulatory network was derived according to the criteria of | Correlation Coefficient| > 0.4 and P < 0.01 using the functions provided in the stats R package (version 3.6.0). If a ICAG have more than 10 significantly correlated lncRNAs, only 10 lncRNAs with the greatest absolute value of correlation coefficients were selected. The lncRNA network was then visualized by using the Cytoscape program.



DNA Methylation and N6-Methyladenosine

In order to further analyze the selected ICAGs, DNA methylation data of LUAD (platform: Illumina HumanMethylation450 BeadChip) were downloaded from the TCGA database. The methylation level of CpGs was represented as β values (Bibikova et al., 2011). Pearson correlation coefficients and P-values were calculated between expression and methylation levels of ICAGs.

Besides, 12 N6-methyladenosine (m6A) regulatory genes were obtained via systematic review in published articles. The expression levels of these genes were compared by using the two-sample Wilcoxon test between the high- and the low-risk groups on the validation set.



Gene Set Enrichment and Immunogenomic Landscape Analyses

The DEGs between the high- and the low-risk groups in the TCGA cohort, with adjusted P-value < 0.01 were identified using the functions provided in the stats R package (version 3.6.0). Gene set enrichment analyses based on the GO and KEGG functional and pathway terms were conducted to assess the DEGs with adjusted P-values threshold of 0.05, using the clusterProfiler R package (version 3.14.3) (Yu et al., 2012).

Computational methods were used to evaluate the immune infiltration and functions, including TIMER (Li et al., 2020), quanTIseq (Finotello et al., 2019), xCell (Aran et al., 2017), MCP-counter (Becht et al., 2016), EPIC (Racle et al., 2017), CIBERSORT (Newman et al., 2015) CIBERSORTx (Newman et al., 2019), and single-sample gene set enrichment analysis (ssGSEA) in an attempt to comprehensively analyze the immune differences between the two groups (Rooney et al., 2015). Additionally, a list of 79 immune checkpoint genes was obtained from Hu’s study (Hu et al., 2020), with most of these genes being ligands, receptors, or important molecules in the immune checkpoint pathways. The expression of these genes was compared between the high- and the low-risk groups by using the two-sample Wilcoxon test.



Modeling the Intercellular Communication Based on a Single Cell RNA Sequencing Dataset

The GSE131907 dataset, which is a LUAD single-cell RNA sequencing dataset, was downloaded from the GEO database. Raw data are not available due to patient privacy concerns, and therefore, data normalized (log2TPM) by the contributors were used in our study. Cell annotations were provided by contributors. A total of 11 LUAD and 11 distant normal lung samples were included for further analyses. The expression levels of genes included in the proposed risk score were evaluated in different cell types.

Risk scores were calculated at the cell level and averaged for each LUAD sample. Then, 11 LUAD samples were divided into high- and low-risk groups according to the median risk score. Intercellular communication was modeled by using the CellPhoneDB Python package (version 2.1.7) (Efremova et al., 2020), and the significantly differentiated between the two groups ligand–target links were summarized by using the iTALK R package (version 0.1.0) (Wang Y. et al., 2019). Specifically, CellPhoneDB integrates existing datasets of cellular communication and new manually reviewed information, including the subunit architecture for both ligands and receptors. The normalized gene expression data and the cell annotations were analyzed by the relevant Python package, with subsampling, 50 rounds of iterations and 4 calculating threads. The iTALK R package is another useful toolkit for characterizing and visualizing intercellular communication. Growth factor, cytokine, checkpoint, and other types of intercellular communication were assessed by it. The top 20 ligand–target links with the greatest differences between the high- and the low-risk groups were visualized.



RESULTS


Identification of Prognosis-Related ICAGs

Seven datasets downloaded from GEO were preprocessed as previously described, and a total of 1042 samples were eventually used as the discovery set. The results of eliminating batch effect were presented (see Supplementary Figure 1). Besides, 594 samples were downloaded from TCGA and used as the validation set, with 535 of them being LUAD samples and 59 of them being normal samples. The basic information of these datasets was summarized in Table 1. Besides, the characteristics of research subjects in each GEO dataset and the TCGA dataset were presented in Supplementary File 2. A total of 426 ICAGs were collected, and 354 genes, common in all datasets, were assessed in this study. Sixty-seven genes were significantly associated with the overall survival by univariate COX regression (see Supplementary File 4). Eight genes were finally selected because they presented non-zero coefficients in the fitted LASSO COX regression models, as it is shown in Table 2. The risk score was calculated as follows:
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TABLE 1. Basic information of datasets included in this study.
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TABLE 2. The prognostic ICAGs identified by using LASSO COX regression.

[image: Table 2]In addition, the nomogram we developed was presented in Supplementary Figure 2.



Survival Analysis on the Risk Score

Patients in the discovery and the validation sets were divided into high- and low-risk groups, according to whether their risk scores exceeded the median values. The Kaplan–Meier analysis with a log-rank test demonstrated that there were significant differences in the overall survival between the two risk groups. As shown in Figures 2A,D, the high-risk group has significantly worse overall survival compared to the low-risk group (P < 0.001). PCA also confirmed that patients in the two groups presented different patterns of gene expression and this finding is illustrated in Figures 2B,E. As seen, the blue points representing the low-risk group distributed together, while the red points representing the high-risk group in another part of space. This indicates significant differences in the gene expression levels between the two groups. Furthermore, as shown in Figures 2C,F, our risk score is significantly associated with the outcome in the univariate and the multivariate regression (P < 0.001), indicating the risk score was an independent predictive factor for the overall survival.
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FIGURE 2. Prognostic analysis of the risk score in the discovery and the validation sets. (A,D) Kaplan–Meier curves for the comparison of the overall survival between the high- and the low-risk group. (B,E) The three-dimensional principal component analysis on the two groups. (C,F) Forest plots for the results of the univariate and multivariate COX regression analyses regarding the overall survival. (A–C) Show the results of the discovery set, while (D–F) show the results of the validation set. PC, principal component; HR, hazard ratio; CI, confidence interval.




Prediction of Relapse by Using Machine Learning

Four datasets which provided relapse information were selected, including GSE68465, GSE30219, GSE50081, and GSE31210. The Kaplan–Meier analysis also proved that there were significant differences in the disease-free survival between the high- and the low-risk groups, as it is shown in Figure 3A.
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FIGURE 3. Prediction of LUAD relapse by using machine learning. (A) The Kaplan–Meier curve for the comparison of the disease-free survival between the high- and the low-risk groups. (B) The receiver operator characteristic curves for the explored predictive models or methods. (C) SHAP values show the variable impacts on the prediction results of the model using all clinical information and eight ICAGs. (D) The distributions of the SHAP values for each ICAG on the model using all clinical information and the eight ICAGs. ML, machine learning; AUC, area under curves; SHAP, shapley additive explanation.


The CatBoost algorithm was used to develop three machine-learning models based on different sets of variables to further elucidate the prognostic value of selected ICAGs. The first feature set includes only ICAGs selected by the LASSO COX regression and the model presented an AUROC of 0.663. The second includes only clinical information such as age, gender, and stage, and its AUROC was 0.757. The third set combined both clinical variables and the selected ICAGs, and a remarkable AUROC of 0.841 was achieved. The predictive performances of cancer stage and age were also assessed. The AUROCs of stage and age were 0.728 and 0.557, respectively. The machine-learning model, based on all features, outperformed all other predictive methods or models, as it is shown in Figure 3B.

SHapley Additive exPlanation values were assessed to evaluate the effects of each variable on the model’s output. SHAP values for the model using all features were shown in Figure 3C. Red color represents a high value of that feature, while blue color represents a low value. A positive SHAP value means that this feature value will increase the relapse risk, while a negative one represents a protective effect. The features in Figure 3C were ordered from top to bottom according to their importance, which was assessed by the average absolute SHAP values. Moreover, the relationships between the SHAP values and the gene expression levels were visualized in Figure 3D. SKAP2, AFDN, CDH4, GJB3, and GJC1 had similar positive correlation with SHAP values, while the expression level of ARHGEF6 is negatively correlated with SHAP values. The relationships between SHAP values and SPP1 or LAMB1 are not simply linear and needs more research.



Gene Set Variant Analysis on the Validation Set

Gene Set Cancer Analysis was used for gene set variant analyses. Supplementary Figure 3 showed the analysis on SNVs of the eight ICAGs. Missense mutations were the most common variants, and the C > A and C > T SNVs were the most frequent variants. The median of variants per sample was 1. LAMB1, ARHGEF6, and CDH4 are the top mutated genes.

Analysis of CNVs was summarized in Supplementary Figure 4. From this figure, it is observed that LAMB1, GJC1, CDH4, and SKAP2 had frequent heterozygous amplification, while AFDN, SPP1, and GJB3 had frequent heterozygous deletion. Homozygous variants were less frequently observed in these genes, but CDH4, SKAP2, LAMB1, and AFDN had more frequent homozygous variants than other genes.



Regulatory Networks and Methylation Modification

Micro RNA and lncRNA regulatory networks were visualized in Supplementary Figures 5A,B, respectively. The figures included key ICAGs, as well as the miRNAs and lncRNAs that target them. Methylation modification was summarized in Supplementary Figure 6. Five genes were shown in Supplementary Figure 6A, including CDH4, GJB3, LAMB1, SKAP2, and SPP1, of which expression levels were significantly correlated to their DNA methylation levels (P-value < 0.05). Besides, the expression levels of m6A regulatory genes were compared between the high- and the low-risk groups, as shown in Supplementary Figure 6B.



Pathway Activity and Gene Set Enrichment Analyses

The results of pathway activity analysis were shown in Supplementary Figure 7. As shown in Supplementary Figure 7B, these genes were significantly correlated with the EMT activation. Besides, the eight genes also presented great effects on the inhibition of cell cycle. These results confirmed that the selected genes play an important role in cancer development and metastasis.

Expressions of 25,168 genes were compared between the high- and the low-risk groups in the validation set, and 10,830 genes were found to be differentially expressed with an adjusted P-value < 0.05. Gene set enrichment analyses were performed. DNA replication, chromosomal region, cell adhesion molecule binding and cadherin binding were significantly enriched GO terms, as shown in Supplementary Figures 8A,B. Cell cycle, focal adhesion, spliceosome, and homologous recombination were significantly enriched pathways according to the results of the KEGG pathway analysis (Supplementary Figures 8C,D). Among these DEGs, 991 had absolute fold changes greater than 2. Specifically, 727 genes were upregulated and 264 were downregulated in the high-risk group, compared to the low-risk group. The heatmap and volcano plot of these genes were plotted in Supplementary Figures 8E,F, respectively.



Immunogenomic Landscape Analyses

Various computational approaches regarding immune infiltration were conducted and summarized in Figure 4. As seen, most scores of immune cells were correlated with the risk score with a negative coefficient as shown in Figure 4B. This finding suggests that the high-risk group had fewer infiltrated immune cells. The scores provided by CIBERSORTx were compared between the two groups, as it is shown in Figure 4C. As seen, the high-risk group had fewer B cells naïve, B cells memory, T cells CD8, T cells regulatory, and Mast cells resting than the low-risk group. But more T cells CD4 memory activated, Macrophages M0, and Macrophages M1 were infiltrated in the high-risk group. More Eosinophils were infiltrated in the high-risk group, but the scores in both groups were too low such that the comparison of Eosinophils was not clear in the figure. Additionally, the expressions of 79 immune checkpoint genes were compared between the high- and the low-risk groups by using the two-sample Wilcoxon test. The checkpoint genes with a P-value < 0.05 were summarized in Figure 4D.
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FIGURE 4. The immunogenomic landscape analyses on the validation set. (A) Compositions of different infiltrated immune cells estimated by ssGSEA. (B) Correlation between risk score and immune cells estimated by XCELL, TIMER, quanTIseq, MCP-counter, EPIC, and CIBERSORT. (C) Boxplot for the immune cell scores in the high- and the low-risk groups, estimated by CIBERSORTx. (D) Boxplot for the expression of an immune checkpoint gene in the high- and the low-risk groups. Adjusted P-values were showed as: ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001.




Modeling of Intercellular Communication Based on a Single Cell RNA Sequencing Dataset

The Single-cell RNA sequencing dataset GSE131907 was used for further analysis in high resolution. A total of 11 LUAD and 11 distant normal lung samples were included in our study. In total, 42,679 normal cells and 45,149 tumor cells were assessed. A total of 22,977 and 22,172 tumor cells were assigned to high- and low-risk groups, respectively. The risk score and the expression levels of eight genes in different cells were assessed and compared, as demonstrated in Figure 5A. As seen, the expression patterns of these eight genes were different between the high- and the low-risk groups and also between the LUAD and normal groups. SPP1 was upregulated in all kinds of cells and especially the myeloid cells in the high-risk group compared to the low-risk group. AFDN and SKAP2 were upregulated in the epithelial cells of the high-risk group. These differences were also observed between tumor and normal samples. The correlation of risk scores between different cells was displayed in Figure 5B. Interestingly, the risk scores of various cells were positively correlated with each other.
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FIGURE 5. Modeling of intercellular communication based on a single cell RNA sequencing dataset. (A) Heatmap for the ICAG expression and the risk score in different groups. (B) Correlation of the risk scores in different cells. (C,D) Heatmaps for the intercellular communication generated by using CellphoneDB in the low-risk group (C) and the high-risk group (D). (E,F) The main ligand–target expression between the different cells in the low-risk group (E) and the high-risk group (F). (G) The top differences in the expression of ligand or target genes between the low- and the high-risk groups. (E–G) were generated by using the iTALK R package.


Besides, intercellular communication was modeled by using CellphoneDB. The patterns of intercellular communication in the high- and low-risk groups were visualized in Figures 5C,D, respectively. As shown in Figures 5C,D, less communication was observed between B lymphocytes, T lymphocytes, NK cells, and MAST cells than between other cells, but in the high-risk group (shown in Figure 5D), there was more communication between epithelial cells and others in comparison with the low-risk group (shown in Figure 5C).

Furthermore, the differences in communication patterns between the two groups were compared by using the iTALK R package, and the results were displayed in Figures 5E–G. In Figure 5G, red color represents a gain of interaction, indicating upregulation of the ligand and the receptor genes, while blue color represents a loss of interaction, indicating downregulation of the ligand and the receptor genes. The thickness of edges indicates the expression level of the ligands, while the size of arrows indicates the expression level of receptors. Although some ligand–receptor links of autocrine were expressed more in epithelial cells, several ligand–receptor links were expressed significantly less in the high-risk group.



Drug Sensitivity Analysis

The correlation of gene expression and drug sensitivity was assessed based on small molecules from CTRP and GDSC. The correlation coefficients and adjusted P-values were visualized in Supplementary Figure 9. It is easily observed that these eight genes were significantly correlated to the sensitivity of various drugs. Specifically, the positive correlations were commonly observed on AFDN, GJB3, LAMB1, and SPP1, while ARHGEF6 had negative correlations to most drugs.



DISCUSSION

In this study, we explored the prognostic potential of ICAGs in patients with LUAD. An eight-ICAG signature was eventually identified, and a risk score was accordingly derived based on the analysis of publicly available datasets. Machine-learning models were developed to predict tumor recurrency based on clinical information and the expression levels of selected ICAGs. Comprehensive analyses were conducted, including gene set variant, regulatory network, pathway activity, gene set enrichment, immunogenomic landscape, drug sensitivity analyses as well as modeling of intercellular communication based on single-cell RNA sequencing.

A large number of studies have shown that cell-to-cell communication participates in the construction of the TME of lung cancer, promotes the formation of lung cancer blood vessels, and accelerates tumor invasion and metastasis. Exosomes, cytokines, etc., can be released by tumor cells into the TME and blood circulation to promote tumor progression. For example, MALAT1 derived from exosomes has been found to be highly expressed in the serum of patients with non-small cell lung cancer, which can accelerate tumor migration and promote its growth (Gutschner et al., 2013). Another study showed that the absorption of vesicles of lung cancer cells by macrophages promotes the production of M2-like phenotype by tumor-associated macrophages, which in turn produces IL-1β, which is beneficial to the survival of tumor cells (Wang et al., 2011). In short, cell-to-cell communication can regulate the progression, metastasis, invasion, and proliferation of lung cancer through a variety of ways.

In this study, eight genes involved in intercellular communication were identified and prioritized in the present study. Previous research has reported the role some of them play in the progression of cancer. It was found that miR-135a can inhibit cancer stem cell-driven medulloblastoma development by directly repressing the expression of ARHGEF6 (Hemmesi et al., 2015) and ARHGEF6 might be a hub gene in colorectal cancer (Wang and Zheng, 2014). A high level of Afadin, which is the protein encoded by AFDN gene, was found to be associated with poor survival in breast cancer patients (Tabaries et al., 2019). GJB3, a member of the connexin gene family, was found to be a potential circulating biomarker for metastatic pancreatic cancer and might have a unique effect on cell death (Tattersall et al., 2009; Easton et al., 2019). Choi et al. (2020) detected the expression levels of GJC1 (Cx45) in HeLa cells and identified GJC1 as a major component of gap junctions. However, few studies focused on the role of these genes in LUAD. The findings in our study will contribute to a deeper understanding of the effects of these genes on the progression and relapse of LUAD.

The effects of other selected genes on LUAD or NSCLC have been previously reported by several studies. It was found that SPP1 may contribute to immune escape (Zhang et al., 2017), metastatic progression (Chiou et al., 2019), and second-generation epidermal growth factor receptor tyrosine kinase inhibitor resistance (Wang X. et al., 2019). Tanaka et al. (2016) revealed that SKAP2 is related to tumor-associated macrophage infiltration and facilitates the metastatic progression of lung cancer in mise. The prognostic value of SKAP2 was also reported in previous studies using bioinformatics analyses (Kuranami et al., 2015; Tanaka et al., 2016; Chen et al., 2019). Studies showed that CDH4 could be regulated by miR-211-5p to inhibit the proliferation, migration, and invasion of LUAD (Zhang et al., 2020). Besides, the aberrant expression of ligand–receptor pair LAMB1-ITGB1 was identified within tumor cells in LUAD (Chen et al., 2020). In our study, the selected ICAGs except ARHGEF6 presented a positive coefficient, indicating that the upregulation of the expression levels results in poor prognosis. Our study confirms the results of these prior studies and may facilitate other research on the functions of these genes.

The prognostic value of these eight ICAGs was evaluated by survival analysis. Significant differences were observed in the overall survival between the high- and the low-risk groups. The risk score derived by LASSO COX regression was proved to be an independent predictive factor for the overall survival in LUAD. Moreover, a machine-learning model based on clinical information and expression of the eight ICAGs accurately predicts LUAD recurrence better than other predictive methods or models. Our risk score and model could contribute to the determination of the severity of LUAD and to stratify patients’ prognosis.

Further comparisons between the high- and the low-risk groups were performed, including gene set enrichment and immune infiltration analyses. GO and KEGG pathway analyses demonstrated that cell cycle, focal adhesion, DNA replication, and cell adhesion molecule binding were enriched by DEGs between the high- and the low-risk groups. Besides, it was shown by immune infiltration analyses that there were significant differences in the TME between the two groups. Previous studies have already reported that misleading communication within and between tumor cells and immune cells contributes to immune escape, metastatic progression, and drug resistance of LUAD (Tanaka et al., 2016; Chen et al., 2020). In addition, as shown in Supplementary Figure 7, these eight genes are also involved in cell growth cycle pathways such as cell cycle pathway and DNA damage response pathway. Sex hormone receptor pathways are also related to these eight genes, such as hormone AR pathway and hormone ER pathway. In addition, PI3K/AKT, RTK, RAS/MAPK, TSC/mTOR pathways can also interact to promote the occurrence and development of lung cancer. In our study, these enriched pathways and microenvironment differences were likely to result from aberrant changes in the intercellular communication. More research and experiments are required to shed light on the effects of aberrant intercellular communication in cancers.

A single-cell RNA sequencing dataset was used to further model the intercellular communication in LUAD. The ICAG expressions in different cells were assessed in the present study, evaluating the communication relationships between different cells and comparing the differences in the communication patterns between the high- and the low-risk groups. Changes in transferring information may be the key mechanism in immune escape and therapy resistance of LUAD. Our study provides insight into the potentially therapy target role of the ICAGs in LUAD.

According to drug sensitivity analysis, we found that these eight genes are related to AS605240 (PI3K inhibitor), AZD8055 (mTOR inhibitor), AZD-7762 (cell cycle checkpoint kinase), vinblastine (a lung cancer targeted drug), and other drugs. The results are consistent with the results of our previous analysis. This further supports the results of the previous pathway analysis and the conclusion of the article.

Several limitations of this study should be considered. Firstly, the analyses of this study were conducted based on public datasets, without verification or validation from in vitro or in vivo biochemical experiments. Thus, the revealed eight-ICAG signature and our machine-learning models require further validation in large-scale prospective studies to demonstrate their robustness. Secondly, various approaches to estimating immune infiltrated cells or modeling intercellular communication were used in the present study, but their results were not entirely consistent. However, any one of these computational approaches is not a “Gold Standard.” In contrast, they provide different perspectives to estimate what we are interested in. That is exactly the reason why we tried as many approaches as possible in the study, instead of drawing our conclusion based on anyone of them. Lastly, other factors, such as circular RNAs and proteins, involved in intercellular communication, were not included in our study. Multi-omics data may facilitate a deeper understanding of the pathogenesis and optimize the prediction of survival in LUAD.



CONCLUSION

In this study, we comprehensively assessed the role of ICAGs in LUAD, identifying eight key ICAGs with prognostic value and developing a risk score as well as machine learning models to predict the prognosis for patients with LUAD. These genes may contribute to understanding the pathological mechanism of LUAD, and could also be considered as potential therapeutic targets.
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Ferroptosis plays a dual role in cancer, which is known to be affected to antitumor immune responses. However, the association between ferroptosis and antitumor immune responses is uncertain in lung adenocarcinoma (LUAD). In this work, 38 ferroptosis-related genes (FRGs) and 429 immune-related genes (IRGs) were identified as being differentially expressed between tumor and normal samples. Two risk score formulas consisting of seven FRGs and four IRGs, respectively, were developed by Lasso-penalized Cox regression and verified in the GSE13213 dataset. The CIBERSORT algorithm was used to estimate the relative abundance of immune cells in tumors. The correlation between FRGs and immune cells was evaluated using the TIMER database. The results indicated that the development of ferroptosis was synergistic with that of anti-tumor immunity in LUAD. The concordance index and calibration curves showed that the performance of a nomogram that combines clinical staging and risk scores is superior to that of models using a single prognostic factor. In conclusion, ferroptosis might be synergistic with anti-tumor immunity in LUAD. The combined nomogram could reliably predict the probability of overall survival of LUAD patients. These findings may be useful for future investigation of prognostic value and therapeutic potential related to ferroptosis and tumor immunity in LUAD.
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INTRODUCTION

Lung cancer is the most common type of cancer and the leading cause of cancer-related death worldwide. An estimated 1.8million deaths from lung cancer occurred in 2020 (Sung et al., 2021). Lung adenocarcinoma (LUAD) is the most prevalent subtype of lung cancer, accounting for about 40% (Ma et al., 2013). Although there are many therapeutic options for LUAD, overall prognosis remains poor (Herbst et al., 2018). Therefore, it is necessary to further explore factors related to survival time that may contribute to the development of more effective treatment methods for lung adenocarcinoma.

Ferroptosis is an iron-dependent cell death modality marked by the oxidative modification of the phospholipid membrane (Stockwell et al., 2017). The effect of ferroptosis on tumor growth is not clear and requires further investigation. On the one hand, ferroptosis inhibits tumor growth in mice (Badgley et al., 2020). For example, although pancreatic cancer cells are prone to resisting chemotherapy, they are highly sensitive to artemisinin-induced ferroptosis (Efferth, 2017). On the other hand, ferroptosis can promote tumor growth (Dai et al., 2020). Therefore, examining the association between ferroptosis marker genes and survival may increase understanding of the role played by ferroptosis in LUAD.

Moreover, there seems to be an inextricable link between ferroptosis and immunity. Levels of CD8+ and CD4+ T cells cannot increase if they lack glutathione peroxidase 4 (GPX4), a key regulator of ferroptosis (Matsushita et al., 2015). Induction of ferroptosis is related to release of PGE2 (Yang et al., 2014), which attenuates antitumor immunity by affecting cDC1s and NK cells (Wang and DuBois, 2015). The synergistic effect of ferroptosis and immune regulation might not only inhibit the primary tumor but also stimulate immune responses in combination with immune checkpoint blockade (Li and Rong, 2020). In a word, FRGs and immunity have a profound impact on each other, and it is necessary to do more research to understand their relationship.

In this work, we constructed two formulas for calculating ferroptosis-related and immune-related risk scores using The Cancer Genome Atlas (TCGA) database. LUAD patients from the Gene Expression Omnibus (GEO) database were used for validation. Some immune cells had the same infiltration trend as risk score increased in two prognostic multigene signatures. In addition, a nomogram combining tumor stage, ferroptosis-related risk score, and immune-related risk score was developed for more accurate prediction of patient survival. Finally, the correlation between ferroptosis-related genes (FRGs) and immune-related genes (IRGs) was assessed.



MATERIALS AND METHODS


Data Acquisition

Gene expression data, including 497 tumor samples and 54 normal samples, in the HTSeq-FPKM format were obtained from the TCGA database using the GDC tool.1 We also downloaded clinical data at the GDC portal. Meanwhile, the microarray dataset GSE13213 consisting of 117 patients with LUAD was downloaded from the GEO database2 as an external validation dataset. Probes were annotated based on annotation files. In total, 123 FRGs and 2,483 IRGs were obtained from the FerrDb database3 and ImmPort Resources4 (Supplementary Tables S1, S2), respectively. There was no ethical conflict since all data was obtained from public databases.



Construction of A Predictive Nomogram

The R/Bioconductor package “limma,” which provides an integrated solution for analyzing gene expression data and is a popular choice for gene discovery through differential expression analyses, was used to identify differentially expressed FRGs and IRGs. The results were visualized in a volcano map using the popular drawing packages “ggplot2” and “ggrepel.” |log2 foldchange|>1 and FDR<0.05 were considered significant. Prognosis-related genes were identified using univariate Cox proportional hazards regression analysis (p<0.05). “Venn” R package is a common way to compare different datasets and identify and visualize intersections between sets. It was used to identify intersections between differentially expressed genes (DEGs) and prognosis-related genes as candidates for risk scoring.

To reduce the risk of overfitting, we applied LASSO-Cox regression to construct survival-predicting models. “Glmnet” is the most widely used package for LASSO analysis, and can generate a variety of models, including binary and multinomial logistic regression models, Poisson models, Cox proportional hazards models and SVM models. The risk score was calculated using “glmnet” and “survival” packages. The Cox coefficient and expression levels of the prognosis-related DEGs were extracted to calculate risk scores. The formula was as follows: Risk score=[image: image], where N represents gene number, Coei represents coefficient value and Expi represents gene expression level. Based on the median risk score, LUAD patients were dichotomized into low- and high-risk groups. Considering the significant batch effect between the TCGA and GEO dataset, we used the median value of each to divide the high and low risk groups. The predictive ability of the model was evaluated using the log-rank test and receiver operating characteristic (ROC) analysis. The t-distributed stochastic neighbor embedding (t-SNE) test was implemented in “Rtsne” package to visualize clustering. Principal component analysis (PCA) was completed using the prcomp function. A nomogram was constructed to predict overall survival (OS) based on the results of multivariate Cox regression. The concordance index (C-index) was calculated to assess the stability of the nomogram by 1,000 bootstrap replicates. The performance of the prognostic nomogram was evaluated by plotting calibration curves.



Functional Annotation Analysis and Evaluation of Immune Cell Infiltration

In order to identify different pathways between the two groups, DEGs among groups were analyzed using R package “clusterProfiler” for Gene Ontology (GO). The Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis was performed by the same procedure.

CIBERSORT is a gene-based deconvolution algorithm to estimate the abundance of any of 22 human immune cell types. We loaded “e1071” package to execute this algorithm to quantify the distribution of types of infiltrating immune cells in lung adenocarcinoma samples. The Wilcox test was conducted to identify disparities in the infiltration levels of immune cells between different risk groups, including B cells, plasma cells, T cells, natural killer cells, monocytes, macrophages, dendritic cells, mast cells, eosinophils, and neutrophils. Inter-group differences were identified by “limma” package and displayed in Violin plots using “Vioplot” package. The TIMER web server5 is a comprehensive resource for analysis of immune infiltrates in multiple cancers. We analyzed the association between gene expression and abundance of infiltrating immune cells using gene modules.



qRT-PCR Verification

Human bronchial epithelial cells (BEAS-2B) and human LUAD cell lines (PC9 and H1299) were purchased from the American Type Culture Collection (ATCC, United States). They were cultured in RPMI-1640 medium (Gibco, China) or high glucose Dulbecco’s Modified Eagle’s media (DMEM; Hyclone, Logan, UT, United States) supplemented with 10% fetal bovine serum (Gibco, China) at 37°C in an atmosphere of 5% CO2.

Total RNA was extracted using the RNeasy mini kit (Qiagen, United States) and reverse-transcribed with the iScript cDNA Synthesis Kit. qRT-PCR was performed using the CFX96 Real-Time System (Bio-Rad, Hercules, CA, United States). All samples were tested in triplicate. Primers were purchased from Ribobio (Guangzhou, China) and are listed in Supplementary Table S3.



Statistical Analysis

The Wilcoxon rank-sum test was used to compare the gene expression in tumor and normal tissues. Risk scores were validated as independent prognostic factors by the application of Cox regression. Pearson correlation analysis was implemented to assess the correlation of gene expression levels. The statistical analysis tool used in this study was R software 4.0.2. All statistical tests were two-tailed. A value of p<0.05 was considered statistically significant.




RESULTS


Calculation of Risk Scores for FRGs and IRGs

The study flow chart is shown in Figure 1. Compared with normal samples, 38 significant ferroptosis-related DEGs (26 upregulated and 12 downregulated) and 429 significant immune-related DEGs (224 upregulated and 205 downregulated) were identified (Figures 2A,B; Supplementary Tables S4, S5). By univariate Cox regression analysis, 16 FRGs and 51 IRGs were identified as being related to prognosis (Figures 2C,D; Supplementary Tables S6, S7). Then the intersections of DEGs and prognostic-related genes were identified. Finally, 9 overlapping candidate FGRs and 4 overlapping candidate IRGs were obtained (Figures 2E,F). Heatmaps showed expression of the 13 genes (Figures 2G,H).
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FIGURE 1. Workflow chart.
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FIGURE 2. Identification of prognostic ferroptosis-related DEGs and immune-related DEGs. (A) Volcano plot of ferroptosis-related DEGs. (B) Volcano plot of Immune-related DEGs. (C) Forest plot from the univariate Cox proportional hazards regression analysis between FRG expression and survival time. (D) Forest plot from the univariate Cox proportional hazards regression analysis between IRG expression and survival time. (E,F) Venn diagrams of overlapping candidate genes. (G,H) Heatmap plots of overlapping candidate genes.


We calculated the risk score of FRGs according to the following formula: risk score=(0.048216×SLC7A11)+(0.161996×DDIT4)+(0.004447×SLC7A5)+(−0.068488×GDF15)+(−0.061102×IL33)+(0.027458×SLC2A1)+(0.140388×RRM2). A total of 464 patients were divided into high-risk (N=232) and low-risk (N=232) groups with the median as the cutoff value. The patients in the low-risk group had significantly higher survival rates than those in the high-risk group (left panel of Figure 3A). The DEGs between the two groups were mainly related to cell cycle transition, mitosis, protein synthesis, and chemotaxis (Supplementary Table S8). The signaling pathways obtained by KEGG analysis were not only correlated with cell division and maturation, but also correlated with immunity (Supplementary Table S9). In the ROC analysis, the AUCs in the first, second and third year were 0.681, 0.658, and 0.684, respectively (left panel of Figure 3B). PCA and t-SNE analysis showed that patients were clustered into distinct groups (Figures 3C,D). In the univariate Cox regression analyses, the risk score was significantly associated with OS in the FRG prognostic risk model (HR=3.617, 95% CI=2.346–5.577, p<0.001; upper panel of Figure 3E). Multivariate Cox regression revealed that the classifier was an independent prognostic factor (HR=3.150, 95% CI=2.037–4.872, p<0.001; upper panel of Figure 3F). After applying the risk score formula to the GSE13213 dataset, significant differences in OS between the two groups still existed (right panel of Figures 3A,B). Moreover, the risk score remained an independent prognostic factor in the GSE13213 dataset (bottom panel of Figures 3E,F).

[image: Figure 3]

FIGURE 3. Construction and validation of the FRGs risk score formula. (A) Kaplan Meier survival curves for the TCGA training cohort and the GEO validation cohort. (B) ROC curves of the FRGs risk score formula in the training and validation cohorts. (C) T-SNE analysis and PCA plot of the training cohort. (D) The risk and survival status plots in the training cohort. (E) Forest plot from the univariate Cox regression analysis in the training and validation cohort. (F) The results of multivariate analysis regarding OS in the training and validation cohorts.


The prognostic risk score of IRGs=(−0.043721×HLA−DRB5)+(−0.055446×SFTPD)+(−0.053414×PTGDS)+(−0.003929×S100B). As shown in the left panel of Figure 4A, patients with high-risk scores tended to have shorter survival times than those with low-risk scores. AUCs in the first, second, and third-year reached 0.679, 0.603, and 0.610, respectively (left panel of Figure 4B). Patients were also distributed in 2 regions (Figures 4C,D). In addition, in the univariate Cox regression analysis, the IRGs prognostic risk score was a variable closely related to prognosis (HR=3.859, 95% CI=2.002–7.440, p<0.001; upper panel of Figure 4E). After multivariate Cox regression analysis of multiple factors, the IRGs prognostic risk model remained a reliable independent prognostic factor (HR=3.818, 95% CI=1.928–7.563, p<0.001; upper panel of Figure 4F). The validity of the model was also verified in the GSE13213 dataset (right panel of Figures 4A,B; bottom panel of Figures 4E,F).
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FIGURE 4. Construction and Validation of the IRGs risk score formula. (A) Kaplan Meier survival curves for the TCGA training cohort and the GEO validation cohort. (B) ROC curves of the IRGs risk score formula in the training and validation cohorts. (C) T-SNE analysis and PCA plot of the training cohort. (D) The risk and survival status plots in the training cohort. (E) Forest plot from the univariate Cox regression analysis in the training and validation cohort. (F) The results of multivariate analysis regarding OS in the training and validation cohorts.




Correlation of Immune Cell Infiltration With Risk Scores and Gene Expression

To better understand the relationship between risk score and immune response, we calculated the proportions of 22 immune cells (Figure 5A). In addition, the correlation matrix of immune cells showed that the infiltration level of activated memory CD8+ T cells was highly correlated with CD4+ T cells (Figure 5B). In addition, the level of resting mast cells highly correlated with that of monocytes was also high. Subsequently, immune cell infiltration was compared between high and low-risk groups. There were similar trends of differences in infiltration levels for memory B cells, activated memory CD4+ T cells, resting memory CD4+ T cells, monocytes, M0 macrophages, resting mast cells, and resting dendritic cells in the 2 models (Figure 5C). Next, the relationship between gene expression and immune cell subtype infiltration was further analyzed in the TIMER database (Figures 5D,E). SLC7A11 and IL33 showed a strong correlation with immune cell infiltration. In contrast to SLC7A11, IL33 promoted the infiltration of nearly all types of immune cell. All IRGs were positively correlated with the level of immune cell infiltration (Supplementary Figure S1).

[image: Figure 5]

FIGURE 5. Correlation analysis of immune cell infiltration with risk scores and expression of FRGs. (A) The bar chart shows the distribution of 22 types of immune cells in each sample. (B) Correlation matrix of immune cell proportions. (C) Violin plots of the differentially infiltrated immune cells between the low- and high-risk groups. (D) The correlation between IL33 expression and infiltration of immune cell subtypes. (E) The correlation between SLC7A11 expression and infiltration of immune cell subtypes.




Construction of the Nomogram

The above results above showed that tumor stage, FRGs risk score, and IRGs risk score were independent prognostic factors in LUAD. The c-indices of the stage, ferroptosis, immune and combined models were 0.663, 0.644, 0.616, and 0.712, respectively (Figure 6A). Therefore, the combined model was selected for prediction of 1-, 3-, and 5-year OS rates (Figure 6B). Calibration plots showed that the combined model performed well in predicting 1- and 3-year survival but not 5-year survival (Figure 6C). Taken together, compared with models established using a single prognostic factor, the combined model was superior for short-term survival prediction, which might be beneficial to diagnosis and treatment.

[image: Figure 6]

FIGURE 6. The nomogram for predicting the 1-, 3-, and 5-year survival probability of patients with LUAD. (A) Comparison of C index among models. (B) Prognostic nomogram for predicting 1-, 3-, and 5-years OS probability of LUAD. (C) Calibration curves of the nomogram for assessing predicted OS at 1-, 3-, and 5- years in the TCGA cohort.




Relationship Between the FRGs and the IRGs in the Prognostic Risk Models

To identify interactions between FRGs and IRGs, we performed a correlation analysis of gene expression (Figure 7A). Interleukin 33 (IL33) was synergistically co-expressed with HLA-DRB5, SFTPD, PTGDS, and S100B, and their high expression levels helped to prolong patient survival (Figure 7B). The association between IL33 and prostaglandin D2 synthase (PTGDS) was the strongest among all genes, followed by IL33 and surfactant protein D (SFTPD). All the other FRGs were negatively correlated with IRGs. This result was consistent with their opposite effects on survival time. Similar results were observed in the TIMER databases (Figure 7C).

[image: Figure 7]

FIGURE 7. Correlation analysis among the hub genes. (A) Correlation diagram of the likely relationships among the hub genes. (B) Correlation network of the hub genes. (C) Association between the expression levels of hub genes.




Validation of Gene Expression by qRT-PCR

We detected the levels of 7 FRGs and 4 IRGs in the BEAS-2B, PC9, and H1299 cell lines by using qRT-PCR (Figure 8). SLC7A11, DDIT4, SLC7A5, GDF15 SLC2A1, and HLA-DRB5 were highly expressed in LUAD cell lines. The mRNA levels of IL33, RRM2, and SFTPD were downregulated in LUAD cell lines. PTGDS was highly expressed in the H1299 cell line but low in PC9 cell line. The above results were generally consistent with the TCGA results, which indicates that our bioinformatics analysis was credible.

[image: Figure 8]

FIGURE 8. Validation of expression of FRGs and IRGs by qRT-PCR. *p<0.05 and **p<0.01.





DISCUSSION

Non-small cell lung cancer (NSCLC) is one of the deadliest form of cancers. LUAD and lung squamous cell carcinoma (LUSC) are the predominant histological phenotypes of NSCLC, and they exhibit significant differences in morphologic differentiation, underlying drivers, and response to various therapies (Wilkerson et al., 2010; Cancer Genome Atlas Research Network, 2014). In recent years, the incidence of LUAD has significantly increased compared with LUSC (Kinoshita et al., 2016). The possible benefits and potential harm of inducing ferroptosis during treatment are receiving increasing attention. Cell death in LUAD in response to treatment with siramesine and lapatinib has been reported to be mediated by ferroptosis (Villalpando-Rodriguez et al., 2019). Additionally, triggering ferroptosis increased sensitivity to radiotherapy in human patient-derived models of LUAD (Ye et al., 2020). This suggests that new therapies that combine immunotherapy with regulation of ferroptosis may lead to improved outcomes. Therefore, studies exploring the interaction between ferroptosis and immunity in LUAD may have far-reaching implications.

The ferroptosis-related risk score calculation formulas used here contained seven FRGs. The qRT-PCR results showed that five genes were upregulated and two genes were downregulated. Except for RRM2, the other results were consistent with TCGA results. SLC7A11 is overexpressed in multiple types of cancer (Shi et al., 2019), and suppressing transcription and protein expression of SLC7A11 can effectively induce ferroptosis in cancer cells (Chang et al., 2018). DDIT4 has potential not only as a prognostic biomarker (Ho et al., 2020) but also as a therapeutic target (Wang et al., 2015). Paradoxically, upregulation of DDIT4 may promote cellular ferroptosis (Dixon et al., 2014), and therefore its specific role in cancer merits further exploration. Inhibition of SLC7A5 can regulate amino acid transport and affect ferroptosis (Dixon et al., 2014). Ansari et al. (2020) found that there is a significant correlation between overexpression of SLC7A5 and specific immune cell subtypes. Their study not only provided clinical evidence that SLC7A5 in breast cancer can aid the personalization of anti-PD1/PDL1 inhibition therapies but also suggested that targeting SLC7A5 may enhance the efficacy of anti-PDL1 immunotherapy. GDF15 may promote ferroptosis (Dixon et al., 2014), and some studies indicate that GDF15 plays an anti-cancer role, but other data suggest that it may promote tumor progression and metastasis (Tsui et al., 2015; Wang et al., 2019b). In a study of acute kidney injury, Martin-Sanchez et al. (2017) found that IL-33 release was associated with ferroptosis, leading them to hypothesize that ferroptosis may regulate inflammation by activating IL-33 in vivo. Moreover, tumor-derived IL33 enhanced the antitumor effects of checkpoint inhibitors (Chen et al., 2020). SLC2A1 can be activated by lymphoid-specific helicase (LSH) to inhibit ferroptosis (Jiang et al., 2017), and high SLC2A1 expression usually correlates with poorer patient outcomes (Kawamura et al., 2001; Tohma et al., 2005). RRM2 was reported to be highly expressed in liver cancer tissues and to prevent ferroptosis (Zhang et al., 2019), and upregulation of RRM2 in NSCLC cells promoted proliferation and chemotherapeutic resistance (Huang et al., 2019).

The immune-related risk score calculation formulas used here contained four IRGs. The HLA-DRB5 alleles were associated with cervical neoplasia through a linkage disequilibrium with amino acid variations and HLA-DRB1 alleles (Bao et al., 2018). HLA-DRB5 has also been considered a possible prognostic factor for gastric cancer (Hang et al., 2018). High expression of SFTPD might function to prevent progression of lung cancer (Yamaguchi et al., 2011). Increased SFTPD levels have been shown to be associated with fewer distant metastases and progression-free survival in LUAD that harbors EGFR mutations (Umeda et al., 2017). The low expression of SFTPD in H1299 cells and TCGA samples indicates that SFTPD may be a protective factor in lung adenocarcinoma patients but is inhibited in tumor tissue. Prostaglandin H2 is converted to prostaglandin D2 (PGD2) under the catalytic action of PTGDS (Fukuhara et al., 2012). PGD2 has previously been shown to inhibit migration of cancer cells (Shyu et al., 2013). This effect can be achieved by influencing immune responses (Fagerberg et al., 2014). S100B is significantly downregulated in esophageal squamous cell carcinoma, and may cause cell growth stagnation and apoptosis through synergistic action with p53 (Ji et al., 2004). CacyBP/SIP is a target protein of S100B and an inhibitor of gastric cancer (Ning et al., 2007).

Ferroptosis seems to be involved in the immune response to tumors. We observed that expression of the FRGs that inhibit ferroptosis negatively correlated with expression of IRGs. IL33 expression was consistent with the presence of ferroptosis and positively correlated with expression of IRGs. These results might suggest that ferroptosis had a positive relationship with anti-tumor immunity in LUAD. It has been shown that reduced uptake of cystine results in increased ferroptosis of tumor cells after tumor immunotherapy, which helps improve anti-tumor efficacy (Wang et al., 2019a). This means that the immune system can drive ferroptosis to mediate inhibition of tumor growth. By calculating the abundance of immune cells, it can be shown that the two systems overlap in differences in the levels of multiple types of immune cells. Xu et al. (2020) found that IFN- γ secreted in tumor tissues by infiltrating lymphocytes can help downregulate expression of SLC7A11, thereby promoting tumor cell ferroptosis and decreasing tumor volume. Efimova et al. (2020) observed that dendritic cells can be induced to mature and active by phagocytosis of early ferroptotic cancer cells. Further exploration of the clinical relevance of ferroptosis- and immune-related marker genes, and potential connection between them, would help to identify more efficient diagnostic and therapeutic approaches to LUAD.

Although many studies have attempted to elucidate an association between ferroptosis and immunity, there is no report of combining two variables for predicting OS of LUAD patients. At present, prognosis in LUAD is based on tumor stage. In the present study, the nomogram composed of tumor staging combined with FRGs and IRGs-related risk scores provided more precise prediction of patient outcomes. However, there are several limitations. Firstly, the data used in this work were all downloaded from public databases. The results should also be externally validated with other primary data. Secondly, although we have found some similarity in immune function, further understanding of functional connections between the seven FRGs and four IRGs identified here requires additional experimental study.

In conclusion, our study identified seven FRGs and four IRGs that are differentially expressed in LUAD and significantly associated with prognosis. A nomogram that combines these sets of genes is more beneficial to individualized prognosis in LUAD than the current standard that uses a single prognostic factor. Using Pearson correlation analysis, we inferred that immune response is positively correlated with ferroptosis in LUAD. These results provide valuable information for development of new therapies that combine immunotherapy with ferroptosis-related drugs.
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4https://www.immport.org

5https://cistrome.shinyapps.io/timer/



REFERENCES

 Ansari, R. E., Craze, M. L., Althobiti, M., Alfarsi, L., Ellis, I. O., Rakha, E. A., et al. (2020). Enhanced glutamine uptake influences composition of immune cell infiltrates in breast cancer. Br. J. Cancer 122, 94–101. doi: 10.1038/s41416-019-0626-z 

 Badgley, M. A., Kremer, D. M., Maurer, H. C., DelGiorno, K. E., Lee, H. J., Purohit, V., et al. (2020). Cysteine depletion induces pancreatic tumor ferroptosis in mice. Science 368, 85–89. doi: 10.1126/science.aaw9872 

 Bao, X., Hanson, A. L., Madeleine, M. M., Wang, S. S., Schwartz, S. M., Newell, F., et al. (2018). HLA and KIR associations of cervical neoplasia. J. Infect. Dis. 218, 2006–2015. doi: 10.1093/infdis/jiy483 

 Cancer Genome Atlas Research Network (2014). Comprehensive molecular profiling of lung adenocarcinoma. Nature 511, 543–550. doi: 10.1038/nature13385 

 Chang, L. C., Chiang, S. K., Chen, S. E., Yu, Y. L., Chou, R. H., and Chang, W. C. (2018). Heme oxygenase-1 mediates BAY 11-7085 induced ferroptosis. Cancer Lett. 416, 124–137. doi: 10.1016/j.canlet.2017.12.025 

 Chen, L., Sun, R., Xu, J., Zhai, W., Zhang, D., Yang, M., et al. (2020). Tumor-derived IL33 promotes tissue-resident CD8(+) T cells and is required for checkpoint blockade tumor immunotherapy. Cancer Immunol. Res. 8, 1381–1392. doi: 10.1158/2326-6066.CIR-19-1024 

 Dai, E., Han, L., Liu, J., Xie, Y., Zeh, H. J., Kang, R., et al. (2020). Ferroptotic damage promotes pancreatic tumorigenesis through a TMEM173/STING-dependent DNA sensor pathway. Nat. Commun. 11:6339. doi: 10.1038/s41467-020-20154-8 

 Dixon, S. J., Patel, D. N., Welsch, M., Skouta, R., Lee, E. D., Hayano, M., et al. (2014). Pharmacological inhibition of cystine-glutamate exchange induces endoplasmic reticulum stress and ferroptosis. elife 3:e02523. doi: 10.7554/eLife.02523 

 Efferth, T. (2017). From ancient herb to modern drug: Artemisia annua and artemisinin for cancer therapy. Semin. Cancer Biol. 46, 65–83. doi: 10.1016/j.semcancer.2017.02.009 

 Efimova, I., Catanzaro, E., Van der Meeren, L., Turubanova, V. D., Hammad, H., Mishchenko, T. A., et al. (2020). Vaccination with early ferroptotic cancer cells induces efficient antitumor immunity. J. Immunother. Cancer 8:e001369. doi: 10.1136/jitc-2020-001369 

 Fagerberg, L., Hallström, B. M., Oksvold, P., Kampf, C., Djureinovic, D., Odeberg, J., et al. (2014). Analysis of the human tissue-specific expression by genome-wide integration of transcriptomics and antibody-based proteomics. Mol. Cell. Proteomics 13, 397–406. doi: 10.1074/mcp.M113.035600 

 Fukuhara, A., Yamada, M., Fujimori, K., Miyamoto, Y., Kusumoto, T., Nakajima, H., et al. (2012). Lipocalin-type prostaglandin D synthase protects against oxidative stress-induced neuronal cell death. Biochem. J. 443, 75–84. doi: 10.1042/BJ20111889 

 Hang, X., Li, D., Wang, J., and Wang, G. (2018). Prognostic significance of microsatellite instability-associated pathways and genes in gastric cancer. Int. J. Mol. Med. 42, 149–160. doi: 10.3892/ijmm.2018.3643 

 Herbst, R. S., Morgensztern, D., and Boshoff, C. (2018). The biology and management of non-small cell lung cancer. Nature 553, 446–454. doi: 10.1038/nature25183 

 Ho, K. H., Chen, P. H., Chou, C. M., Shih, C. M., Lee, Y. T., Cheng, C. H., et al. (2020). A key role of DNA damage-inducible transcript 4 (DDIT4) connects autophagy and GLUT3-mediated stemness to desensitize temozolomide efficacy in glioblastomas. Neurotherapeutics 17, 1212–1227. doi: 10.1007/s13311-019-00826-0 

 Huang, N., Guo, W., Ren, K., Li, W., Jiang, Y., Sun, J., et al. (2019). LncRNA AFAP1-AS1 supresses miR-139-5p and promotes cell proliferation and chemotherapy resistance of non-small cell lung cancer by competitively upregulating RRM2. Front. Oncol. 9:1103. doi: 10.3389/fonc.2019.01103 

 Ji, J., Zhao, L., Wang, X., Zhou, C., Ding, F., Su, L., et al. (2004). Differential expression of S100 gene family in human esophageal squamous cell carcinoma. J. Cancer Res. Clin. Oncol. 130, 480–486. doi: 10.1007/s00432-004-0555-x 

 Jiang, Y., Mao, C., Yang, R., Yan, B., Shi, Y., Liu, X., et al. (2017). EGLN1/c-Myc induced lymphoid-specific helicase inhibits ferroptosis through lipid metabolic gene expression changes. Theranostics 7, 3293–3305. doi: 10.7150/thno.19988 

 Kawamura, T., Kusakabe, T., Sugino, T., Watanabe, K., Fukuda, T., Nashimoto, A., et al. (2001). Expression of glucose transporter-1 in human gastric carcinoma: association with tumor aggressiveness, metastasis, and patient survival. Cancer 92, 634–641. doi: 10.1002/1097-0142(20010801)92:3<634::AID-CNCR1364>3.0.CO;2-X 

 Kinoshita, F. L., Ito, Y., and Nakayama, T. (2016). Trends in lung cancer incidence rates by histological type in 1975-2008: a population-based study in Osaka, Japan. J. Epidemiol. 26, 579–586. doi: 10.2188/jea.JE20150257 

 Li, Z., and Rong, L. (2020). Cascade reaction-mediated efficient ferroptosis synergizes with immunomodulation for high-performance cancer therapy. Biomater. Sci. 8, 6272–6285. doi: 10.1039/D0BM01168A 

 Ma, J., Ward, E. M., Smith, R., and Jemal, A. (2013). Annual number of lung cancer deaths potentially avertable by screening in the United States. Cancer 119, 1381–1385. doi: 10.1002/cncr.27813 

 Martin-Sanchez, D., Ruiz-Andres, O., Poveda, J., Carrasco, S., Cannata-Ortiz, P., Sanchez-Niño, M. D., et al. (2017). Ferroptosis, but not necroptosis, is important in nephrotoxic folic acid-induced AKI. J. Am. Soc. Nephrol. 28, 218–229. doi: 10.1681/asn.2015121376 

 Matsushita, M., Freigang, S., Schneider, C., Conrad, M., Bornkamm, G. W., and Kopf, M. (2015). T cell lipid peroxidation induces ferroptosis and prevents immunity to infection. J. Exp. Med. 212, 555–568. doi: 10.1084/jem.20140857 

 Ning, X., Sun, S., Hong, L., Liang, J., Liu, L., Han, S., et al. (2007). Calcyclin-binding protein inhibits proliferation, tumorigenicity, and invasion of gastric cancer. Mol. Cancer Res. 5, 1254–1262. doi: 10.1158/1541-7786.MCR-06-0426 

 Shi, Z. Z., Fan, Z. W., Chen, Y. X., Xie, X. F., Jiang, W., Wang, W. J., et al. (2019). Ferroptosis in carcinoma: regulatory mechanisms and new method for cancer therapy. Onco Targets Ther. 12, 11291–11304. doi: 10.2147/ott.S232852 

 Shyu, R. Y., Wu, C. C., Wang, C. H., Tsai, T. C., Wang, L. K., Chen, M. L., et al. (2013). H-rev107 regulates prostaglandin D2 synthase-mediated suppression of cellular invasion in testicular cancer cells. J. Biomed. Sci. 20:30. doi: 10.1186/1423-0127-20-30 

 Stockwell, B. R., Friedmann Angeli, J. P., Bayir, H., Bush, A. I., Conrad, M., Dixon, S. J., et al. (2017). Ferroptosis: a regulated cell death nexus linking metabolism, redox biology, and disease. Cell 171, 273–285. doi: 10.1016/j.cell.2017.09.021 

 Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A., et al. (2021). Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 71, 209–249. doi: 10.3322/caac.21660 

 Tohma, T., Okazumi, S., Makino, H., Cho, A., Mochizuki, R., Shuto, K., et al. (2005). Overexpression of glucose transporter 1 in esophageal squamous cell carcinomas: a marker for poor prognosis. Dis. Esophagus 18, 185–189. doi: 10.1111/j.1442-2050.2005.00489.x 

 Tsui, K. H., Hsu, S. Y., Chung, L. C., Lin, Y. H., Feng, T. H., Lee, T. Y., et al. (2015). Growth differentiation factor-15: a p53- and demethylation-upregulating gene represses cell proliferation, invasion, and tumorigenesis in bladder carcinoma cells. Sci. Rep. 5:12870. doi: 10.1038/srep12870 

 Umeda, Y., Hasegawa, Y., Otsuka, M., Ariki, S., Takamiya, R., Saito, A., et al. (2017). Surfactant protein D inhibits activation of non-small cell lung cancer-associated mutant EGFR and affects clinical outcomes of patients. Oncogene 36, 6432–6445. doi: 10.1038/onc.2017.253 

 Villalpando-Rodriguez, G. E., Blankstein, A. R., Konzelman, C., and Gibson, S. B. (2019). Lysosomal destabilizing drug siramesine and the dual tyrosine kinase inhibitor lapatinib induce a synergistic ferroptosis through reduced heme oxygenase-1 (HO-1) levels. Oxidative Med. Cell. Longev. 2019:9561281. doi: 10.1155/2019/9561281 

 Wang, D., and DuBois, R. N. (2015). Immunosuppression associated with chronic inflammation in the tumor microenvironment. Carcinogenesis 36, 1085–1093. doi: 10.1093/carcin/bgv123 

 Wang, W., Green, M., Choi, J. E., Gijón, M., Kennedy, P. D., Johnson, J. K., et al. (2019a). CD8(+) T cells regulate tumour ferroptosis during cancer immunotherapy. Nature 569, 270–274. doi: 10.1038/s41586-019-1170-y 

 Wang, Y., Han, E., Xing, Q., Yan, J., Arrington, A., Wang, C., et al. (2015). Baicalein upregulates DDIT4 expression which mediates mTOR inhibition and growth inhibition in cancer cells. Cancer Lett. 358, 170–179. doi: 10.1016/j.canlet.2014.12.033 

 Wang, W., Yang, X., Dai, J., Lu, Y., Zhang, J., and Keller, E. T. (2019b). Prostate cancer promotes a vicious cycle of bone metastasis progression through inducing osteocytes to secrete GDF15 that stimulates prostate cancer growth and invasion. Oncogene 38, 4540–4559. doi: 10.1038/s41388-019-0736-3 

 Wilkerson, M. D., Yin, X., Hoadley, K. A., Liu, Y., Hayward, M. C., Cabanski, C. R., et al. (2010). Lung squamous cell carcinoma mRNA expression subtypes are reproducible, clinically important, and correspond to normal cell types. Clin. Cancer Res. 16, 4864–4875. doi: 10.1158/1078-0432.CCR-10-0199 

 Xu, T., Ma, Y., Yuan, Q., Hu, H., Hu, X., Qian, Z., et al. (2020). Enhanced ferroptosis by oxygen-boosted phototherapy based on a 2-in-1 nanoplatform of ferrous hemoglobin for tumor synergistic therapy. ACS Nano 14, 3414–3425. doi: 10.1021/acsnano.9b09426 

 Yamaguchi, H., Soda, H., Nakamura, Y., Takasu, M., Tomonaga, N., Nakano, H., et al. (2011). Serum levels of surfactant protein D predict the anti-tumor activity of gefitinib in patients with advanced non-small cell lung cancer. Cancer Chemother. Pharmacol. 67, 331–338. doi: 10.1007/s00280-010-1325-x 

 Yang, W. S., SriRamaratnam, R., Welsch, M. E., Shimada, K., Skouta, R., Viswanathan, V. S., et al. (2014). Regulation of ferroptotic cancer cell death by GPX4. Cell 156, 317–331. doi: 10.1016/j.cell.2013.12.010 

 Ye, L. F., Chaudhary, K. R., Zandkarimi, F., Harken, A. D., Kinslow, C. J., Upadhyayula, P. S., et al. (2020). Radiation-induced lipid peroxidation triggers ferroptosis and synergizes with ferroptosis inducers. ACS Chem. Biol. 15, 469–484. doi: 10.1021/acschembio.9b00939 

 Zhang, X., Du, L., Qiao, Y., Zhang, X., Zheng, W., Wu, Q., et al. (2019). Ferroptosis is governed by differential regulation of transcription in liver cancer. Redox Biol. 24:101211. doi: 10.1016/j.redox.2019.101211 


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Chai, Li, Zhang, Tang, Shu, Lin, Shi, Wang and Huang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

		ORIGINAL RESEARCH
published: 15 November 2021
doi: 10.3389/fgene.2021.699242


[image: image2]
DNASE1L3 as a Novel Diagnostic and Prognostic Biomarker for Lung Adenocarcinoma Based on Data Mining
Jianlin Chen1*, Junping Ding2, Wenjie Huang1, Lin Sun1, Jinping Chen3, Yangyang Liu1, Qianmei Zhan1, Gan Gao4, Xiaoling He5, Guowen Qiu6, Peiying Long5, Lishu Wei1, Zhenni Lu1 and Yifan Sun1*
1Departments of Clinical Laboratory of Affiliated Liutie Central Hospital of Guangxi Medical University, Liuzhou, China
2Departments of General surgery of Affiliated Liutie Central Hospital of Guangxi Medical University, Liuzhou, China
3Departments of Respiratory Medicine of Affiliated Liutie Central Hospital of Guangxi Medical University, Liuzhou, China
4Departments of Clinical Laboratory of Liuzhou Maternity and Child Healthcare Hospital, Liuzhou, China
5Department of Clinical Laboratory of People’s Hospital Rong an County, Liuzhou, China
6Departments of Orthopedics of Affiliated Liutie Central Hospital of Guangxi Medical University, Liuzhou, China
Edited by:
Tania Lee Slatter, University of Otago, New Zealand
Reviewed by:
Emil Bulatov, Kazan Federal University, Russia
Sohini Chakraborty, NYU Grossman School of Medicine, United States
* Correspondence: Jianlin Chen, cjl801900@163.com; Yifan Sun, sunyifan13@126.com
Specialty section: This article was submitted to Cancer Genetics and Oncogenomics, a section of the journal Frontiers in Genetics
Received: 23 April 2021
Accepted: 18 October 2021
Published: 15 November 2021
Citation: Chen J, Ding J, Huang W, Sun L, Chen J, Liu Y, Zhan Q, Gao G, He X, Qiu G, Long P, Wei L, Lu Z and Sun Y (2021) DNASE1L3 as a Novel Diagnostic and Prognostic Biomarker for Lung Adenocarcinoma Based on Data Mining. Front. Genet. 12:699242. doi: 10.3389/fgene.2021.699242

Previous researches have highlighted that low-expressing deoxyribonuclease1-like 3 (DNASE1L3) may play a role as a potential prognostic biomarker in several cancers. However, the diagnosis and prognosis roles of DNASE1L3 gene in lung adenocarcinoma (LUAD) remain largely unknown. This research aimed to explore the diagnosis value, prognostic value, and potential oncogenic roles of DNASE1L3 in LUAD. We performed bioinformatics analysis on LUAD datasets downloaded from TCGA (The Cancer Genome Atlas) and GEO (Gene Expression Omnibus), and jointly analyzed with various online databases. We found that both the mRNA and protein levels of DNASE1L3 in patients with LUAD were noticeably lower than that in normal tissues. Low DNASE1L3 expression was significantly associated with higher pathological stages, T stages, and poor prognosis in LUAD cohorts. Multivariate analysis revealed that DNASE1L3 was an independent factor affecting overall survival (HR = 0.680, p = 0.027). Moreover, decreased DNASE1L3 showed strong diagnostic efficiency for LUAD. Results indicated that the mRNA level of DNASE1L3 was positively correlated with the infiltration of various immune cells, immune checkpoints in LUAD, especially with some m6A methylation regulators. In addition, enrichment function analysis revealed that the co-expressed genes may participate in the process of intercellular signal transduction and transmission. GSEA indicated that DNASE1L3 was positively related to G protein-coupled receptor ligand biding (NES = 1.738; P adjust = 0.044; FDR = 0.033) and G alpha (i) signaling events (NES = 1.635; P adjust = 0.044; FDR = 0.033). Our results demonstrated that decreased DNASE1L3 may serve as a novel diagnostic and prognostic biomarker associating with immune infiltrates in lung adenocarcinoma.
Keywords: LUAD, DNASE1L3, diagnostic, prognostic, TCGA database
INTRODUCTION
Lung cancer is the leading cause of cancer-related mortality worldwide. Lung adenocarcinoma (LUAD), also known as pulmonary adenocarcinoma, accounts for 60% of all lung cancers (Denisenko et al., 2018). LUAD mainly occurs in the distal lung and alveoli and is not easily reached by bronchoscopy, which poses a huge challenge in diagnosis and treatment of LUAD (Liu X. et al., 2021). However, activation of proto-oncogenes is known to play vital role in the formation of the vast majority of cancers, and gaining insight into its expression levels and disease-related prognosis may contribute to the development of effective diagnosis and prevention of lung adenocarcinoma.
Deoxyribonuclease 1-like 3 (DNASE1L3), a member of the deoxyribonuclease 1 family, is a DNASE1-like nuclease expressed in the endoplasmic reticulum. As one of the major serum nucleases (Rodriguez et al., 1997; Shiokawa and Tanuma, 2001), DNASE1L3 is predominantly produced by dendritic cells (DCs), macrophages (Mph), and neutrophils (NEU). It has been proved that DNASE1L3 plays vital role in DNA catabolism and cell apoptosis (Errami et al., 2012; Han et al., 2020). Increasing evidence has demonstrated that dysfunction of DNASE1L3 may cause immune responses against DNA and autoimmune diseases in mice and humans (Wilber et al., 2003; Al-Mayouf et al., 2011; Zochling et al., 2014; Sisirak et al., 2016; Sun et al., 2020). Study has also reported that DNASE1L3 was involved in breast cancer signal transduction (Sjoblom et al., 2006). Malecki et al. found that hyper expressive of DNASE1L3 gene can degrade the genome of ovarian cancer cells and lead to cell death (Malecki et al., 2013). In addition, investigators announced that the expression level of DNASE1L3 is closely align with the stage of clear cell renal cell carcinoma (Bhalla et al., 2017a). Recently, it has been reported that patients with high DNASE1L3 expression achieved significantly longer overall survival (OS) of HCC (Xu et al., 2019; Wang et al., 2020a). By the above, DNASE1L3 is highly likely to be contribute to the cancer genesis and progression. However, the role of DNASE1L3 in LUAD has not been well elucidated, which is the aim of our study.
In current study, we comprehensively analyzed DNASE1L3 expression data of LUAD patients in TCGA (The Cancer Genome Atlas), GEO (Gene Expression Omnibus), CPTAC dataset, and Human Protein Atlas (HPA) database. Using multi-omics analysis, we assessed the potential diagnosis or clinical prognosis efficiency of DNASE1L3 in lung adenocarcinoma. Moreover, we investigated the correlation of DNASE1L3 with tumor-infiltrating immune cells via R (version 3.6.3) GSVA package and ssGSEA (GSVA pack-built algorithm) package. Various bioinformatics tools were used to explore the genetic alteration of DNASE1L3, potential biological functions of DNASE1L3, the correlation with immune checkpoints, and m6A RNA methylation regulators of DNASE1L3 in LUAD. Our results confirmed that low DNASE1L3 expression might be a useful diagnostic and poor prognostic biomarker for lung adenocarcinoma.
DATA AND METHODS
Expression and Transcription Analysis
The TIMER2.0 was employed to observe the expression difference of DNASE1L3 in 33 cancers of the TCGA project. A total of 526 lung adenocarcinoma patients and 57 normal including clinical data and RNA-seq of DNASE1L3 (p ≤ 0.05, |log2FC| ≥ 2) were downloaded from TCGA database by UCSC Xena website (https://xena.ucsc.edu/). Then, the gene expression of DNASE1L3 was analyzed basing on different clinical groups. The log2 [TPM (Transcripts per million) +1] or log2 [FPKM (Fragments Per Kilo base per Million) +1] transformed expression data was applied for data analysis. The CPTAC dataset (http://ualcan.path.uab.edu/analysis-prot.html) and Human Protein Atlas (HPA) database (http://proteinatlas.org) were utilized to compare protein level of DNASE1L3 in normal and LUAD tissues (Chen et al.). Two sets of LUAD chip datasets GSE40791 and GSE10072 were downloaded from the GEO (https://www.ncbi.nlm.nih.gov/geo/) database (Li et al., 2017) and utilized as validation sets to study the differential expression and diagnostic efficiency of DNASE1L3 in the study.
Diagnostic and Survival Analysis
The diagnostic values of DNASE1L3 was calculated by pROC package (Robin et al., 2011) of R version 3.6.3, and the ROC curves were visualized by ggplot2 package (Wickham, 2016). The RNA-seq data in FPKM format were analyzed after log2 conversion. After that, LUAD cohort was clustered into low and high expression groups by median value of mRNA expression of DNASE1L3. The correlations between gene expression and OS, disease specific survival (DSS), and progress free interval (PFI) were analyzed via the Kaplan–Meier Plotter by R package (Liu et al., 2018). Then, the survival curves between subgroups (grouped by age, gender, pathological type, TNM stage, and smoking history) were plotted by the Kaplan–Meier analysis log-rank test. The HR with 95% CI was marked.
Correlations Between DNASE1L3 Expression and Immune Characteristics
Data on immune cell infiltration were obtained from TCGA. R (version 3.6.3), GSVA package, and ssGSEA package were used for statistical analysis and visualization of the data (Hänzelmann et al., 2013). The relationship between the expression of DNASE1L3 and immune infiltration was analyzed (Liu et al., 2018). Spearman correlation of DNASE1L3 gene in lung adenocarcinoma was generated by correlation module, and its statistical significance was estimated. In addition, the relationship between DNASE1L3 expression and immune checkpoint marker expression levels by Spearman correlation analyses is shown.
Tumor Mutation Profiles Analysis
Somatic mutation data were downloaded from the TCGA database and processed to identify the somatic variants and display somatic landscape by R package Maftools (Anand et al., 2018). The R package Somatic Signatures was utilize to describe the mutant signatures of lung adenocarcinoma samples (Gehring et al., 2015).
Correlations Between DNASE1L3 Expression and m6A RNA Methylation Regulators
Differentially expressed m6A RNA methylation regulators (LUADs vs. normal tissues, high- and low-DNASE1L3 LUADs) were analyzed by the Mann–Whitney U test method in R (version R 3.6.3). p < 0.05 and Log2|FC| > 1 were used as the significance criteria. Subsequently, expression of m6A-related genes in 526 LUAD patients and 57 normal samples was visualized.
Pathway and Enrichment Analysis
A total of 526 LUAD patients were separated into high- and low-DNASE1L3 expression groups according to DNASE1L3 median value. Limma package was used to identify differentially expressed genes (DEGs). The |log 2 (Fold Change) | larger than 1.5 and an adjusted p-value less than 0.05 were set as thresholds. The “pheatmap” and “EnhancedVolcano” R packages were employed to supply the heatmaps and volcano plots of the selected genes. In addition, we applied “ClusterProfiler” R package to conduct and visualize the Kyoto encyclopedia of genes and genomes (KEGG) and Gene Ontology (GO) analysis, including molecular function (MF), biological process (BP), and cell composition (CC), and adjusted p < 0.05 is considered to be enriched to a meaningful pathway (Yu et al., 2012). Further, we also used the R package “ClusterProfiler” to explore the Gene Set Enrichment Analysis (GSEA) of the DEGs in the two groups (Subramanian et al., 2005).
Statistical Analysis
R software (version 3.6.3) was utilized for all statistical analyses. Mann–Whitney U test was used to compare the two groups. The Kruskal–Wallis test compares three or more differences group. Chi-square test was performed and corrected to pass Fisher’s exact test. p < 0.05 was considered statistically significant.
RESULTS
Baseline Characteristics of Patients
A total of 526 LUAD patients containing the required clinical features were downloaded from the TCGA dataset in April 2021. Clinical information including age, gender, TNM stage, pathologic stage, residual tumor, DNASE1L3 expression, smoking history, overall survival, and disease-free survival are listed in Table 1. Among the 526 participants, 249 were male (46.5%) and 286 were female (53.5%). The residual tumor type of most patients was R0 (95.4%), and 93.5% of the patients at M0 stage. In terms of pathologic stage, 294 patients were stage I (55.8%), 123 patients were stage II (23.3%), 84 patients were stage III (15.9%), and 26 patients were stage IV (4.9%). Most patients were smokers (85.6%). The median age of all LUAD patients was 65 years.
TABLE 1 | Clinical characteristics of the patients with lung adenocarcinoma.
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To evaluate the DNASE1L3 mRNA levels in different tumors and normal tissues of multiple cancer types, we firstly examined DNASE1L3 expression using the RNA-seq data of multiple malignancies in TCGA. As shown in Figure 1A, DNASE1L3 expression shows significantly lower in the pancancers. Especially, the DNASE1L3 mRNA level was found to lowly expressed in LUAD comparing with normal tissue (Figure 1B, p < 0.001) and paired adjacent normal tissues (Figure 1C, p < 0.001). The differences in protein levels of DNASE1L3 were then analyzed by the CPTAC dataset and HPA database. As shown in Figure 1D, the protein expression level of DNASE1L3 was significantly down-regulated in LUAD tissues than in normal tissues (Figure 1D, p < 0.001). When showing the protein expression by immunohistochemistry images, the DNASE1L3 was still significantly down-regulated in LUAD tissues compared with normal samples (Figure 1G). To further verify the above conclusions, we further investigated DNASE1L3 expression in GSE40791 and GSE10072 datasets. We found that DNASE1L3 was indeed obviously expressed at a lower level in the LUAD tissues (Figures 1E,F, all p < 0.001). Taken together, all these results indicated that DNASE1L3 was remarkably down-regulated in LUAD patients at both mRNA and protein levels, implying a potential role in LUAD development and progression.
[image: Figure 1]FIGURE 1 | mRNA and protein expression level of DNASE1L3 in lung adenocarcinoma. (A) Human DNASE1L3 expression levels in different tumor types from TCGA database were determined by TIMER (nsp > 0.05, **p < 0.01, ***p < 0.001). Based on the TCGA data, DNASE1L3 expression was significantly down-regulated in LUAD tissues compared to normal tissues (B) and noncancerous adjacent tissues (all p < 0.001) (C). (D) Based on the CPTAC dataset, protein expression level of DNASE1L3 between normal tissue and primary tissue of LUAD (p < 0.001). (E–F) DNASE1L3 was expressed at a lower level in LUAD tissues than normal tissues (p < 0.05) from two different LUAD datasets. (G) Representative immunohistochemistry images of DNASE1L3 in LUAD and normal tissues derived from the HPA database.
Correlation of DNASE1L3 Expression With Clinical Features
Secondly, we explored the roles of DNASE1L3 in LUAD progression. The Mann–Whitney U test or Kruskal–Wallis rank sum test method was applied to analyze the correlation between the expression level of DNASE1L3 and age, gender, TNM stage, pathologic stage, residual tumor, and smoking status (Figures 2A–H). The results indicated that low expression of DNASE1L3 was significantly correlated with higher T stages (Figure 2C, p < 0.001) and pathologic stages (Figure 2F, p = 0.024). Moreover, as shown in Table 2. The expression of DNASE1L3 was associated with OS event (p < 0.001), pathologic stage (p = 0.013), and T stage (p < 0.001) but was not related to N stage (p = 0.214), M stage (p = 0.122), gender (p = 0.154), age (p = 0.253), residual tumor (p = 0.806), and smoking history (p = 0.762). Collectively, these results clarified that the low expression of DNASE1L3 gene was significantly correlated with advanced T stage and pathologic stage in LUAD.
[image: Figure 2]FIGURE 2 | Box plot evaluating DNASE1L3 expression of patients with LUAD according to different clinical characteristics. (A) Age; (B) Gender; (C) T stage; (D) N stage; (E) M stage; (F) pathologic stage; (G) residual tumor; (H) smoking status.
TABLE 2 | Relationship between the clinical features and DNASE1L3 expression in patients with lung adenocarcinoma.
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As decreased expression of DNASE1L3 had a trend to be associated with pathologic stage in LUAD patients, we hypothesized that it could be a better early diagnostic parameter for LUAD. Compared with the normal group, the expression of DNASE1L3 was significantly decreased at all pathological stages of LUAD (p < 0.0001, Figure 3A). The result showed that AUC value of DNASE1L3 for LUAD were 0.948 (95% CI, 0.927–0.968, sensitivity = 79.6% and specificity = 98.3%, Figure 3B). Then, the diagnosis at different pathological stages of LUAD was further analyzed. ROC analysis indicated that the AUC was calculated as 0.944 (strong) for stage I, 0.949 (strong) for stage II, 0.954 (strong) for stage III, and 0.952 (strong) for stage IV, respectively (Figures 3C–F). The diagnostic efficacy of DNASE1L3 for LUAD was also verified in GSE40791 and GSE10072 datasets. The AUC values for DNASE1L3 were 0.9984 (95% CI, 0.9752–1.000) and 0.9535 (95% CI, 0.9256–0.9815), respectively. These results indicated that DNASE1L3 could be invoked as a useful early diagnostic biomarker for lung adenocarcinoma.
[image: Figure 3]FIGURE 3 | Diagnostic value of DNASE1L3 expression in patients with lung adenocarcinoma. The results of the TGCA dataset showed higher expression of DNASE1L3 in normal tissues than in pathologic stages of LUAD (all p < 0.001) (A); ROC curves of DNASE1L3 expression in patients with LUAD, including normal vs. overall tumor (B); normal vs. stage I tumor (C); normal vs. stage II tumor (D); normal vs. stage III tumor (E); normal vs. stage IV tumor (F) based on the TGCA dataset; ROC curve of DNASE1L3 for LUAD through the GEO datasets (G–H). AUC, area under the curve.
Prognostic Value of DNASE1L3 in Lung Adenocarcinoma
Next, we evaluated the prognostic values of DNASE1L3 in LUAD via the Kaplan–Meier plotter. Significant results were shown in Figure 4: lower mRNA expression of DNASE1L3 associated with poorer OS, DSS, and PFI in LUAD patients, respectively (Figure 4A HR = 0.55, 95% CI: 0.41–0.74, and p < 0.001; Figure 4D HR = 0.54, 95% CI: 0.37–0.79, and p = 0.001; Figure 4G HR = 0.75, 95% CI: 0.58–0.98, and p = 0.034). In addition, we performed stratified analyses of DNASE1L3 for OS, DSS, and PFI, respectively. The stratification was conducted by age, gender, T stage, N stage, M stage, pathological stage, and smoking status.
[image: Figure 4]FIGURE 4 | Survival analysis of DNASE1L3 in lung adenocarcinoma by OS, DSS, and PFI as well as stratified analysis by age. (A–C) Survival analysis of DNASE1L3 in lung adenocarcinoma by OS as well as stratified analysis by elderly patients and young patients, respectively. (D–F) Survival analysis of DNASE1L3 in lung adenocarcinoma by DSS as well as stratified analysis by elderly patients and young patients, respectively. (G,H) Survival analysis of DNASE1L3 in lung adenocarcinoma by PFI as well as stratified analysis by elderly patients and young patients, respectively. Notes: elderly patients: age > 65; young patients: age ≤ 65.
As shown in Figure 4, the OS and DSS of the low expression group of elderly patients (patients older than 65 years) was poorer than that of the high expression group (Figure 4B HR = 0.43 (0.28–0.66) p < 0.001; Figure 4E HR = 0.48 (0.27–0.82) p = 0.008). But there was no difference between the two groups in young patients (age ≤ 65) (Figures 4C,F). Also, as for PFI, there was no difference between the two groups of young patients or elderly patients (Figures 4H,I). Survival analysis stratified by gender is shown in Figure 5. As for male patients, only the OS of the low expression group was poorer than that of the high expression group (Figure 5A HR = 0.57 (0.37–0.87) p = 0.01), whereas the OS, DSS, and PFI of the low expression group of female patients were poorer than that of the high expression group, respectively (Figure 5D HR = 0.48 (0.32–0.73) p = 0.001; Figure 5E HR = 0.43 (0.25–0.73) p = 0.002; Figure 5F HR = 0.69 (0.48–1.00) p = 0.048). To more accurately assess survival outcomes, we performed a stratified survival score for T, N, and M stages. As shown in Figure 6, the OS and DSS of the low expression group of T1&T2 patients were poorer than that of the high expression group (Figure 6A HR = 0.58 (0.42–0.80) p = 0.001; Figure 6B HR = 0.60 (0.40–0.90) p = 0.014). However, there was no difference between the low expression group and high expression group of T3&T4 patients (Figures 6D,E). There was also no statistically significant difference in PFS between the two groups of T1&T2 and T3&T4 patients (Figures 6C,F). Similar results were obtained when analysis was stratified by N stage (N0&N1 vs. N2&N3) (Figures 7A–F). The results from stratified analysis by M stage were presented in Figure 8. The OS and DSS of the low expression group of M0 patients were poorer than that of the high expression group (Figure 8A HR = 0.59 (0.42–0.84) p = 0.003; Figure 8B HR = 0.63 (0.40–0.99) p = 0.044). But there was no difference between the two group of M1 patients (Figures 8D,E). There was also no statistically significant difference in PFS between the two groups of M0 patients (Figure 8C). However, the PFI of the low expression group of M1patients was poorer than that of the high expression group (Figure 8F HR = 0.24 (0.07–0.81) p = 0.021). Figure 9 shows results of the analysis stratified by pathological stage early stage (Ⅰ & Ⅱ) vs. late stage (Ⅲ &Ⅳ). The result demonstrated that analysis stratified by pathological stage (Figures 9A–F) showed similar results with T stage (T1&T2 vs. T3&T4) and N stage (N0&N1 vs. N2&N3). The results by stratified survival analysis of DNASE1L3 in lung adenocarcinoma by smoking status of OS, DSS, and PFI are shown in Figure 10. The OS and DSS of the low expression group of smoking patients was poorer than that of the high expression group [Figure 10A HR = 0.61 (0.44–0.8) p = 0.003; Figure 10B HR = 0.58 (0.38–0.87) p = 0.01]. In addition, the OS of the low expression group of non-smoking patients was poorer than that of the high expression group [Figure 10D HR = 0.35 (0.15–0.80) p = 0.013]. However, the PFI of the low expression group of smoking patients was not significant with the high expression group (Figure 10C), as well as the DSS and PFI of the two groups of non-smoking patients (Figures 10E,F).
[image: Figure 5]FIGURE 5 | Stratified survival analysis of DNASE1L3 in lung adenocarcinoma by gender of OS, DSS, and PFI. (A,D) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of male and female of OS, respectively. (B,E) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of male and female of DSS, respectively. (C,F) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of male and female of PFI, respectively.
[image: Figure 6]FIGURE 6 | Stratified survival analysis of DNASE1L3 in lung adenocarcinoma by T stage of OS, DSS, and PFI. (A,D) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of T1&T2 and T3&T4 of OS, respectively. (B,E) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of T1&T2 and T3&T4 of DSS, respectively. (C,F) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of T1&T2 and T3&T4 of PFI, respectively.
[image: Figure 7]FIGURE 7 | Stratified survival analysis of DNASE1L3 in lung adenocarcinoma by N stage of OS, DSS, and PFI. (A,D) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of N0&N1 and N2&N3 of OS, respectively. (B,E) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of N0&N1 and N2&N3 of DSS, respectively. (C,F) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of N0&N1 and N2&N3 of PFI, respectively.
[image: Figure 8]FIGURE 8 | Stratified survival analysis of DNASE1L3 in lung adenocarcinoma by M stage of OS, DSS, and PFI. (A,D) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of M0 and M1 of OS, respectively. (B,E) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of M0 and M1 of DSS, respectively. (C,F) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of M0 and M1 of PFI, respectively.
[image: Figure 9]FIGURE 9 | Stratified survival analysis of DNASE1L3 in lung adenocarcinoma by pathological stage of OS, DSS, and PFI. (A,D) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of early stage (Ⅰ &Ⅱ) and late stage (Ⅲ &Ⅳ) of OS, respectively. (B,E) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of early stage (Ⅰ &Ⅱ) and late stage (Ⅲ &Ⅳ) of DSS, respectively. (C,F) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of early stage (Ⅰ &Ⅱ) and late stage (Ⅲ &Ⅳ) of PFI, respectively.
[image: Figure 10]FIGURE 10 | Stratified survival analysis of DNASE1L3 in lung adenocarcinoma by smoking status of OS, DSS, and PFI. (A,D) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of smoking and non-smoking of OS, respectively. (B,E) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of smoking and non-smoking of DSS, respectively. (C,F) Stratified survival analysis of DNASE1L3 in lung adenocarcinoma of smoking and non-smoking of PFI, respectively.
The prognostic significance of the DNASE1L3 level was further confirmed in a Cox regression analysis. In the univariate analysis, DNASE1L3 expression, T stage, N stage, M stage, and pathologic stage were all associated with the OS (Table 3, all p < 0.05). In the multivariate analysis, DNASE1L3 expression, along with T stage, was also associated with the OS, and the DNASE1L3 was an independent factor for the overall survival of LUAD patients (HR = 0.680; 95% CI: 0.484–0.956; p = 0.027, HR = 1.653; 95% CI: 1.020–2.680; p = 0.041) (Table 3 and Figure 11). Furthermore, according to the above results, a nomogram was performed to predict the1-, 3-, and 5-years survival probability of patients by combining the expression level of DNASE1L3 with clinical parameters (Figure 12). Taken together, the above results suggested that DNASE1L3 could function as a potential prognostic factor in LUAD.
TABLE 3 | Univariate and multivariate analysis of overall survival in patients with lung adenocarcinoma.
[image: Table 3][image: Figure 11]FIGURE 11 | Forest plot of the multivariate Cox regression analysis in LUAD.
[image: Figure 12]FIGURE 12 | Nomogram for predicting probability of patients with 1-, 3-, and 5-years OS.
DNASE1L3 Correlates With Immune Infiltration in Lung Adenocarcinoma
The correlations between DNASE1L3 expression and immune infiltration were assessed with GSVA package and SSGSEA package in R. The Spearman rank correlation analysis revealed significant positive correlations between DNASE1L3 expression and CD8+T cells, cytotoxic cells, DCs, neutrophils, macrophages, NK cells, Treg cells, Th1 cells, Th17 cells, B cells, and T cells (all p < 0.05) (Figure 13, Figures 14A,B). However, DNASE1L3 indicated a negative correlation with Th2 cell in LUAD (Figure 13J, Figure 14B). To broaden our understanding of correlations between DNASE1L3 expression and immune infiltration, correlation analysis between DNASE1L3 and several immune checkpoints LUAD were performed. As shown in the Figure 14C, the gene expression levels of potential immune checkpoints, including CD47, CTLA4, VSIR, CD274, HAVCR2, LAG3, PDCD1, PDCD1LG2, TIGIT, SIGLEC1, CD70, CD27, and ICOS were positively correlated with the expression of DNASE1L3 (Figure 14C, all p < 0.05). It is highly likely that DNASE1L3 is involved in LUAD immune infiltration.
[image: Figure 13]FIGURE 13 | The relationship between DNASE1L3 expression and immune infiltration level in lung adenocarcinoma. The relationship between DNASE1L3 expression and B lymphocyte infiltration (A), CD8 T cell infiltration (B), cytotoxic cell infiltration (C), DC infiltration (D), neutrophil cell infiltration (E), macrophage infiltration (F), NK cell infiltration (G), Treg cell infiltration (H), Th1 cell infiltration (I), Th2 cell infiltration (J), Th17 cell infiltration (K), and T cell infiltration (I).
[image: Figure 14]FIGURE 14 | Immune characteristics of the TCGA-LUAD subtype. (A) Different infiltrating abundances of 11 immune cell types estimated by between high and low expression of DNASE1L3. (B) The relationship between DNASE1L3 expression and immune infiltration level. (C) Different expression of available emerging immunotherapeutic targets between high and low expression of DNASE1L3. *p < 0.05; **p < 0.01; ***p < 0.001.
Relationship Between DNASE1L3 Expression and Somatic Mutation Load
We further analyzed the association between somatic mutation load and DNASE1L3 expression in 567 LUAD cases, which showed missense mutation as the predominant type of variant classification (Figures 15A,B). Meanwhile, detailed comparisons revealed that single-nucleotide variant (SNV) in LUADs occurred more frequently than insertion or deletion (Figure 15C). Moreover, it was shown that C > A and C > T were found to be the main SNV class in LUADs (Figure 15C). In addition, the top 10 mutated genes in LUADs with ranked percentages were calculated. The gene mutation status was also shown with a waterfall plot. Waterfall plots illustrate the mutation profiles of genes in LUADs with high/low-DNASE1L3, and the mutation types are represented using various colors at the bottom of the map (Figures). Boxplots were used to exhibit the mutation frequency of each gene in high- and low-DNASE1L3 subgroups (Figure 15B).
[image: Figure 15]FIGURE 15 | Mutation feature of DNASE1L3 in LUAD. The alteration frequency with mutation type and mutation site of DNASE1L3 (A). Distribution of frequently mutated genes in different TCGA-LUAD subgroups. The upper bar plot shows the tumor mutation burden (TMB) for each patient, whereas the left bar plot indicates the gene mutation frequency in different groups (B). The top 10 LUAD-correlated mutation genes in TCGA projects and the mutation frequency, variant classification, variant type, and SNV class of the mutated genes in high- and low-DNASE1L3 subgroups (C).
Relationship Between DNASE1L3 Expression and m6A Regulatory Genes
Finally, we analyzed the expression of 20 m6A regulatory genes in LUADs (n = 535) and normal tissues (n = 59). Heat maps showed that 15 m6A-related genes were differentially expressed between LUADs and control tissues (Supplementary Figure S1A) and 9 m6A-related genes were differentially expressed between high- and low-DNASE1L3 expression of tumor samples (Supplementary Figure S1B). Specifically, the expression levels of IGF2BP1, IGF2BP3, VIRMA, HNRNPC, RBMX, YTHDF1, YTHDF2, METTL3, RBM15, and HNRNPA2B1were remarkably higher in LUADs than those in normal tissues (Supplementary Figure S1C, all p < 0.001).
Enrichment Analysis of DNASE1L3-Related Partners
To further explore the potential biological function of DNASE1L3 gene in LUAD, enrichment analysist based on the DNASE1L3-relating differentially expressed genes (DEGs) was performed. According to Supplementary Figure S2A, 195 DEGs were obtained including 167 upregulated genes and 28 downregulated genes. Corresponding hierarchical clustering analysis of the top 5 up-regulated and down-regulated DNASE1L3 expression-correlated DEGs was displayed (Supplementary Figure S2B). Enrichment analyses including GO and KEGG analyses were applied to further determine the underlying molecular mechanisms of the DNASE1L3 in tumorigenesis. The results of GO analyses revealed that most of upregulated DEGs were linked to the events such as regulation of membrane potential, regulation of postsynaptic membrane potential, neurotransmitter receptor activity, and extracellular ligand-gated ion channel activity. Moreover, the results of KEGG pathway enrichment analysis of upregulated DEGs were mainly involved in neuroactive ligand-receptor interaction (Supplementary Figure S2C,D and Table 4). Furthermore, the GSEA showed DNASE1L3-associated DEGs significantly enriched in G protein-coupled receptor ligand biding (NES = 1.738; P adjust = 0.044; FDR = 0.033) and G alpha (i) signaling events (NES = 1.635; P adjust = 0.044; FDR = 0.033) (Supplementary Figure S2E,F). All these results demonstrated that DNASE1L3 might regulate the process of intracellular signal transduction and transmission, which could provide a new direction to the research on the crosstalk between tumor cells.
TABLE 4 | Results of GO enrichment and KEGG pathway analysis.
[image: Table 4]DISCUSSION
DNASE1L3 can cleave both single and double stranded DNA, generating DNA fragments with 3-OH ends (Serpas et al., 2019) and involve in intranuclear DNA fragmentation during apoptosis and necrosis. DNASE1L3 gene expression and functions in carcinoma have been recently reported (Wang et al., 2020a; Liu J. et al., 2021; Deng et al., 2021). However, the significance of its expression in prognosis and diagnosis in patients with LUAD is largely unclear.
In this study, we firstly analyzed the DNASE1L3 gene expression profile in pan-cancer via TIMER20. Then, we analyzed transcriptional and protein expression levels of DNASE1L3 in LUAD. We also confirmed the expression of DNASE1L3 in LUAD through the GSE40791 and GSE10072 datasets. The results demonstrated that DNASE1L3 was indeed obviously expressed at a lower level in the LUAD tissues. DNASE1L3 gene expression and its potential prognostic impact on patients with LUAD have not been evaluated. Wang et al. (Wang et al., 2020a) reported that the expression level of DNASE1L3 was significantly decreased and associated with poor overall survival in hepatocellular carcinoma. Deng et al. (Deng et al., 2021) investigated the expression levels of DNASE1L3, and the results revealed the DNASE1L3 was a prognostic biomarker in cancer of the breast, kidney, liver, stomach, lung adenocarcinoma, and sarcoma via bioinformatics analysis using TCGA database. This is the first comprehensive study to evaluate DNASE1L3 gene expression in the prognosis of patients with LUAD. Analysis revealed that DNASE1L3 gene expression was negatively associated with OS event, pathologic, stage and T stage. Multivariate Cox analysis further confirmed that low DNASE1L3 expression was an independent prognostic factor for OS in patients with LUAD; T stage was associated with worse prognosis in LUAD, as suggested by the forest plot. Additionally, Kaplan–Meier plotter results suggested that the down-regulation of DNASE1L3 indicated poor prognosis of LUAD, which specifically reflected on the advanced clinical characteristics of tumor pathological stages and the depth of the primary tumor invasion. These results suggest that DNASE1L3 plays a tumor suppressive role in LUAD. In this paper, we noted that the M stage represented the state of distant metastasis, but had no effect on the expression of DNASE1L3. Combined with subsequent analysis, it was found that DNASE1L3 may affect tumor progression mainly by regulating the immune microenvironment, but may not promote distant metastasis of tumor in tumor tissues.
Gender is a key factor affecting individual cancer progression. There are significant gender differences in the incidence, aggressiveness, prognosis, and treatment response of various tumors. However, as shown in Figure 1C, there was no difference in the expression of DNASE1L3 between male and female cancer patients. As the body ages, humans suffer many diseases, including tumors. In this study, the patients were divided into two groups by age of 65; it was found that age was not related to the expression of DNASE1L3, nor was it direct factor affecting the prognosis of LUAD patients in the TCGA-LUAD dataset, as can be seen in Table 2. Smoking is the leading risk factor for lung cancer. However, in this paper, smoking or not is not related to the expression of DNASE1L3, and the specific reasons need to be further explored.
Tumor immune cell infiltration plays an important role in tumor prognosis and influences the response to immunotherapy (Zhang et al., 2016; Cavnar et al., 2017; Titov et al., 2021). Currently, several studies have demonstrated the importance of tumor-infiltrating immune cells and other immune molecules (including tumor-associated macrophages, natural killer cells, and dendritic cells) in the prognosis of lung adenocarcinoma (Liu W. et al., 2021; Mu et al., 2021; Shen et al., 2021). Therefore, we further analyzed the infiltration rates of various immune cells with the low and high expression levels of DNASE1L3 gene. We observed that the level of DNASE1L3 expression was positively linked to immune infiltration, especially for DCs, Mphs, and NEUs, which is similar to previous researches. In addition, in order to gain deeper insights into the immune landscape of LUAD, the expression of immune checkpoint molecules was investigated. By assessing the relationship between immune checkpoint molecule expression and DNASE1L3 profile, we found heterogeneity in the expression of immune checkpoint proteins in the immune microenvironment of LUAD. From the above results, we infer that the expression of DNASE1L3 involved in the immune infiltration may potentially impact the occurrence and development of lung adenocarcinoma.
As observed by Bhalla et al., DNASE1L3 was overexpressed in early stage of clear cell renal cancer and has some diagnostic ability to distinguish between early and late stage tumors (Bhalla et al., 2017a). However, its diagnostic significance in lung adenocarcinoma has not been reported. Our research first suggests and validates the diagnostic (strong) value of DNASE1L3 for lung adenocarcinoma.
Tumor mutation burden (TMB) is considered essential factors impacting on the occurrence and progression of tumor. Previously, Yue et al. (Yue et al., 2019) reported that a TMB relating gene has predictive accuracy for OS in LUAD patients. In our study, the mutation status of several cancer-related genes with high mutation probability in LUAD significantly affected the expression of DNASE1L3. The correlation between these mutated genes and the expression of DNASE1L3 suggests that differential expression of DNASE1L3 may play a regulatory role in LUAD. Nevertheless, further studies are needed to verify this hypothesis.
As a new dimension of gene expression control, RNA N6-methyladenosine (m6A) modification has attracted great academic interest in recent years. As the most abundant mRNA modification, m6A is involved in the regulation of the occurrence and development of tumors by controlling the expression of key genes, which has become the focus of research in recent years (Zhao et al., 2020). Previous studies have reported that abnormal m6A methylation modification may impact the development of lung cancer (Cheng et al., 2021). Our result showed that there are nine m6A-related regulators that were differentially expressed between high- and low-DNASE1L3 expression of LUAD. We speculate that the down expression of DNASE1L3 in lung adenocarcinoma is highly likely to be related to the abnormal regulation of m6A-related regulators; of course, the clear mechanism needs to be further studied.
In addition, we found that the up-expression phenotype of DNASE1L3 was associated with the events such as regulation of membrane potential, regulation of postsynaptic membrane potential, neurotransmitter receptor activity, and extracellular ligand-gated ion channel activity. Moreover, KEGG analysis revealed that DNASE1L3-associated DEGs were mainly involved in neuroactive ligand-receptor interaction. Furthermore, the GSEA showed significantly enriched in G protein-coupled receptor ligand biding and G alpha (i) signaling events. All these results indicated that DNASE1L3 might regulate the process of intracellular signal transduction and transmission, which could provide a new direction to the research on the crosstalk between tumor cells. However, such mechanisms require further investigation.
In a word, this is the first study to comprehensively analyze the relationship between DNASE1L3 expression level and early diagnosis and prognosis in patients with lung adenocarcinoma. Inevitably, this research has several limitations that need to be addressed. First, because the prognosis of DNASE1L3 in this research was based on data onto the TCGA datasets, additional clinical data are needed to verify it. Second, due to the small sample size, the effect of gene mutation and methylation of DNASE1L3 on prognosis cannot be carried out, and further supplement is needed. Thirdly, our study results are only limited to mRNA level, so it needs to be verified at protein level. In addition, there are still many questions to be solved, such as whether DNASE1L3 is related to chemotherapy resistance of LUAD, and how DNASE1L3 expression changes after chemotherapy? Meanwhile, what is the specific mechanism of DNASE1L3 in LUAD? Therefore, further molecular mechanism research is needed.
CONCLUSION
In summary, this study provides novel evidences for the clinical and biological significance of DNASE1L3 in LUAD. Our results demonstrated that both the mRNA and protein levels of DNASE1L3 were noticeably downregulated in LUADs compared with normal tissues. The low expression level of DNASE1L3 was significantly associated with higher pathological stages, higher T stages, and poor prognosis in LUAD, and the DNASE1L3 expression level might be an independent prognostic factor of LUAD. Furthermore, from a series of bioinformatics analysis, we found mRNA level of DNASE1L3 was positively linked to the degree of infiltration of various tumor-infiltrating immune cells, the gene expression levels of potential immune checkpoint molecules, and some m6A methylation regulators in LUAD. Finally, DNASE1L3 showed strong early diagnostic value for LUAD. We conclude that the low expression level of DNASE1L3 may serve as a clinically useful diagnostic and prognostic biomarker, and potentially as a therapeutic target in LUAD.
DATA AVAILABILITY STATEMENT
Publicly available datasets were analyzed in this study. This data can be found here: https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga.
AUTHOR CONTRIBUTIONS
1) Conception and design: JC and YS; 2) Administrative support: YS; 3) Provision of study materials or patients: WH, LS, JC, and YL; 4) Collection and assembly of data: JC; 5) Data analysis and interpretation: JC and JD; 6) Manuscript writing: All authors; 7) Final approval of manuscript: All authors.
FUNDING
The following grant information was disclosed by the authors: Liuzhou Scientific Research and Technological Development Programs: 2014JC010. Guangxi Zhuang Autonomous Region Health and Family Planning Commission: Z2014613. Guangxi Zhuang Autonomous Region Health and Family Planning Commission: Z20200378. Guangxi Zhuang Autonomous Region Health and Family Planning Commission: Z20200841.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
We gratefully appreciate the efforts and contributions of all members of the research group.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2021.699242/full#supplementary-material
Supplementary Figure S1 | Expression of m6A modification regulators in LUAD. (A) The heat map visualizes the expression levels of m6A RNA modification regulators in each tumor samples and normal control samples. (B) The expression levels of m6A RNA modification regulators in each high- and low-DNASE1L3 expression of tumor samples. (C) The box figure shows the differentially m6A RNA modification regulators in LUAD. The significance of the two groups of samples passed the Mann-Whitney U test. *p < 0.05, **p < 0.01, **p < 0.001. Abbreviations: m6A: N6-methyladenosine.
Supplementary Figure S2 | Enrichment analysis of DNASE1L3 expression-correlated DEGs in LUAD. (A) Volcano plot of DEGs between samples with high DNASE1L3 expression and low DNASE1L3 expression. (B) Heat maps of the top 5 up-regulated and down-regulated DNASE1L3 expression-correlated DEGs. (C) KEGG enrichment and GO enrichment analysis by DNASE1L3 expression-correlated upregulated DEGs. (D) Interaction networks of enriched biological processes. (E-F) Functional annotation of DEGs in LUAD patients with distinct DNASE1L3 levels. NES: normalized enrichment score; FDR: false discovery rate. FDR<0.25 and P adjust<0.05 is generally considered as significant enrichment.
REFERENCES
 Al-Mayouf, S. M., Sunker, A., Abdwani, R., Abrawi, S. A., Almurshedi, F., Alhashmi, N., et al. (2011). Loss-of-function Variant in DNASE1L3 Causes a Familial Form of Systemic Lupus Erythematosus. Nat. Genet. 43 (12), 1186–1188. doi:10.1038/ng.975
 Anand, M., De-Chen, L., Yassen, A., Plass, C., and Koeffler, H. P. (2018). Maftools: Efficient and Comprehensive Analysis of Somatic Variants in Cancer. Genome Res. 28 (11), 1747–1756. doi:10.1101/gr.239244.118
 Bhalla, S., Chaudhary, K., Kumar, R., Sehgal, M., Kaur, H., Sharma, S., et al. (2017a). Gene Expression-Based Biomarkers for Discriminating Early and Late Stage of clear Cell Renal Cancer. Sci. Rep. 7, 44997. doi:10.1038/srep44997
 Cavnar, M. J., Turcotte, S., Katz, S. C., Kuk, D., Gönen, M., Shia, J., et al. (2017). Tumor-Associated Macrophage Infiltration in Colorectal Cancer Liver Metastases Is Associated with Better Outcome. Ann. Surg. Oncol. 24 (7), 1835–1842. doi:10.1245/s10434-017-5812-8
 Chen, F., Chandrashekar, D. S., Varambally, S., and Creighton, C. J. (2019). Pan-cancer Molecular Subtypes Revealed by Mass-Spectrometry-Based Proteomic Characterization of More Than 500 Human Cancers. Nat. Commun. 10, 5679. doi:10.1038/s41467-019-13528-0
 Cheng, Y., Wang, M., Zhou, J., Dong, H., Wang, S., and Xu, H. (2021). The Important Role of N6-Methyladenosine RNA Modification in Non-small Cell Lung Cancer. Genes 12 (3), 440. doi:10.3390/genes12030440
 Deng, Z., Xiao, M., Du, D., Luo, N., Liu, D., Liu, T., et al. (2021). DNASE1L3 as a Prognostic Biomarker Associated with Immune Cell Infiltration in Cancer. Ott 14, 2003–2017. doi:10.2147/ott.S294332
 Denisenko, T. V., Budkevich, I. N., and Zhivotovsky, B. (2018). Cell Death-Based Treatment of Lung Adenocarcinoma. Cell Death Dis 9 (2), 117. doi:10.1038/s41419-017-0063-y
 Errami, Y., Naura, A. S., Kim, H., Ju, J., Suzuki, Y., Elbahrawy, A. H., et al. (2012). Apoptotic DNA Fragmentation May Be a Cooperative Activity between Caspase-Activated DNASE and the PARP-Regulated DNAS1L3, an ER-Localized Endonuclease that Translocates to the Nucleus during Apoptosis, J. Biol. Chem. 288 (5), 3460doi:10.1074/jbc.M112.423061
 Gehring, J. S., Bernd, F., Michael, L., and Wolfgang, H. J. B. (2015). SomaticSignatures: Inferring Mutational Signatures from Single-Nucleotide Variants. Bioinformatics 31 (22), 3673–3675.
 Han, D. S. C., Ni, M., Chan, R. W. Y., Chan, V. W. H., Lui, K. O., Chiu, R. W. K., et al. (2020). The Biology of Cell-free DNA Fragmentation and the Roles of DNASE1, DNASE1L3, and DFFB. Am. J. Hum. Genet. 106 (2), 202–214. doi:10.1016/j.ajhg.2020.01.008
 Hänzelmann, S., Castelo, R., and Guinney, J. (2013). GSVA: Gene Set Variation Analysis for Microarray and RNA-Seq Data. BMC Bioinformatics 14 (1), 7. doi:10.1186/1471-2105-14-7
 Li, T., Fan, J., Wang, B., Traugh, N., Chen, Q., Liu, J. S., et al. (2017). TIMER: A Web Server for Comprehensive Analysis of Tumor-Infiltrating Immune Cells. Cancer Res. 77 (21), e108–e110. doi:10.1158/0008-5472.Can-17-0307
 Liu, J., Lichtenberg, T., Hoadley, K. A., Poisson, L. M., Lazar, A. J., Cherniack, A. D., et al. (2018). An Integrated TCGA Pan-Cancer Clinical Data Resource to Drive High-Quality Survival Outcome Analytics. Cell 173 (2), 400. doi:10.1016/j.cell.2018.02.052
 Liu, J., Yi, J., Zhang, Z., Cao, D., Li, L., and Yao, Y. (2021a). Deoxyribonuclease 1-like 3 May Be a Potential Prognostic Biomarker Associated with Immune Infiltration in colon Cancer. Aging 13 (12), 16513–16526. doi:10.18632/aging.203173
 Liu, W., Jiang, K., Wang, J., Mei, T., Zhao, M., and Huang, D. (2021b). Upregulation of GNPNAT1 Predicts Poor Prognosis and Correlates with Immune Infiltration in Lung Adenocarcinoma. Front. Mol. Biosci. 8, 605754. doi:10.3389/fmolb.2021.605754
 Liu, X., Xiang, D., Xu, C., and Chai, R. (2021c). EIF3m Promotes the Malignant Phenotype of Lung Adenocarcinoma by the Up-Regulation of Oncogene CAPRIN1. Am. J. Cancer Res. 11 (3), 979–996. 
 Melissa Haig, J. D., Dahlke, J., Haig, M., Wohlwend, L., and Malecki, R. (2013). Eradication of Human Ovarian Cancer Cells by Transgenic Expression of Recombinant DNASE1, DNASE1L3, DNASE2, and DFFB Controlled by EGFR Promoter: Novel Strategy for Targeted Therapy of Cancer§. J. Genet. Syndr. Gene Ther. 04 (6), 152. doi:10.4172/2157-7412.1000152
 Mu, L., Ding, K., Tu, R., and Yang, W. (2021). Identification of 4 Immune Cells and a 5-lncRNA Risk Signature with Prognosis for Early-Stage Lung Adenocarcinoma. J. Transl Med. 19 (1), 127. doi:10.1186/s12967-021-02800-x
 Robin, X., Turck, N., Hainard, A., Tiberti, N., Lisacek, F., Sanchez, J.-C., et al. (2011). pROC: an Open-Source Package for R and S+ to Analyze and Compare ROC Curves. BMC Bioinformatics 12 (1), 77. doi:10.1186/1471-2105-12-77
 Rodriguez, A. M., Rodin, D., Nomura, H., Morton, C. C., Weremowicz, S., and Schneider, M. C. (1997). Identification, Localization, and Expression of Two Novel Human Genes Similar to Deoxyribonuclease I. Genomics 42 (3), 507–513. doi:10.1006/geno.1997.4748
 Serpas, L., Chan, R. W. Y., Jiang, P., Ni, M., Sun, K., Rashidfarrokhi, A., et al. (2019). Dnase1l3 Deletion Causes Aberrations in Length and End-Motif Frequencies in Plasma DNA. Proc. Natl. Acad. Sci. USA 116 (2), 641–649. doi:10.1073/pnas.1815031116
 Shen, E., Han, Y., Cai, C., Liu, P., Chen, Y., Gao, L., et al. (2021). Low Expression of NLRP1 Is Associated with a Poor Prognosis and Immune Infiltration in Lung Adenocarcinoma Patients. Aging 13 (5), 7570–7588. doi:10.18632/aging.202620
 Shiokawa, D., and Tanuma, S.-i. (2001). Characterization of Human DNase I Family Endonucleases and Activation of DNase γ during Apoptosis. Biochemistry 40 (1), 143–152. doi:10.1021/bi001041a
 Sisirak, V., Sally, B., D’Agati, V., Martinez-Ortiz, W., Özçakar, Z. B., David, J., et al. (2016). Digestion of Chromatin in Apoptotic Cell Microparticles Prevents Autoimmunity. Cell 166 (1), 88–101. doi:10.1016/j.cell.2016.05.034
 Sjöblom, T., Jones, S., Wood, L. D., Parsons, D. W., Lin, J., Barber, T. D., et al. (2006). The Consensus Coding Sequences of Human Breast and Colorectal Cancers. Science 314 (5797), 268–274. doi:10.1126/science.1133427
 Subramanian, A., Tamayo, P., Mootha, V. K., Mukherjee, S., Ebert, B. L., Gillette, M. A., et al. (2005). Gene Set Enrichment Analysis: A Knowledge-Based Approach for Interpreting Genome-wide Expression Profiles. Proc. Natl. Acad. Sci. 102 (43), 15545–15550. doi:10.1073/pnas.0506580102
 Sun, Y., Ouyang, B., Xie, Q., Wang, L., Zhu, S., and Jia, Y. (2020). Serum Deoxyribonuclease 1-like 3 Is a Potential Biomarker for Diagnosis of Ankylosing Spondylitis. Clin. Chim. Acta 503, 197–202.
 Titov, A., Zmievskaya, E., Ganeeva, I., Valiullina, A., Petukhov, A., Rakhmatullina, A., et al. (2021). Adoptive Immunotherapy beyond CAR T-Cells. Cancers 13 (4), 743. doi:10.3390/cancers13040743
 Wang, S., Ma, H., Li, X., Mo, X., Zhang, H., Yang, L., et al. (2020a). DNASE1L3 as an Indicator of Favorable Survival in Hepatocellular Carcinoma Patients Following Resection. Aging 12 (2), 1171–1185. doi:10.18632/aging.102675
 Wickham, H. (2016). ggplot2 Egant Graphics for Data Analysis. Cham: Springer International Publishing. doi:10.1007/978-3-319-24277-4
 Wilber, A., O'Connor, T. P., Lu, M. L., Karimi, A., and Schneider, M. C. (2003). Dnase1l3 Deficiency in Lupus-Prone MRL and NZB/W F1 Mice. Clin. Exp. Immunol. 134 (1),46–52. doi:10.1046/j.1365-2249.2003.02267.x
 Xu, B., Lv, W., Li, X., Zhang, L., and Lin, J. (2019). Prognostic Genes of Hepatocellular Carcinoma Based on Gene Coexpression Network Analysis. J. Cel Biochem 120 (7), 11616–11623. doi:10.1002/jcb.28441
 Yu, G., Wang, L.-G., Han, Y., and He, Q.-Y. (2012). clusterProfiler: an R Package for Comparing Biological Themes Among Gene Clusters. OMICS: A J. Integr. Biol. 16 (5), 284–287. doi:10.1089/omi.2011.0118
 Yue, C., Ma, H., and Zhou, Y. (2019). Identification of Prognostic Gene Signature Associated with Microenvironment of Lung Adenocarcinoma. PeerJ 7(3),e8128. doi:10.7717/peerj.8128
 Zhang, H., Liu, H., Shen, Z., Lin, C., Wang, X., Qin, J., et al. (2016). Tumor-infiltrating Neutrophils Is Prognostic and Predictive for Postoperative Adjuvant Chemotherapy Benefit in Patients with Gastric Cancer. Ann. Surg. 267 (2), 311–318. doi:10.1097/SLA.0000000000002058
 Zhao, Z., Yang, L., Fang, S., Zheng, L., Wu, F., Chen, W., et al. (2020). The Effect of m6A Methylation Regulatory Factors on the Malignant Progression and Clinical Prognosis of Hepatocellular Carcinoma. Front. Oncol. 10, 1435. doi:10.3389/fonc.2020.01435
 Zochling, J., Newell, F., Charlesworth, J. C., Leo, P., Stankovich, J., Cortes, A., et al. (2014). An Immunochip-Based Interrogation of Scleroderma Susceptibility Variants Identifies a Novel Association at DNASE1L3. Arthritis Res. Ther. 16 (5), 438. doi:10.1186/s13075-014-0438-8
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2021 Chen, Ding, Huang, Sun, Chen, Liu, Zhan, Gao, He, Qiu, Long, Wei, Lu and Sun. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 31 March 2022
doi: 10.3389/fgene.2022.810193


[image: image2]
Integrative Analysis of Multi-Omics Data-Identified Key Genes With KLRC3 as the Core in a Gene Regulatory Network Related to Immune Phenotypes in Lung Adenocarcinoma
Kai Mao1,2†, Yunxi Zhao3†, Bo Ding1,2, Peng Feng4, Zhenqing Li1,2, You Lang Zhou2* and Qun Xue1,2*
1Cardiovascular Surgery Department, Affiliated Hospital of Nantong University, Nantong, China
2Research Center of Clinical Medicine, Affiliated Hospital of Nantong University, Nantong, China
3Department of Neurology, Rugao People’s Hospital, Nantong, China
4Neurosurgery, Shaanxi Provincial People’s Hospital, Shaanxi, China
Edited by:
Anton A. Buzdin, I.M. Sechenov First Moscow State Medical University, Russia
Reviewed by:
Alessandro Rizzo, National Cancer Institute Foundation (IRCCS), Italy
Farzam Vaziri, University of California, Davis, United States
* Correspondence: You Lang Zhou, zhouyoulang@ntu.edu.cn; Qun Xue, lee17706073991@163.com 
†These authors have contributed equally to this work
Specialty section: This article was submitted to Cancer Genetics and Oncogenomics, a section of the journal Frontiers in Genetics
Received: 01 December 2021
Accepted: 04 March 2022
Published: 31 March 2022
Citation: Mao K, Zhao Y, Ding B, Feng P, Li Z, Zhou YL and Xue Q (2022) Integrative Analysis of Multi-Omics Data-Identified Key Genes With KLRC3 as the Core in a Gene Regulatory Network Related to Immune Phenotypes in Lung Adenocarcinoma. Front. Genet. 13:810193. doi: 10.3389/fgene.2022.810193

In a recent study, the PD-1 inhibitor has been widely used in clinical trials and shown to improve various cancers. However, PD-1/PD-L1 inhibitors showed a low response rate and were effective for only a small number of cancer patients. Thus, it is important to figure out the issue about the low response rate of immunotherapy. Here, we performed ssGSEA and unsupervised clustering analysis to identify three clusters (clusters A, B, and C) according to different immune cell infiltration status, prognosis, and biological action. Of them, cluster C showed a better survival rate, higher immune cell infiltration, and immunotherapy effect, with enrichment of a variety of immune active pathways including T and B cell signal receptors. In addition, it showed more significant features associated with immune subtypes C2 and C3. Furthermore, we used WGCNA analysis to confirm the cluster C-associated genes. The immune-activated module highly correlated with 111 genes in cluster C. To pick candidate genes in SD/PD and CR/PR patients, we used the least absolute shrinkage (LASSO) and SVM-RFE algorithms to identify the targets with better prognosis, activated immune-related pathways, and better immunotherapy. Finally, our analysis suggested that there were six genes with KLRC3 as the core which can efficiently improve immunotherapy responses with greater efficacy and better prognosis, and our study provided clues for further investigation about target genes associated with the higher response rate of immunotherapy.
Keywords: lung adenocarcinoma, PD-1 inhibitor, LASSO analysis and SVM-RFE, immune cell infiltration, TCGA
INTRODUCTION
According to recent research, lung cancer is a highly malignant type of cancer with poor prognosis. It ranks among the top cancers in terms of morbidity and mortality (Jemal et al., 2011), wherein about 60% of the patients in the early stages of lung cancer underwent combined treatment of surgery, chemotherapy, and radiotherapy but did not achieve satisfactory therapeutic effect, and cancer-driver gene-targeted therapy also encounters the problem of drug resistance [27]. The emergence of immunotherapy brings hope to lung cancer patients. Also, the interactions of PD-1 and its ligands constitute a major immunosuppressive pathway in tumors (Brahmer et al., 2012; Robert et al., 2015). Since 2010, the PD-1 or PD-L1 antibodies have been showing significant antitumor activity, including NSCLC (Ohe et al., 2007; Herbst et al., 2015). In addition to activating T-cells by binding to its ligands (PD-L1 and PD-L2) to enhance T-cell antitumor functions, the PD-1 effect was also seen in other immune cells (Barber et al., 2006; Sharpe et al., 2007).
Nowadays, several therapeutic antibodies with PD-1- or PD-L1-suppressing properties have been formulated for managing malignancies such as NSCLC clinically. However, these immunotherapies show a low remission rate in patients. Thus, a great deal of effort has been undertaken to find predictive biomarkers for patients with optimal response to these inhibitions, and there were also studies devoted to finding biological targets to improve the response rate of immunotherapy. Hu et al. analyzed the differences in the gene expression profiles of patients with high and low expression of PD-1 and PD-L1 and found that more than one hundred genes, including IL-21, KLRC3, and KLRC4, were significantly upregulated in the high-expression group, compared with the low-expression group [26]. In the present, it is urgent to confirm the targets that can be applied to improving the response rate of immunotherapy.
Here, we performed the ssGSEA and unsupervised clustering analysis to identify targets with better prognosis, immunotherapy, and that are activated in immune-related pathways based on the red module for 111 genes that are highly correlated with cluster C based on the LASSO and SVM-RFE analyses. The six genes with KLRC3 as the core were identified as the key genes with a better prognosis and correlated with immunotherapy.
MATERIALS AND METHODS
Datasets and Samples
The gene expressions of a total of 1881 patients with detailed survival information obtained from TCGA-LUAD (https://portal.gdc.cancer.gov/) and GEO datasets of GSE31210, GSE30219, GSE68465, GSE37745, GSE50081, and GSE72094 were generated. The expression values were log-transformed, and the “ComBat” algorithm was used for reducing probable batch effects resulting from the inter-dataset biases (non-biotech) (Johnson et al., 2007).
Gene Signature and Single-Sample Gene Set Enrichment Analysis
A set of marker genes for types of immune cells was selected based on Bindea et al. (2013). For enrichment computation in the individual sample gene set, the absolute enrichment fractions were derived via the GSEA program for traits that have been validated by prior experimentation. For confirming the immune cell populations, the ssGSEA analysis of each sample was accomplished using the immune cell signature gene predictions (Supplementary Table S1) (Bindea et al., 2013).
Gene Set Variation Analysis and Functional Annotation
To explore the biological event differences between clusters A, B, and C, we used the “GSVA” R packages to conduct the GSVA enrichment analysis (Figure 2A). The “c2.cp.kegg.v7.2.symbols.gmt” was obtained from the MSig DB dataset, and the p-adjust < 0.5 was considered as statistically significant. The subtypes also were seen to correlate with the immune studies and prognosis by Thorsson et al. (2018), aggressive subtype by Dama et al. (2017), and luminal and basal subtypes by Zhao et al. (2019) to analyze the overlap with our study cluster C (Figure 3A). To confirm the events in the different subgroups, the distribution of mutant gene frequencies affected by SNVs and CNVs was investigated across various subtypes (Figure 3B). The frequency of mutations in each gene was significantly different across subtypes (Fisher exact test with the BH test correction, adjusted p < 0.05).
Consensus Clustering for Tumor-Infiltrating Immune Cells and Differential Expression Genes
For each sample, hierarchical agglomerative clustering was implemented for LUAD depending on a specific pattern. In this procedure, the “Consensus Cluster Plus” R package was used to perform “PAM” analysis, which is a Euclidean distance and Ward’s linkage-based unsupervised clustering approach. To ensure clustering stability, the aforementioned process was repeated about 100 times.
Differential Expression Genes Associated With the Two Clusters
Depending on the infiltration of immune cells, patients were classified into high and low immune-cell infiltration subtypes. To determine DEGs between two clusters, the limma R package was utilized, and absolute fold change was designated to >1, and significance criterion adjusted to p < 0.05.
Construction of Signature Gene of Lung Adenocarcinoma
For immunotherapy response assessment of lung cancer patients presenting newly defined immunophenotypes, the gene expression profiles and clinical outcome data of 348 patients from the IMvigor210 (a clinical response trial dealing with PD-L1 blockade by atezolizumab) were collected. The responses to anti-PD-L1 therapy constituted the observed endpoints, which were complete response (CR), partial response (PR), progression of disease (PD), and stability of disease (SD). Regarding the objective response rate (ORR) and disease control rate (DCR), they, respectively, involved patients with CR and PR (for ORR) and patients with CR, PR, and SD (for DCR). Based on the top 10 marked genes of metabolic subtypes, we separated the IMvigor210 cohort into three subtypes (cluster A, cluster B, and cluster C).
For candidate gene selection, we used a least absolute shrinkage and selector operation (LASSO) algorithm, whose penalty parameter was adjusted by setting a cross-validation (10-folds) approach. Meanwhile, we used another algorithm, support vector machine–recursive feature elimination (SVM-RFE), to accomplish gene selection for the CR/PR and SD/PD patients. For further narrowing on the gene among the training cohort, L1-penalized Cox analysis was eventually carried out through gene integrations from either of the aforementioned two algorithms.
Gene Expression Data With Immunotherapy
Under the Creative Commons 3.0 license (http://research-pub.gene.com/IMvigor210CoreBiologies), the IMvigor210 dataset was obtained from accessible, well-documented software and data package. To determine the status of binary response in various clusters, 298 urothelial cancer patients and 80 immunotherapy recipients with cutaneous melanoma having complete clinical records were analyzed.
Statistical Analysis
GraphPad and R 4.0.0. were used for all statistical analyses. The Wilcoxon test was conducted for pairwise comparison analysis, and the Kruskal–Wallis test was adopted for comparison among more than two groups. The FDRs in limma and GSEA were adjusted by the Benjamini–Hochberg approach with a significance level of p < 0.05. The correlation of categorical clinical information with defined clusters was statistically examined by Fisher’s exact test. All statistical differences were considered significant when p-value < 0.05.
RESULTS
Identification of Different Subtypes
In this study, the immune cell infiltration matrix was used to identify two clusters with different survival rates (Figures 1A,B), and cluster one showed high immune cell infiltration (Figure 1C) such as the DC, B-cells, CD8 T-cells, cytotoxic cells, DC, iDC, macrophages, mast cells, neutrophils, NK, CD-56 dim cells, T-cells, T-helper cells, Tcm, Tem, TFH, Tgd, Th1-cells, and T-Reg. Furthermore, the PD-1 and PD-L1 showed high expression in cluster 2 (Figure 1E). The differential expressions of 110 genes between the two clusters (Figure 1D) were enriched in various immune-related pathways such as T-cell activation and cytokine activity (Figure 1F).
[image: Figure 1]FIGURE 1 | (A) Consensus clustering-based identification of two clusters (n = 1,881). Sample consensus is displayed by heatmaps shown in white (consensus value = 0) for samples that never aggregated jointly and blue color (consensus value = 1) for samples that always aggregated jointly. (B) Survival analysis of patients with two clusters. (C) Landscape immune cell infiltration in two clusters. (D) Differential gene expressions are imaged by a volcano plot. (E) Different expressions of PD-1/PD-L1 in the two clusters. (F) GO analysis showing differential gene expressions.
Identification of Gene Subtypes and Association With Known Subtypes
With the aid of the limma package, the differential expression genes (DEGs) analyses for transcriptome evolution investigation among these clusters performed to identify the biological function of different clusters showed 110 differential gene expressions. For the elimination of redundant genes, the Cox analysis was performed to collect significantly correlated prognosis genes.
The survival records used to assess the prognostic implication of the clusters (Figure 2B) showed clusters B and C to have a better survival rate than cluster A (p = 0.005). Meanwhile, cluster C showed greater immune cell infiltrations such as aDC, B cells, CD8 T cells, cytotoxic cells, DC, eosinophils, iDC, macrophages, mast cells, neutrophils, NK CD56-dim cells, T cells, Tcm, Tem, TFH, Tgd, and Th1 cells (Figure 2C). Furthermore, enrichment of cluster C showed multiple immune-associated pathways, including those for signaling T- and B-cell receptors (Figures 2D–F). Additionally, cluster C showed high tumor mutational burden, neo-antigen (indel and SNV), and PD-1 expression than other subtypes (Figures 2H–K).
[image: Figure 2]FIGURE 2 | (A) Identification of three clusters by consensus clustering. (B) Patient survival analysis. (C) Landscapes of immune cell infiltration. (D–F) KEGG analysis. (G–J) Distribution of TMB, neo-antigens (Indel, SNV), and silent mutation rate in the three clusters.
Our findings showed clusters B and C to have high-immune subtypes C3 and C2, high frequency of LumB subtype, and aggressive subtype C4 (Figure 3C). Of these subtypes, the immune subtype C3, LumA subtype, and aggressive subtype C4 found in our study (Figure 2B) were consistent with the findings of others for a better prognosis. In addition to this, a majority of immune-checkpoint-relevant signatures (CD274, CTLA4, HAVCR2, IDO1, LAG3, and PDCD1) and immune-activity-relevant signatures (CD8A, CXCL9, CXCL10, GZMA, GZMB, IFNG, PRF1, TBX2, and TNF) exhibited significant high expression in cluster C (Figure 3D).
[image: Figure 3]FIGURE 3 | (A) Overlay of different clusters (inner ring) with LUAD expression subtypes (outer ring). (B) Oncoprint distributions of somatic mutation (SNV/indel) and copy number variation (CNV) events in different clusters. (C) Distribution of immune, aggressive luminal, and basal subtypes in different clusters. (D) Distribution of immune-related gene expression in different clusters. (E) Rate of clinical response to anti-PD-L1 immunotherapy in different clusters, and (F) Kaplan–Meier curves for samples with different clusters in the IMvigor210 cohort.
Immunotherapy Response
Our findings also showed that the cluster A subtype had high SD/PD with 72.6% and low CR/PR with 27.4%; however, the cluster A subtype had higher CR/PR with 19.2% than the cluster C subtype (Figure 3F). In the IMvigor210 cohort, the cluster C subtype had a higher survival rate than other subtypes from anti-PD-1 treatment (Figure 3E).
WGCNA Analysis
Aided by the R package “WGCNA”, the co-expression network was created from the expression levels of 11,518 genes (Langfelder and Horvath, 2008). Clustering of 1,881 samples was performed by calculating the mean linkage and Pearson’s correlation coefficient. The soft threshold power was set at β = 3 and scale-free R2 = 0.96 to ensure that the scale-free network was constructed (Figures 4A,B). A dynamic mixing and cutting technique was employed to establish the hierarchical clustering tree, each of whose leaves was used to refer to a gene. Meanwhile, a tree branch constituted gene assemblies resembling expression data that were used to refer to a gene module. In this study, a total of six modules were produced (Figures 4C,D), of which the red module showed a high correlation with cluster C from 111 genes enriched by T-cell activation, cytokine activity, and regulation of T-cell activation (Figure 4E). The median expressions of red module genes showed a high correlation with PD-1/PD-L1 expression (Figure 4F).
[image: Figure 4]FIGURE 4 | (A) Scale-free fit index analysis of 1–20 soft threshold power β. (B) Mean connectivity analysis of 1–20 soft threshold power. (C) Genes are hierarchically clustered into various modules indicated by different colors. (D) Heatmap displaying correlations among module eigengenes. (E) GO analysis of the red module genes. (F) Correlation of the median expression of genes (red module) with the PD-1/PD-L1 level.
Identification of Predictive Signature
Furthermore, the most significant genes were selected via two algorithms from the CR/PR and SD/PD patients, and the LASSO algorithms were used to identify the prognosis gene. A total of 106 gene candidates were identified after the integration of LASSO- and SVM-RFE-selected genes, of which six genes were selected by both algorithms (Figures 5A–C). The correlations were seen between the overlapping genes, including the PNOC, RHOH, ACAP1, CYTIP, IL10RA, and KLRC3 along with the immune cell infiltrations (Figure 5D). The expression of KLRC3 showed significant response/nonresponse of PD-L1 (Figures 6A–F.) and better survival (Figure 6G).
[image: Figure 5]FIGURE 5 | (A) LASSO and (B) SVM-RFE algorithms in the detection cohort. (C) Overlap of incorporated genes selected from two algorithms in the detection cohort. (D) Intersection of characteristic genes with PD/RD and Cox analysis genes. (E) Correlation between immune cell infiltration and selected genes.
[image: Figure 6]FIGURE 6 | (A–F) Expression of selected genes with varying anti-PD-1 responses. (G) Kaplan–Meier graphs of KLRC3 expression in the IMvigor210 cohort.
DISCUSSION
With the development of immunotherapy, PD-1/CTLA4 inhibitors have been widely used in clinical applications and improved prognosis of various cancers. However, the effective response rate of PD-1 inhibitors in cancer patients, including lung cancer, is low, which is thought to be mainly affected by tumor mutational burden (Goodman et al. (2017), microsatellite instability (MSI), efficient DNA mismatch repair (DMMR) (Xiao and Freeman, 2015), and other factors. In order to improve the response rate of immunotherapy, researchers are constantly working on the study of marker genes and potential biological therapeutic targets related to immunotherapy response. It has been reported that IFN-γ-related gene expression contributes to immunotherapy prediction, such as CCR5, CXCL9, IFNG, STAT1, and PRF1 (Ayers et al., 2017), and these genes are related to tumor antigen presentation, T cytotoxic activity, and immune cell infiltration. These IFN-γ-related genetic signatures are necessary for immunotherapy response (Sharma and Allison, 2015). However, the immune response marker genes for lung adenocarcinoma need to be further studied.
Here, by analyzing the gene expression data of a large number of lung adenocarcinoma patients, we searched for genes associated with better prognosis and immune cell infiltration, hoping to be further used in immunotherapy. Based on differential gene expression, we identified three subtypes showing different survival and immunotherapy effects. Among them, immune-related genes include CD274, CTLA4, HAVCR2, IDO1, LAG3, and PDCD1 as immune checkpoint-related markers, and CD8A, CXCL10, CXCL9, GZMA, GZMB, IFNG, PRF1, TBX2, and TNF (immune activity-related signatures) expressions in cluster C were higher than other subtypes, indicating that cluster C has a high level of immunoreactivity, that is, subtype C has a high potential for immune activation, which can elicit an effective immune response.
Ultimately, six genes including PNOC, RHOH, ACAP1, CYTIP, IL10RA, and KLRC3 were selected by both algorithms of LASSO and SVM-RFE analysis. Prepronociceptin (PNOC) is a preprotein of a series of intracellular products involved in pain and inflammation signaling (Rodriguez-Romaguera et al., 2020). In cancer research, PNOC is highly expressed in glioma cells, epithelial ovarian cancer, and other tumors and has been reported as a prognostic biomarker (Chan et al., 2012; Jin et al., 2018). RHOH, a member of the RhoE/Rnd3 subfamily of GTPases, is highly expressed in B cells, suggesting that it is involved in the development of B-cell malignant leukemia (Dallery-Prudhomme et al., 1997) and is closely related to the immune microenvironment in chronic leukemia (Troeger et al., 2012). ACAP1 is involved in cell membrane transport and cell migration, is an Arf6 GAP, that is, important for immune cell migration and infiltration, and is associated with tumor immune infiltration and prognosis in breast cancer (Zhang et al., 2020). Cytohesin-interacting protein (Cytip) is associated with dendritic cell (DC) maturation and T cell activation and may function in the tumor immune microenvironment (Heib et al., 2012). IL10RA encodes a receptor molecule for the inflammatory factor IL10 and is associated with IL10 expression and STAT3 phosphorylation in colorectal cancer. The expression of IL10RA is also considered to be associated with the clinical stage of colorectal cancer (Zadka et al., 2018).
Most importantly, patients with high expression of KLRC3 had significantly higher response rates to immunotherapy and better prognosis, and KLRC3 can be regarded as the core gene of these six genes. KLRC3 is a natural killer cell receptor gene, and previous studies have shown that KLRC3 affects the stemness and proliferative potential of glioma cells and is involved in glioblastoma tumorigenesis and progression (Cheray et al., 2017). This gene is also upregulated in patients with high expression of PD1 and PDL1 (Hu et al., 2020; Lamberti et al., 2020), suggesting that it may be involved in the regulation of PD1 and PD-L1 expression.
We used WGCNA analysis to confirm cluster C-associated red modules with 111 genes. LASSO and SVM-RFE algorithms confirmed that the key gene KLRC3 was significantly associated with CR/PR status with better prognosis. Our study also has some limitations, such as the lack of experimental and clinical validation data, although the omics data analysis was performed; so, our study results will stimulate further verification or falsification in the scientific community.
Based on our findings in this study, specific changes in the landscape of immune cell infiltration and mutations and transcriptome profiles may have a dramatic impact on improving immunotherapy. KLRC3 may be a core gene suitable for prognosis in lung adenocarcinoma and is associated with SD/PD and CR/PR patients, which will improve reference for future immunotherapy-related studies.
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Fanconi anemia (FA) group D2 (FANCD2) is a ferroptosis-related gene crucial for DNA damage repair and negative ferroptosis regulation. Our study aimed to evaluate its prognostic value as well as its association with ferroptosis and immune infiltration in lung adenocarcinoma (LUAD). Transcriptome sequencing data, clinical information, and immunohistochemistry data were collected from the TCGA, GEO, and HPA databases, respectively, for three independent cohorts. Univariate and multivariate analyses were used to assess the correlations between FANCD2 expression and overall survival or clinicopathological parameters. cBioPortal was utilized to investigate the FANCD2 alteration status. Gene and protein networks based on FANCD2 interactions were generated using GeneMANIA and STRING, respectively. Based on the CancerSEA database, the function of FANCD2 was explored at the single-cell level. The relationships between FANCD2 expression levels and tumor-infiltrating immune cells and their equivalent gene signatures were analyzed using TIMER, GEPIA, TISIDB, and ssGSEA databases. CIBERSORT was used to analyze the relevance of the infiltration of 24 types of immune cells. The results revealed that FANCD2 expression was significantly upregulated in LUAD and lung squamous cell carcinoma (LUSC) tissues than that in normal tissues. Further, the overexpression of FANCD2 was closely associated with poor survival for Patients with LUAD but not for patients with LUSC. FANCD2 expression levels were related to tumor-infiltrating immune cells and their matching gene signatures, including CD8+ T cells, natural killer (NK) cells, dendritic cells (DC), and Th2 cells in cases of LUAD. Therefore, FANCD2 was identified as a crucial molecule underlying the synergistic effects of ferroptosis and immunotherapy for Patients with LUAD.
Keywords: FANCD2, lung adenocarcinoma, ferroptosis, tumor-infiltrating immune cells, biomarker, prognosis
INTRODUCTION
In the past decades, lung cancer has remained the major contributing factor to cancer-related deaths worldwide. According to available data, 2.2 million new cases of lung cancer are diagnosed each year, with 1.8 million people dying from the disease annually (Sung et al., 2021). Non-small cell lung cancer (NSCLC), which includes lung adenocarcinoma (LUAD) and lung squamous cell carcinoma (LUSC), contributes to approximately 85% of all lung cancer cases. However, the majority of patients are in an advanced, unresectable stage of the disease at the time of diagnosis (Brahmer et al., 2018), which is associated with a low overall median 5-year survival rate (Sung et al., 2021). The incidence and mortality of LUAD are increasing; it has now surpassed squamous cell carcinoma to become the most common histological subtype of NSCLC (Jemal et al., 2011; Siegel et al., 2017). Despite the active treatment measures available for LUAD, it has the highest mortality rate among all cancers; this might be associated with its tendency to metastasize at an early stage (Deng et al., 2019; Zhang D. et al., 2019; Li et al., 2021). Thus, it is of critical importance to develop novel and more effective therapeutic strategies for LUAD. For this, it is vital to more intensively probe the molecular pathology of the disease.
Ferroptosis is an iron-dependent form of regulated cell death induced by iron-dependent lipid peroxidation owing to metabolic dysfunction; it is distinct from apoptosis, cell necrosis, and autophagy (Stockwell et al., 2017; Gao and Jiang, 2018). The ferroptosis pathway can restrain tumor growth and induce cancer cell death. Its induction has thus received widespread attention as a potential novel anti-tumor treatment strategy (Hassannia et al., 2019; Liang et al., 2019; Bebber et al., 2020). Inducing ferroptosis has been reported to suppress LUAD by regulating lipid peroxidation to promote tumor cell death (Ma et al., 2021; Wang et al., 2021; Zhang Y. et al., 2021). In addition, ferroptosis is also connected to cell immunity and may have applications in cancer immunotherapy (Wang et al., 2019).
With the rapid advances in high-throughput sequencing technologies and transcriptome sequencing [RNA sequencing (RNA-seq)], an increasing number of key driver oncogenes are being discovered. However, it is necessary to identify additional key driver genes, particularly those affecting the tumor immune microenvironment (TIME) in LUAD. The Fanconi anemia (FA) pathway plays an important role in DNA damage repair by blocking DNA replication, for instance, via interstrand cross-links. FANCD2, a member of the FA family of proteins, forms a FANCD2-FANCI heterodimer with FANCI and participates in DNA damage repair via the FA pathway (Nalepa and Clapp, 2018). Some studies have demonstrated that FANCD2 depletion enhances interstrand crosslink (ICL) agent-induced DNA damage sensitivity and promotes apoptosis in lung cancer cells by inhibiting the FA pathway (Wang et al., 2015; Fan et al., 2021). In addition, FANCD2 negatively regulates ferroptosis by regulating iron metabolism-related genes and/or protein expression and lipid peroxidation (Song et al., 2016). However, the molecular mechanisms of FANCD2 governing the regulation of the immune response in LUAD are still unclear.
This study aimed to explore the association between FANCD2 expression and clinical information and prognosis in LUAD. The results show that FANCD2 expression regulates the level of tumor-infiltrating immune cells through multiple pathways, which contributes to the formation of the immunosuppressive microenvironment. Therefore, this study anticipates promising potential therapeutic strategies for LUAD based on FANCD2.
MATERIALS AND METHODS
Identification of Ferroptosis- and NSCLC-Related Targets
Ferroptosis-related targets were identified from FerrDb (http://www.zhounan.org/ferrdb), which has data on 253 regulators, 111 markers, and 95 ferroptosis-associated diseases. NSCLC-related targets were identified from the GEO database, which contains many bioinformatics datasets from the National Center of Biotechnology Information (https://www.ncbi.nlm.nih.gov/geo/). Three gene expression datasets (GSE75037, GSE19188, and GSE116959) derived from human NSCLC tissues and adjacent normal tissues were included. Genes with an adjusted p < 0.01 and |log2(fold-change)|>2 were defined as differentially expressed genes (DEGs), which were considered to play essential roles in NSCLC progression and defined as key targets for inducing ferroptosis to treat NSCLC.
Data Acquisition and Analysis
TCGA (https://portal.gdc.cancer.gov/) is a large-scale and open-access cancer genomic database. All transcriptome RNA-seq data (n = 1,145) and equivalent clinical data related to NSCLC were downloaded. Based on pathological characteristics, all patients were divided into LUAD (n = 516) and LUSC (n = 493) groups. Subgroup analysis was performed to investigate the effect of FANCD2 on the pathological stage and outcome. Three independent cohorts including tumor tissues and control samples of NSCLC patients from the GEO databases GSE75037 (n = 166), GSE19188 (n = 156), and GSE116959 (n = 68) were used to confirm the findings from TCGA datasets. HPA (https://www.proteinatlas.org/) is a comprehensive resource database of the human proteome, and the protein levels of FANCD2 in normal lung tissues and LUAD and LUSC tissues compared according to immunohistochemistry (IHC) results.
Survival and Statistical Analyses
Based on the median expression of FANCD2, patients with LUAD and LUSC were divided into a high and a low group. To identify whether the FANCD2 expression level influenced LUAD and LUSC patient clinical survival, Kaplan–Meier (KM) survival curves were generated to estimate its prognostic significance.
Univariate and Multivariate Logistic Regression Analyses
To further identify the prognostic value of FANCD2 in LUAD, Cox analyses were adopted to evaluate the relationships between various clinical characteristics and prognosis. Univariate Cox analysis was conducted for every variable comparing the expression level of FANCD2 and patient overall survival (OS) in each cohort to confirm their association with LUAD prognosis. Subsequently, multivariate Cox analysis, including all variables, was used to evaluate whether FANCD2 was an independent prognostic factor for LUAD patient outcome.
Genetic Alteration and Interaction Network Analyses
Based on cBioPortal (http://cbioportal.org), an open-access multidimensional cancer genomics resource, FANCD2 alterations were analyzed in LUAD samples collected from TCGA. GeneMANIA (http://genemania.org/) and STRING (https://string-preview.org/) are source websites used to construct gene–gene and protein–protein interaction networks, respectively. Both were applied to investigate FANCD2-related genes and proteins.
Single-Cell Analysis
The CancerSEA (http://biocc.hrbmu.edu.cn/CancerSEA/home.jsp) database provides a cancer single-cell functional state atlas. This study used CancerSEA to explore the function of FANCD2-regulated genes, as well as the correlation between FANCD2 expression levels and these functions.
TISIDB Database Analysis
The TISIDB (http://cis.hku.hk/TISIDB/) web portal was used to probe tumor-immune interactions, which was applied to evaluate correlations between FANCD2 and immune-suppressive genes and immune-activating genes in this study.
TIMER Database Analysis
TIMER (https://cistrome.shinyapps.io/timer/) is a web server for the systematic analysis of six tumor-infiltrating immune subsets across diverse cancer types. Here, the correlation between FANCD2 expression and the infiltration of B cells, CD8+ T cells, CD4+ T cells, dendritic cells (DCs), macrophages, and neutrophils was assessed in Patients with LUAD. Additionally, the association between FANCD2 expression and tumor purity was tested, according to the “Correlation” module of TIMER and the tumor purity-corrected partial.
ssGSEA and CIBERSORT Analysis
In total, 24 types of FANCD2-related immune cells were acquired from ssGSEA using the GSVA package in R (4.0.3). Pearson correction analysis was performed to further assess the relevance and enrichment scores between FANCD2 and the different immune cells. CIBERSORT (http://cibersort.stanford.edu/), a deconvolution algorithm based on gene expression, was used to reveal the relevance of 24 types of immune cells in LUAD.
GEPIA Database Analysis
GEPIA (http://gepia.cancer-pku.cn/index.html) covers thousands of tumors and normal samples from TCGA and the Genotype-Tissue Expression Project (GTEx, http://www.gtexportal.org/home/index.html). It focuses on the analysis of RNA-seq data. The association between FANCD2 levels and multiple markers for various immune cells was evaluated according to the GEPIA database.
Statistical Analysis
Student’s t-tests and Wilcoxon tests were performed for assessing differences between two groups, and a Kruskal-Wallis test was used for more than two groups. To evaluate patient survival, KM curves, as well as univariate and multivariate logistic regression analyses, were conducted. Spearmen or Pearson correlations were applied to calculate the relationship between FANCD2 and immune infiltration. Data analyses were based on R (v4.0.3), and p < 0.05 was considered to indicate statistical significance.
RESULTS
Hub Genes Associated With Ferroptosis and NSCLC
In total, 173 genes in the FerrDb and 2,414, 3,322, and 1,830 DEGs in GSE19188, GSE75037, and GSE116959, respectively, were identified. As shown in Figure 1, 17 candidate genes comprised the intersection of the four datasets. Of these, the top five targets were nicotinamide adenine dinucleotide phosphate (NAD[P]H) dehydrogenase (quinone 1) (NQO1), heme oxygenase 1 (HMOX1), FANCD2, helicase, lymphoid specific (HELLS), and cluster of differentiation 44 (CD44). Notably, in addition to participating in ferroptosis, FANCD2 is involved in repairing DNA lesions and ensuring accurate DNA replication (Wang et al., 2015; Yang et al., 2016; Li et al., 2020). Owing to numerous pathways that FANCD2 could regulate in the occurrence and development of cancer, it deserves deeper investigation. Therefore, FANCD2 was chosen for further analysis.
[image: Figure 1]FIGURE 1 | Workflow of target screening. Venn diagram showing differentially expressed genes (DEGs) in NSCLC from three GEO cohorts alongside ferroptosis-related genes.
Patient Characteristics
The RNA-seq expression data and clinical prognostic information of 535 LUAD patients and 493 LUSC patients with were obtained from the TCGA database. The clinical information of patients with LUAD or LUSC with high or low FANCD2 expression levels is summarized in Table 1, including age, sex, smoking status, pathologic stage (T, N, or M), histologic grade, OS, disease-specific survival (DSS), and the progression-free interval (PFI).
TABLE 1 | Clinical characteristics of lung adenocarcinoma (LUAD) and lung squamous carcinoma (LUSC) patients with FANCD2 high or low expression based on TCGA database.
[image: Table 1]FANCD2 Expression Is Higher in Tumor Samples Than in Normal Tissues
According to the TCGA and GTEx databases, FANCD2 exhibited higher expression in 19 types of tumor tissues, including LUAD and LUSC, than in adjacent normal samples in the TCGA database (Figure 2A). Correlation analysis showed that FANCD2 mRNA expression was significantly higher in older patients (age>65 years, p < 0.05), in males (p < 0.01), and in smoking patients (p < 0.05), as well as in patients with higher M stage (p < 0.05, Figure 2B). Meanwhile, FANCD2 expression was not related to pathological stage, T stage, or N stage (Figure 2C). FANCD2 expression exhibited similar tendencies concerning the age and gender of patients with LUSC, but there were no obvious differences between FANCD2 expression and other variables.
[image: Figure 2]FIGURE 2 | Pan-cancer FANCD2 expression status and clinical characteristics in the LUAD and LUSC sub-groups. (A) FANCD2 expression status in different tumor tissues and adjacent normal tissues. (B,C) Comparison of FANCD2 expression levels with different clinical characteristics. *p < 0.05; **p < 0.01; ***p < 0.001.
Similarly, FANCD2 was also significantly elevated in NSCLC tissues compared to levels in normal tissues based on GSE19188, GSE75037, and GSE116959 datasets (all p < 0.001, Figure 3A). In addition, the IHC results revealed that FANCD2 was overexpressed in LUSC and LUAD tissue in comparison with that in normal tissue according to HPA databases (Figure 3B). These results indicated the gene and protein expression levels of FANCD2 are significantly higher in LUAD and LUSC tissues.
[image: Figure 3]FIGURE 3 | FANCD2 expression in GEO datasets and the HPA database. (A) FANCD2 mRNA expression levels were higher in tumors than in normal tissues based on GSE19188 and GSE116959 datasets; p < 0.01. (B) FANCD2 protein levels in LUAD and LUSC tissues and normal samples based on the HPA database.
High FANCD2 mRNA Expression Is Related to Short OS in Patients With LUAD
As shown in Figure 4A, the 20-year OS, DSS, and PFI rates of Patients with LUAD were remarkably higher with low FANCD2 expression compared to those with high FANCD2 expression (p = 0.04, 0.03, and 0.09 respectively). However, there was no significant difference between FANCD2 expression and OS (p = 0.639), DSS (p = 0.68), and PFI (p = 0.492) in LUSC patients (Figure 4B). Univariate analysis showed that both high FANCD2 expression and high pathological grade and stage (TNM) were related to poor OS in Patients with LUAD (Figure 5A). The results of multivariate Cox regression analysis suggested that high FANCD2 expression was an independent predictor of OS (HR = 1.716, 95% CI = 1.195–2.465, p < 0.01, Figure 5B). Therefore, FANCD2 was considered a risk factor in predicting a worse prognosis.
[image: Figure 4]FIGURE 4 | Kaplan–Meier (K-M) survival curves showing the association between FANCD2 expression levels and overall survival (OS), disease-specific survival (DSS), and the progression-free interval (PFI) for LUAD (A) and LUSC (B) patients; p < 0.05 was used to assess differences.
[image: Figure 5]FIGURE 5 | Univariate (A) and multivariate (B) analyses of FANCD2 expression and important clinicopathological parameters concerning prognosis among Patients with LUAD.
Genetic Alteration and Interaction Network Analyses of FANCD2
The cBioportal online tool was then performed to explore the types and frequencies of FANCD2 alterations in the patients with LUAD. Results revealed that FANCD2 was highly conserved (only a 1.4% frequency of genomic alterations; Figure 6A). Subsequently, the interaction networks showed 20 genes (Figure 6B) and 10 proteins (Figure 6C) with the highest relevance to FANCD2. FANCI, FANCL, FAN1, FANCE, FANCC, and USP1 appeared in two networks, for which correlation scores were 0.999, 0.999, 0.999, 0.999, 0.998, and 0.998, respectively, in PPI network (Figure 6C). These genes/proteins belong to the FA family. FANCD2 and FANCI, via their heterodimer, serve a function in the FA pathway, in which the dimer, monoubiquitylated by the FA core complex and an E2-E3 ubiquitin ligase, participates in the recruitment of DNA repair effectors to chromatin lesions to resolve DNA damage (Nalepa and Clapp, 2018). In this process, FANCE and FANCC form part of the FA core complex; FANCE encodes an E3 ubiquitin ligase that monoubiquitylates FANCD2 and FANCI; USP1 and UAF1 regulate the deubiquitination of the FANCD2-FANCI heterodimer (Liu et al., 2010; Nalepa and Clapp, 2018; Lemonidis et al., 2021).
[image: Figure 6]FIGURE 6 | Genomic alterations of FANCD2 and the interaction network and protein interaction network of FANCD2. (A) Genomic alterations of FANCD2 based on cBioPortal. (B) The gene–gene interaction network of FANCD2, as constructed with GeneMANIA. (C) The protein-protein network of FANCD2 is derived from STRING.
Functions of FANCD2 in LUAD
To better understand the relevance of FANCD2 expression in LUAD and potential mechanism, single-cell analysis was utilized to explore the associated functional states based on the CancerSEA database. The results suggested that FANCD2 expression was correlated with 14 functional states, including angiogenesis, apoptosis, cell cycle, differentiation, DNA damage, DNA repair, EMT, hypoxia, inflammation, invasion, metastasis, proliferation, quiescence, and stemness (Figure 7A). In addition, FANCD2 was found to be mainly positively associated with cell cycle, DNA repair, DNA damage, and proliferation but negatively correlated with angiogenesis, quiescence, inflammation, metastasis, and differentiation (all p < 0.001, Figure 7B). Moreover, over-representation analysis (ORA) illustrated that FANCD2 participated in the interleukin signaling pathway, de novo pyrimidine deoxyribonucleotide biosynthesis, DNA replication, de novo purine biosynthesis, arginine biosynthesis, angiotensin II-stimulated signaling through G proteins and beta-arrestin, the circadian clock system, and the EGF receptor signaling pathway (all p < 0.05, Figure 7C). Notably, the interleukin signaling pathway had the highest correlation with FANCD2. It is well-known that interleukin family members play important roles in the immune response and inflammation. These results indicate that FANCD2 might participate in immune response and inflammation via the interleukin signaling pathway.
[image: Figure 7]FIGURE 7 | The function of FANCD2 in LUAD. (A,B) The single-cell analysis shows that FANCD2 is involved in the cell cycle, DNA repair, proliferation, angiogenesis, quiescence, inflammation, metastasis, and differentiation. (C) The biological processes related to FANCD2 are based on ORA.
Association Between FANCD2 Expression and Immune-Inhibitory and Immune-Stimulatory Functions
A co-expression study was performed to investigate the relationship between FANCD2 expression and immunomodulators based on TISIDB, including immune inhibitors and immunostimulators. Heatmaps illustrated the association between FANCD2 expression and 12 immunoinhibitors and 28 immunostimulators across 30 tumors (Figure 8). Among these immunoinhibitors, FANCD2 expression had positive associations with CD274 (Cor = 0.191, p = 1.22e-05), CTLA4 (Cor = 0.157, p = 3.52e-04), LAG3 (Cor=(Cor = 0.206, p = 2.47e-06), and PDCD1 (Cor = 0.137, p = 1.8e-03) in LUAD (Figure 8A). Regarding various immunostimulators, FANCD2 had negative associations with TNFSF13 (Cor = −0.466, p < 2.2e-16), TMEM173 (Cor = −0.439, p < 2.2e-16), CD40LG (Cor = −0.26, p = 2.41e-09), HHLA2 (Cor = −0.254, p = 4.97e-09), and IL6R (Cor = −0.288, p = 3.23e-11) (Figure 8B). The above results suggest that FANCD2 is involved in regulating these immunomodulators.
[image: Figure 8]FIGURE 8 | Co-expression analysis of FANCD2 with immunoinhibitory (A) and immunostimulatory genes (B) in the pan-cancer database, as well as detailed information on LUAD.
Correlation Between FANCD2 Expression and Infiltrating Immune Cells
Tumor-infiltrating lymphocytes are associated with the prognosis of patients with multiple cancers (Salgado and Loi, 2018). As shown in Figure 9A, FANCD2 expression levels were strongly associated with levels of infiltrating B cells (Cor = −0.157, p = 4.84e-04), CD8+ T cells (Cor = 0.127, p = 4.74e-03), macrophages (Cor = 0.105, p = 1.97e-02), and neutrophils (Cor = 0.232, p = 1.82e-07) in LUAD cases. However, there was no association between FANCD2 expression and tumor purity, DCs, or CD4+ T cells. To gain more insight into the relationship between FANCD2 expression and immune infiltration, this study assessed subjects based on 24 types of infiltrating immune cells using the ssGSEA database (Figure 9B). Specifically, FANCD2 was negatively related to B cells, CD8+ T cells, DC cells, macrophages, eosinophils, Idc (interdendritic) cells, mast cells, neutrophils, NK CD56 bright cells, pDC (plasmacytoid dendritic) cells, TFH cells, TH17 cells, and NK cells but was positively related to Th2 cells, T helper cells, and Tcm cells (all p < 0.001). Moreover, the heat map showed that most subpopulations among the 24 types of immune cells had moderate to strong relationships (Figure 9C). These findings evealed that FANCD2 plays an important role in immune infiltration in LUAD.
[image: Figure 9]FIGURE 9 | Correlation between FANCD2 expression and immune infiltration levels in LUAD. (A) Correlation analysis of FANCD2 expression and the infiltration of six types of immune cells based on TIMER. (B) Forest plots show that FANCD2 expression was positively correlated with 8 types of immune cells and negatively correlated with 16 subsets of immune cells. The sizes of dots represent the absolute value of Pearson r. (C) Heatmap showing the relationship among 24 types of immune cells in LUAD. *p < 0.05, **p < 0.01.
GEPIA and TIMER databases were used to further assess the correlation between FANCD2 and the marker sets of diverse immune cells in LUAD. Table 2 shows that multiple markers of immune cells were significantly related to FANCD2 expression, including Th2 (GATA3), Th9 (TGFBR2), Th17 (IL-21R), Treg (FOXP3, CD25, CCR8), T cell exhaustion (PD-1, CTLA4, LAG3), tumor-associated macrophages (TAMs) (CD80, CCR5), and DCs (CD1C, CD141). These results implied that FANCD2 might affect the function of immune cells by modulating marker gene expression.
TABLE 2 | Correlation between FANCD2 levels and markers of immune cells based on TIMER and GEPIA databases.
[image: Table 2]DISCUSSION
LUAD is the most common subtype of lung cancer. Currently, the efficacy of surgery, radiotherapy, chemotherapy, and targeted therapy is not satisfying. Notably, ferroptosis is a novel form of cell death, and an increasing body of research has confirmed that it plays a crucial role in anti-tumor treatment, especially in LUAD (Ma et al., 2021; Zhang X. et al., 2021). Moreover, a connection between ferroptosis and cell immunity and cancer immunotherapy has been shown, but the underlying mechanism is not clear (Wang et al., 2019). The latest study showed that 76.9% of ferroptosis-related genes are differentially expressed between LUAD tumor tissues and adjacent normal tissues, and some of these DEGs were determined to be remarkably associated with OS (Gao et al., 2021). Thus, ferroptosis-related genes are valuable prognostic markers for LUAD.
FANCD2, a member of the FA protein family, participates in the maintenance of genomic stability via the FA pathway. The interaction network derived from GeneMANIA and STRING shows a close connection between FANCD2 and other FA family genes/proteins. Until now, at least twenty-two FA proteins that form part of the FA core complex have been identified. The FA core complex participates in the recruitment and monoubiquitination of the heterodimer FANCD2-FANCI (Tsui and Crismani, 2019). Ubiquitylation of the FANCD2-FANCI heterodimer enables the recruitment of DNA repair effectors (Nalepa and Clapp, 2018), which participate in three classic DNA repair pathways, including nucleotide excision repair, homologous recombination, and mutagenic translesion synthesis (Moldovan and D'Andrea, 2009). As a nuclear protein, FANCD2 supports the maintenance of a stable genome, but it also has a negative regulatory role in ferroptosis, which is mainly involved in two biological pathways: iron accumulation and lipid peroxidation. Tumor cells with low FANCD2 expression undergo ferroptosis easily. Specifically, FANCD2 deficiency contributes to lipid peroxidation through a decrease in glutathione peroxidase 4 (GPX4), as well as the accumulation of iron through an increase in the expression of transferrin (TF), and a decrease in ferritin heavy chain 1 (FTH1) and SLC40A1 (Song et al., 2016).
This study investigated the role of FANCD2 in LUAD progression and prognosis, as well as its relationship with immune cell infiltration (Figure 10). We observed that the mRNA and protein expression of FANCD2 were upregulated in LUAD samples compared to levels in normal tissues in the TCGA, GEO, and HPA databases, and patients with higher FANCD2 had shorter OS, poor DSS, and worse PFI based on KM plots in LUAD. Moreover, univariate and multivariate Cox analysis further confirmed that high expression of FANCD2 was an independent adverse prognostic factor, which was consistent with the results of Lei et al. (2020). Some research shows that inhibiting FANCD2 function or decreasing the expression of FANCD2 enhances the sensitivity of patients to chemotherapy, such as cisplatin, and the efficacy of treatments such as ICL agent and ionizing radiation (IR) (Wang et al., 2015; Yang et al., 2016). In addition, downregulated FANCD2 significantly inhibits tumor growth in nude mice (Fan et al., 2021). Therefore, high expression of FANCD2 was considered a poor prognostic biomarker for Patients with LUAD.
[image: Figure 10]FIGURE 10 | The mechanism of FANCD2 regulating ferroptosis and immune cell infiltration.
To be better able to elaborate on the molecular mechanisms of the highly conserved gene FANCD2 in LUAD, CancerSEA, and ORA were conducted to further investigate its function. CancerSEA at a single-cell level illustrated that FANCD2 participates in inflammation, and its intensity decreases with the expression of FANCD2; ORA results showed that FANCD2 participates in the interleukin signaling pathway. Numerous studies have confirmed that factors of the interleukin family, such as IL8, IL10, and IL17, are involved in immune responses and are associated with the outcome of patients (Schalper et al., 2020; Zhang H. et al., 2020; Zhang Y. et al., 2020). Therefore, we further investigated the relationship between FANCD2 expression and tumor immunity in LUAD.
We found that FANCD2 was closely associated with immunomodulating factors. A high level of FANCD2 expression upregulated the immune inhibitor expression of CTLA4, PDCD1, and LAG3 while downregulating immunostimulators, such as IL6R, TMEM173, TNFSF13, CD40LG, and HHLA2, which indicates that FANCD2 contributes to tumor immune escape by modulating the immunosuppressive microenvironment. This finding is consistent with previous studies (Hong et al., 2021; Yang et al., 2021). Moreover, higher FANCD2 expression led to a remarkable reduction in the infiltration of CD8+ T cells, NK cells, and DC cells, but it also recruited Th2 cells, and it is closely connected to the corresponding marker genes of tumor infiltrates immune cells (TIICs) based on the ssGSEA, CIBERSORT, and GEPIA databases. These results validate the role of FANCD2 in the LUAD immune system.
CD8+ T cells, as preferred cancer-targeting immunotherapy cells, through exocytosis and the release of perforin-granzyme and activation of caspases via the release of cytochrome c in cancer cells, contribute to tumor cell apoptosis (Farhood et al., 2019). NK cells are the first line of defense against tumors, and they not only release perforin and granzymes but also excrete various cytokines (IFN-γ, TNF), chemokines (IL10), or growth factors (GM-CSF) to play a crucial role in antitumor effects and antiviral infection. Notably, IFN-γ enhances the function of antigen-presenting cells, inhibits angiogenesis, induces Th1 cells, and promotes M1 macrophage polarization, which remarkably increases the effect of immune surveillance and immune elimination in the TME (Morvan and Lanier, 2016). In addition, CD141+ DCs express lymphotoxin beta transcripts to contribute to lymphocyte recruitment, the priming and proliferation of cytotoxic T cells, and CD1C+ subpopulations of DCs that promote the maintenance of immune memory (Nizzoli et al., 2016; Lavin et al., 2017). In contrast, Th2 cells secrete anti-inflammatory factors such as IL-4, IL-5, and IL-10 to weaken the anti-tumor immune response. GATA3, as the genetic marker of Th2 cells, was positively correlated with the FANCD2 level, and this not only promotes Th2 differentiation but also inhibits Th1 differentiation (Yagi et al., 2011). Hence, the Th2 shift in the TME is considered to promote tumor relapse, metastasis, and poor prognosis (Liu et al., 2019).
TAMs participate in angiogenesis and lymphangiogenesis, contributing to the progression of NSCLC (Hwang et al., 2020). However, this study showed that the FANCD2 expression level had no significant association with the infiltration of TAMs, but it could modulate the expression of CD80 and CCR5 to enhance the immunosuppressive function of TAMs. A previous study suggested that CD80 binds to the CTLA-4 receptor, inhibiting T-cell activation (Chikuma, 2017). TAMs could independently stimulate tumor cell growth and migration via the CCL5/CCR1/CCR5 axis (Pham et al., 2020). These findings revealed that FANCD2 plays a crucial role in recruiting different TIICs and regulating anti-tumor immunity.
In addition, Treg cell markers, such as FOXP3 and CD25, which have a crucial function in suppressing the antitumor immune response (Litwin et al., 2021), were strongly correlated with FANCD2 expression. Several studies have documented that live tumor-infiltrating Tregs are related to poor prognosis in NSCLC patients (Shimizu et al., 2010). However, apoptotic Treg cells also mediate immunosuppression via the adenosine and A2A pathways (Maj et al., 2017). Intriguingly, Treg cells that undergo ferroptosis caused by GPX4 deficiency potentiate antitumor immunity, characterized by high ratios of cytotoxic CD8+ T cells to CD4+ T cells in the TME (Xu et al., 2021). Therefore, inducing cell ferroptosis of Treg cells is also an antitumor treatment.
Based on the results of previous studies, there is a synergism between ferroptosis and immunomodulation (Hong et al., 2021; Xu et al., 2021; Yang et al., 2021). In TME, macrophages can be converted from M2 to M1, making more H2O2 available in the Fenton reaction, resulting in the ferroptosis of tumor cells (Zanganeh et al., 2016). An additional study demonstrated that activated CD8+T cells release IFN-γ to restrain system xc-uptake cystine, promoting tumor cell lipid peroxidation and subsequently contributing to ferroptosis (Wang et al., 2019). When tumor cells undergo ferroptosis, tumor antigens are released, which creates an immunogenic TME, thus enhancing the response to immunomodulation (Zhang F. et al., 2019).
Given the function of FANCD2 in ferroptosis regulation and TME and the infiltration level of TIICs, FANCD2 is a crucial molecule for synergetic ferroptosis-induction treatment and immunotherapy. Therefore, FANCD2 might be a powerful predictor of patient outcomes, and its expression level is a potential novel standard to select treatment options for Patients with LUAD clinically. Patients with a high level of FANCD2 are more suitable for ferroptosis-induction treatment and/or immunotherapy.
This study explored the predictive value of FANCD2 and uncovered a potential mechanism of activity in LUAD tumorigenesis. However, it has several limitations. First, this study was not a prospective study, and all data analyzed were obtained from public databases. Second, due to the inability to receive more detailed patient information, the baseline of the survival curves is unadjusted, and the results might be biased. Third, the functions of FANCD2 in ferroptosis and tumor immunity, as well as their mechanism, have not been clarified in vitro or in vivo. Clearly, clinical studies are needed to validate its prognostic value, and more in-depth experimental studies are required to reveal the mechanisms.
CONCLUSIONS
This study systematically analyzed the role of FANCD2 in tumor progression, prognosis, and therapy for patients with LUAD. These results demonstrated that upregulated FANCD2 contributes to immune escape and was associated with worse outcomes for Patients with LUAD. It might be associated with FANCD2 participating in maintaining a stable tumor cell genome, protecting cells from ferroptosis, and constructing an immunosuppressive microenvironment. Furthermore, FANCD2 recruits immunosuppressive cells into the TME and regulates the expression of corresponding immune markers to weaken the anti-tumor immune response (Figure 10). Hence, FANCD2 is a biomarker for predicting human LUAD prognoses and may be a novel potential bio-target for identifying patients who may benefit from ferroptosis-induction treatment and/or immunotherapy.
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Background: Dysregulation of the ubiquitin-proteasome system (UPS) can lead to instability in the cell cycle and may act as a crucial factor in both tumorigenesis and tumor progression. However, there is no established prognostic signature based on UPS genes (UPSGs) for lung adenocarcinoma (LUAD) despite their value in other cancers.
Methods: We retrospectively evaluated a total of 703 LUAD patients through multivariate Cox and Lasso regression analyses from two datasets, the Cancer Genome Atlas (n = 477) and GSE31210 (n = 226). An independent dataset (GSE50081) containing 128 LUAD samples were used for validation.
Results: An eight-UPSG signature, including ARIH2, FBXO9, KRT8, MYLIP, PSMD2, RNF180, TRIM28, and UBE2V2, was established. Kaplan-Meier survival analysis and time-receiver operating characteristic curves for the training and validation datasets revealed that this risk signature presented with good performance in predicting overall and relapsed-free survival. Based on the signature and its associated clinical features, a nomogram and corresponding web-based calculator for predicting survival were established. Calibration plot and decision curve analyses showed that this model was clinically useful for both the training and validation datasets. Finally, a web-based calculator (https://ostool.shinyapps.io/lungcancer) was built to facilitate convenient clinical application of the signature.
Conclusion: An UPSG based model was developed and validated in this study, which may be useful as a novel prognostic predictor for LUAD.
Keywords: lung adenocarcinoma, ubiquitin-proteasome, prognosis, predictive modeling, gene signature
INTRODUCTION
Non-small cell lung cancer (NSCLC) constitutes approximately 40%–50% of total lung cancers, which are the leading cause of tumor-associated mortality worldwide (Wu et al., 2019; Siegel et al., 2020). NSCLC is still difficult to diagnose in the early stages due to its insidious progression, and more than two thirds of patients are only diagnosed in its advanced stages. Despite the existence of various chemo/physical/immunological therapies, the 5-year survival rate for patients with any type of lung cancer remains very low (Bade and Dela Cruz, 2020). Histologically, lung adenocarcinoma (LUAD) is the most common form of NSCLC, and comprises nearly 40% of all cases (Hua et al., 2020). Therefore, it is necessary to explore the specific molecular pathogenesis of LUAD and develop novel therapeutic targets for its treatment (Wang J. et al., 2020; Tang et al., 2020).
The ubiquitin-proteasome system (UPS) is a major intracellular protein degradation pathway in eukaryotic organisms, which controls a wide range of physiological processes and disease conditions, such as transcription, translation, DNA repair, and the cell cycle (Chen and Chen, 2016). The UPS primarily comprises the E1, E2, and E3 ubiquitin ligases, the proteasome, and various deubiquitinating enzymes. Dysregulation of the UPS can contribute to the inhibition of cell cycle regulation and disorder of cancer cell metabolism, ultimately leading to carcinogenesis (Dang et al., 2021). In fact, the UPS is already an important target in various cancer treatments, including the use of proteasome and ubiquitin E3 ligases as therapeutic targets for various chemotherapies (Manasanch and Orlowski, 2017). Abnormal expression of different UPS gene families alters proteolysis, inhibiting the proliferation and metastasis of LUAD (He et al., 2021). Thus, evaluating the relationship between UPS and tumorigenesis might provide novel insights into LUAD pathology and facilitate better patient prognosis. However, the prognostic values of UPS-related genes (UPSGs) and their molecular function in LUAD remain poorly understood.
Here, we investigated changes in UPSGs expression in the data downloaded from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases and then built a scoring model by classifying LUAD patients based on a multi-UPSGs signature, in combination with other clinicopathological factors, to improve our ability to predict the prognosis of LUAD patients, thereby helping to guide clinical treatment. This model might be meaningful for the development of comprehensive therapeutic approaches for LUAD patients.
METHODS
Data Collection
The transcriptomic (HTSeq-FPKM), demographic, and clinical information of patients with LUAD was collected from TCGA (training set) and GEO databases (validation set) for evaluations. First, TCGA-LUAD dataset was curated to remove any cases with incomplete survival data or a follow-up time of less than <30 days, leaving a total of 477 patients with LUAD who were then included in this study. GSE50081 were applied as validation datasets (Okayama et al., 2012; Der et al., 2014), where GSE31210 comprised a total of 226 primary LUAD patients at stage I–II, with a median age of 61 years and an age range of 30–76 years; the cohort included 105 male and 121 female patients. GSE50081 comprised a total of 128 LUAD cases with a median age of 70.38 years and an age range of 40.16–85.91 years; this cohort consisted of 98 male and 83 female patients. The clinical characteristics of all three datasets analyzed in this study are summarized in Table 1.
TABLE 1 | Clinical information analyzed in this study.
[image: Table 1]The mutation profiles for each of the UPSGs identified in LUAD patients were downloaded from the cBioPortal database (https://www.cbioportal.org/) (Gao et al., 2013). A total of 804 UPSGs were identified in a previous study and used as the basis of our evaluations in this study (Supplementary Table S1) (Wang et al., 2021).
Establishing a Prognostic UPSG Signature
To narrow the number of candidate UPSGs, we conducted univariate Cox regression analysis on TCGA-LUAD and GSE31210 datasets. The overlapping overall survival (OS)-related genes were selected for further study. These targets were then cross-validated using least absolute shrinkage and selection operator (LASSO) regression, which then produced a list of potential predictors with nonzero coefficients using the R packages “glmnet” and “survival.” Finally, we performed multivariate Cox regression analysis on TCGA-LUAD dataset to confirm the identity of highly correlated genes and construct the OS gene signature using the following risk score model:
[image: image]
where N represents the number of UPSGs included in the signature, Expi represents the mRNA level of these genes, and βi represents the regression coefficient obtained using the Cox regression analyses.
The patients in each dataset were classified as high- or low-risk, using the median risk score as the cutoff value, and the receiver operating characteristic (ROC) curves were created using the “survivalROC” package in R. The AUC values were calculated to assess the predictive potential of the UPSG signature.
Validation of the Prognostic Signature
The prognostic UPSG model was then applied to the GSE50081 validation dataset. Validation dataset was split into high- and low-risk groups for evaluation using Kaplan-Meier curve analysis, time-dependent ROC analysis, and patient outcome distribution to assess the categorization of the UPSG signature.
Subgroup Analyses of the UPSG Signature
The clinical usefulness of the prognostic UPSG signature was evaluated through stratification analysis that was performed to investigate the differences in the prognosis of LUAD patients presenting with different clinical characteristics. Based on both characteristics and risk score, the LUAD cases were divided into low- and high-risk groups, and Cox regression was applied to analyze these subgroups.
Estimation of Immune Cell Infiltration
To determine whether and how UPSGs affected the tumor immune microenvironment, Cell type Identification by Estimating Relative Subsets of RNA Transcripts (CIBERSORT) was used to predict the fractions of immune cell types between the high- and low-risk cohorts. Eventually, 22 types of differentially expressed immune cells associated with specific clinicopathologic characteristics in the high- and low-risk cohorts were identified and depicted as a landscape map.
Construction and Evaluation of the Nomogram
The UPSG signature and clinicopathological predictors were combined to construct a nomogram for TCGA training set. A calibration curve was prepared to assess the agreement between the nomogram model and actual observation. The time-ROC curves and calibration plots were generated, and decision curve analyses (DCA) was used to assess the predictive accuracy of the signature.
RESULTS
Establishing a UPSG Signature
We first defined OS-related UPSGs through a univariate Cox regression analysis from TCGA-LUAD and GSE31210 datasets. The two datasets comprised 95 and 157 OS-related UPSGs, respectively. Then, we reduced the number of OS-related UPSGs by taking the intersection of TCGA-LUAD and GSE31210 datasets. Eventually, 33 overlapping OS-related UPSGs were identified (Supplementary Figure S1). Subsequently, the 33 UPSGs were used in a Lasso-Cox proportional hazards regression and ten-fold cross-validation analyses designed to construct the best gene signature; eventually, 13 UPSGs were identified for downstream analysis (Supplementary Figure S1). Furthermore, a multivariate Cox regression was used to evaluate the Lasso results (Supplementary Figure S1). The prognostic risk score according to the expression of the eight UPSGs was determined as follows: Risk score = ARIH2 × (−0.075232) + FBXO9 × (−0.055219) + KRT8 × 0.00059 + MYLIP × (−0.034945) + PSMD2 × 0.006608 + RNF180 × (−0.123541) + TRIM28 × 0.004102 + UBE2V2 × 0.031981 (Table 2).
TABLE 2 | The prognostic ubiquitin-proteasome system-related genes identified by using LASSO COX regression.
[image: Table 2]Moreover, mutation analysis of the eight UPSGs included in the prognostic signature revealed that PSMD2, RNF180, UBE2V2, KRT8, and MYLIP were the most frequently mutated genes. Notably, amplification was the most common type of mutation, and UBE2V2, PSMD2, and FBXO9 were frequently amplified in LUAD (Supplementary Figure S1).
Evaluating the Prognostic Significance of the UPSG Signature
Using the risk score calculation formula derived from the multivariate Cox regression, the risk score for each TCGA-LUAD patient was calculated. Based on the median risk score, patients were separated into high- and low-risk cohorts. The distribution of OS status ranked by risk score is presented in Figure 1A, and the risk score distribution for OS prediction in TCGA dataset is shown in Figure 1B. Differences in expression of the eight UPSGs between normal and tumor tissues is shown in Figure 1C. The results show that KRT8, PSMD2, TRIM28, and UBE2V2 are significantly overexpressed in tumor tissues, while the expression level of FBXO9, MYLIP, and RNF180 is significantly reduced in LUAD (p < 0.05).
[image: Figure 1]FIGURE 1 | Evaluating the predictive power of the UPSG signature in TCGA-LUAD training set. (A) Distribution of overall survival status ranked by risk score. (B) Risk score distribution across OS prediction. (C) Comparison of the eight-UPSG mRNA expression levels between normal and tumor tissues. (D) Kaplan-Meier survival analysis of patients in the high- and low-risk cohorts. (E) Time-dependent receiver operating characteristic curves of the signature for predicting 1-, 3-, and 5-year overall survival rates. *p < 0.05, **p < 0.01, and ***p < 0.001 represent difference between normal and tumor tissues.
We then evaluated the differences in the survival rates of the high- and low-risk groups. The results revealed that the high-risk group exhibited a significantly poorer OS rate than the low-risk group (Figure 1D). In addition, we then used time-dependent ROC curves and their AUC values to evaluate the prognostic significance of this stratification. AUC values were estimated to be 0.700, 0.680, and 0.696 for 1-, 3-, and 5-year OS, respectively (Figure 1E). Moreover, subset analyses using stratification via clinicopathologic feature revealed that this UPSG signature exhibited significant predictive value in most subgroups (Table 3).
TABLE 3 | Stratified survival analyses and clinical characteristics with UPSGs prognostic signature in the TCGA-LUAD cohort (n = 477).
[image: Table 3]Moreover, we also evaluated the prognostic significance of the UPSG signature in the GSE31210 dataset. The distribution of the risk scores for the GSE31210 dataset is presented in Figure 2A. The risk score distribution for OS prediction is shown in Figure 2B, and the risk score distribution for relapsed-free survival (RFS) prediction is shown in Figure 2C. Survival analysis indicated that patients in the high-risk group had worse OS and RFS compared with the low-risk group (Figures 2D,E). Using the time-dependent ROC curves, the AUC values for 1-, 3-, and 5-year OS prediction were estimated to be 0.610, 0.686, and 0.729, respectively (Figure 2F), while those for RFS prediction were 0.677, 0.709, and 0.729, respectively (Figure 2G).
[image: Figure 2]FIGURE 2 | Evaluating the predictive power of the UPSG signature in GSE31210 dataset. (A) Risk score distribution for survival prediction. (B) Distribution of the overall survival status ranked by risk score. (C) Distribution of the relapse-free survival status ranked by risk score. (D) Overall survival analysis of patients in the high- and low-risk groups. (E) Relapse-free survival analysis of patients in the high- and low-risk groups. (F) Time-dependent receiver operating characteristic curves of the signature for predicting 1-, 3-, and 5-year overall survival. (G) Time-dependent receiver operating characteristic curves of the signature for predicting 1-, 3-, and 5-year relapse-free survival.
Validating the Prognostic Value of the UPSG Signature
To validate the prognostic value of the UPSG signature, we verified its prediction performance in the GSE50081 datasets.
The risk score distribution for OS prediction in the GSE50081 dataset is displayed in Figure 3A, and the risk score distribution for RFS prediction is shown in Figure 4B. Survival analysis indicated that the high-risk group exhibited a worse OS and RFS than the low-risk group (Figures 3C,D). Time-dependent ROC curves for OS prediction revealed AUC values for 1-, 3-, and 5-year OS of 0.63, 0.648, and 0.605, respectively (Figure 3E). Time-dependent ROC curves for RFS prediction revealed AUC values for 1-, 3-, and 5-year RFS of 0.755, 0.698, and 0.629, respectively (Figure 3F).
[image: Figure 3]FIGURE 3 | Validating the predictive power of the UPSG signature in the GSE50081 validation set. (A) Distribution of overall survival status ranked by risk score. (B) Distribution of relapse-free survival status ranked by risk score. (C) Overall survival analysis of patients in the high- and low-risk groups. (D) Relapse-free survival analysis of patients in the high- and low-risk groups. (E) Time-dependent receiver operating characteristic curves of the signature for predicting 1-, 3-, and 5-year overall survival. (F) Time-dependent receiver operating characteristic curves of the signature for predicting 1-, 3-, and 5-year relapse-free survival.
[image: Figure 4]FIGURE 4 | Univariate and multivariate analysis of the influence of specific clinical characteristics in the outcome of LUAD patients. (A) Univariate analysis for TCGA-LUAD training set. (B) multivariate analysis of TCGA-LUAD training set. (C) Univariate analysis for the GSE31210 dataset. (D) Multivariate analysis for the GSE31210 dataset. (E) Univariate analysis for the GSE50081 validation set. (F) Multivariate analysis for the GSE50081 validation set.
We then used both univariate and multivariate Cox regression analyses to determine whether this signature and other clinicopathological features were independent predictors of LUAD survival. The results indicated that the UPSG signature may serve as an independent prognostic indicator in both TCGA-LUAD (Figures 4A,B), GSE31210 (Figures 4C,D) datasets, and GSE50081 (Figures 4E,F) dataset.
Correlation Between UPSGs and Clinicopathological Factors
We analyzed the relevance of the signature genes in relation to various clinicopathological parameters of LUAD using the data from TCGA-LUAD training set. These analyses revealed that TRIM28, UBE2V2, KRT8, MYLIP, FBXO9, ARIH2, and RNF180 were all significantly correlated with specific clinicopathological features (Figures 5A–P).
[image: Figure 5]FIGURE 5 | Relationships between the mRNA expression of identified UPSGs and clinicopathological factors in patients with LUAD based on the TCGA-LUAD cohort. (A) TRIM28 expression and age. (B) UBE2V2 expression and age. (C) TRIM28 expression and gender. (D) UBE2V2 expression and gender. (E) KRT8 expression and tumor stage. (F) MYLIP expression and tumor stage. (G)RNF180 expression and tumor stage. (H)RNF180 expression and M stage. (I) ARIH2 expression and N stage. (J) KRT8 expression and N stage. (K) MYLIP expression and N stage. (L) PSMD2 expression and N stage. (M) RNF180 expression and N stage. (N) FBXO9 expression and T stage. (O) MYLIP expression and T stage. (P) KRT8 expression and T stage.
Evaluating the Infiltrating Immune Cell Ratios in High- and Low-Risk LUAD Patients
TCGA-LUAD gene expression data were uploaded to the CIBERSORT platform to evaluate any changes in the overall proportions of the 22 immune cell types in response to their allocation into high- and low-risk groups. Compared to low-risk patients, high-risk patients exhibited an increased proportion of activated CD4 memory T cells, resting NK cells, M0 macrophages, M1 macrophages, and activated mast cells and a reduced proportion of naïve B cells, plasma cells, resting CD4 memory T cells, activated NK cells, resting dendritic cells, and resting mast cells (Figure 6).
[image: Figure 6]FIGURE 6 | Differences in the distribution of immune cell infiltration between normal and tumor tissues (relative proportion of immune cells in each group).
Establishing and Evaluating a Novel LUAD Nomogram
Given these results, we established a novel nomogram for accurate clinical prediction of LUAD outcomes, using age, gender, stage, and signature risk score in TCGA-LUAD (Figure 7A), and then evaluated its precision using a calibration plot to predict the 1-, 3-, and 5-year OS rates for these samples, all of which exhibited strong correlation with the nomogram findings (Figure 7B). The AUC values for the nomogram at 1-, 3-, and 5-year OS were 0.776, 0.758, and 0.762, respectively (Figure 7C). Furthermore, results of DCA for predicting 1-, 3-, and 5-year survival probability confirmed our findings. As shown in Figures 7D–F, the nomogram presented higher net benefit than stage in predicting OS.
[image: Figure 7]FIGURE 7 | Overall survival prediction using the LUAD nomogram based on TCGA-LUAD training set. (A) Nomogram predictions for 1-, 3-, and 5-year overall survival in LUAD patients. (B) Calibration plot of the predictive model. (C) Time-dependent receiver operating characteristic curves for nomogram-mediated prediction of 1-, 3-, and 5-year overall survival in LUAD patients. (D) Decision curve analysis for 1-year overall survival rates. (E) Decision curve analysis for 3-year overall survival rates. (F) Decision curve analysis for 5-year overall survival rates. OS, overall survival.
Then, we evaluated this nomogram in the GSE31210 dataset. The AUC values of the nomogram at 1-, 3-, and 5-year OS in the ROC curves were 0.851, 0.792, and 0.735, respectively (Figure 8A). The AUC values of the nomogram at 1-, 3-, and 5-year RFS in the ROC curves were 0.769, 0.761, and 0.764, respectively (Figure 8B). Furthermore, DCA for predicting 1-, 3-, and 5-year OS and RFS probability confirmed these results. As shown in Figures 8C,D.
[image: Figure 8]FIGURE 8 | Evaluating LUAD survival prediction nomogram based on the GSE31210 dataset. (A) Time-dependent receiver operating characteristic curves for nomogram prediction of 1-, 3-, and 5-year overall survival rates. (B) Time-dependent receiver operating characteristic curves for nomogram mediated prediction of 1-, 3-, and 5-year relapse-free survival in LUAD patients. (C) Decision curve analysis for overall survival. (D) Decision curve analysis for relapse-free survival. OS, overall survival; RFS, relapsed-free survival.
Moreover, we also evaluated this nomogram in the GSE50081 dataset. The AUC values of the nomogram at 1-, 3-, and 5-year OS in the ROC curves were 0.652, 0.693, and 0.676, respectively (Supplementary Figure S1A). The AUC values of the nomogram at 1-, 3-, and 5-year RFS in the ROC curves were 0.728, 0.688, and 0.703, respectively (Supplementary Figure S1B). Furthermore, DCA for predicting 1-, 3-, and 5-year OS and RFS probability confirmed these results. As shown in Supplementary Figures S1C,D the nomogram based on the best model exhibited higher net benefit than stage during OS and RFS prediction.
Finally, we established a web-based tool (https://ostool.shinyapps.io/lungcancer/) for estimating the OS of patients with LUAD (Figures 9A,B) for clinical application of our nomogram and gene signature.
[image: Figure 9]FIGURE 9 | Web-based dynamic nomogram for predicting the overall survival of LUAD patients (https://ostool.shinyapps.io/lungcancer/). (A) Input interface: You can enter the related variables of participants in this interface. (B) Survival plot: It represents participants’ survival probability with different follow up time. (C) Numerical summary: It shows the actual values of probability and 95% confidence intervals.
For convenient clinical use and visualization of the prognostic model, we developed a simple-to-operate web-based model (https://ostool.shinyapps.io/lungcancer/) to predict the prognosis of LUAD based on the established nomogram (Figures 9A,B). Estimated LUAD survival probabilities can be obtained by drawing a perpendicular line from the total point axis to the outcome axis.
DISCUSSION
Our understanding of the ubiquitin-proteasome system has opened up a new era of anticancer treatment through the maintenance and protection of protein quality control and homeostasis (Li X. et al., 2018; Narayanan et al., 2020). Various UPS inhibitors are being evaluated in clinical trials as novel cancer therapeutics (Johnson, 2015). However, the prognostic value of UPSGs in LUAD patients remains poorly understood. Therefore, complete comprehensive analysis of UPSGs is urgently required to explore their clinical significance in LUAD.
Here, we used RNA-seq data from both TCGA and GEO databases to establish a UPSG prognostic risk signature incorporating ARIH2, FBXO9, KRT8, MYLIP, PSMD2, RNF180, TRIM28, and UBE2V2 for LUAD patients. Kaplan-Meier survival and ROC curve analyses based on both the training and validation sets indicated that this risk signature exhibited excellent fitting and predictive capacity. Thus, these results could help in the development of novel prognostic biomarkers and provide clinical research ideas for LUAD.
Among the eight UPSGs included in the signature, several genes have previously been explored in terms of their association with LUAD. ARIH2 (Ariadne RBR E3 ubiquitin ligase 2), an E3 ligase whose expression levels are regulated by PABPN1, is one of the most important factors involved in regulating biological function (Raz et al., 2014). A previous study has reported that loss of ARIH2 significantly accelerates the development of resistant HCC827 cells, but the specific mechanism of action needs further investigation (Zeng et al., 2019). FBXO9 (F-box only protein), an SCF (Skp1-Cul-F-box)-type ubiquitin ligase for Neurog2 (Liu J. A. et al., 2020), has been studied in various malignancies. Liu et al. reported that inhibition of FBXO9 increased proteasome activity and sensitivity to bortezomib, suggesting that FBXO9 has an important role in bortezomib susceptibility (Hynes-Smith et al., 2019). However, FBXO9 does not have E3 ligase activity by itself and it is a substrate recognition subunit of an E3 ligase complex. KRT8 (keratin 8), a type II basic intermediate filament protein, is essential for the development and metastasis of various cancers, including LUAD (Xie et al., 2019). Wang et al. explored the expression of KRT8 in LUAD and found that it was overexpressed in tumor tissues and associated with poorer prognosis (Wang W. et al., 2020); these results are consistent with those of our study. MYLIP (myosin regulatory light chain interacting protein), an E3 ubiquitin ligase, which is associated with the regulation of cell motility and migration (Chen et al., 2017), has been found to play a critical role in malignant tumors (Zhao et al., 2020). Ni et al. reported that MYLIP regulates the growth and metastasis-related phenotypes of cervical cancer cells Ni et al. (2021), while the knockdown of PSMD2 (proteasome 26S subunits, non-ATPase 2) has been reported to suppress tumor cell proliferation (Matsuyama et al., 2011; Li Y. et al., 2018; Okumura et al., 2018). PSMD2 has also been shown to be associated with the acquisition of metastatic phenotypes and poor prognosis in various lung cancers (Matsuyama et al., 2011). RNF180 (ring finger protein 180), an important member of the E3 ubiquitin ligase family, act as a tumor suppressor by inhibiting the proliferation, invasion, and migration of gastric cancer cells (Wu et al., 2020). Previous studies have also indicated that reduced RNF180 expression levels were associated with poor biological behavior in A549 and HCC827 cells (Liu H. et al., 2020). TRIM28 (tripartite motif-containing protein 28) is involved in several cellular processes including gene transcription, cell growth and differentiation, genome stability, immunity, development, and carcinogenesis (Hatakeyama, 2011; Iyengar and Farnham, 2011; Messerschmidt et al., 2012; Sio et al., 2012). Chen et al. reported that TRIM28 is a tumor suppressor in the early transformation process of lung cancer but acts as an oncogene in advanced stages of this disease Chen et al. (2014). UBE2V2 (ubiquitin-conjugating enzyme E2 variant 2) has sequence similarity to other ubiquitin-conjugating enzymes but lacks the conserved cysteine residues that are essential for the catalytic activity of E2 (Dikshit et al., 2018; Zhao et al., 2018). Hua et al. reported that UBE2V2 was identified as an independent prognostic indicator for LUAD and might function as a therapeutic target Hua et al. (2021).
The UPS is also regarded as an important player in the regulation of immune cell function and immune response (Çetin et al., 2021). Here, we evaluated the differences in the proportions of 22 immune cell types between low- and high-risk LUAD groups. Our results showed that compared to low-risk patients, high-risk patients have a higher proportion of activated CD4 memory T cells, resting NK cells, M0 macrophages, M1 macrophages, and activated mast cells and a reduced proportion of naïve B cells, plasma cells, resting CD4 memory T cells, activated NK cells, resting dendritic cells, and resting mast cells. These data indicate that this novel gene signature represents differences in immune infiltration, suggesting that immune status may have a critical effect on prognosis.
Given these promising results, we constructed a more reliable and individualized clinical prediction model, using our eight-UPSG signature and several other clinical features to establish a nomogram. The AUC values of the nomogram for TCGA-LUAD data at 1-, 3-, and 5-year OS were 0.776, 0.758, and 0.762, respectively, while those for the GSE31210 dataset were 0.851, 0.792, and 0.735, respectively (Figure 8A). In addition, the AUC values of the nomogram at 1-, 3-, and 5-year RFS in this dataset were 0.769, 0.761, and 0.764, respectively (Figure 8B). DCA results also suggested that the nomogram based on the best model exhibited a larger net prognostic benefit than stage. For the convenience of clinical application, we established a web-based tool for estimating the OS of patients with LUAD. Taken together, these results may enable us to deliver higher accuracy in prognosis prediction for patients with LUAD.
To the best of our knowledge, this is the first study to establish a UPSG signature for predicting the survival of patients with LUAD. However, this study had some limitations. First, we did not investigate the detailed mechanisms of each of the eight UPSGs identified in this study; these underlying mechanisms warrant further investigation through both in vitro and in vivo studies. Second, the inclusion of clinical indicators in the model seems to be insufficient; other factors such as, radiotherapy, surgery type, and targeted drug use might affect the prognosis of LUAD. Third, only two GEO datasets were applied for validation; however, further validation using larger datasets is required.
Compared to a signature developed on a complete set of genes, our UPSG signature has a major advantage. We made a comprehensive exploration of the prognostic role of UPSGs in LUAD from a bioinformatic perspective. Compared to the large and complex genome signature, our risk had a better clinical operability which was calculated by several simple UPSGs. However, our research also has a major disadvantage. As our research was based on UPSGs, other prognosis genes were ignored and not included in this study.
In summary, we established a novel signature model for LUAD prognosis based on an eight-UPSG signature, which accurately predicted prognosis of LUAD patients. This signature may serve as an effective tool for designing personalized therapies and guiding medical decisions for LUAD patients in the future. Moreover, these UPSGs in the signature are promising targets for pharmacological and gene therapy in the future.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
YT and YG designed the experiment. YG analyzed the data. YG and YT interpreted the data. YG and YT wrote the manuscript. YG carefully reviewed the manuscript. All authors contributed to the article and approved the submitted version.
FUNDING
This study was supported by Youth Talent Cultivation Project of First Affiliated Hospital of Nanchang University (no. YFYPY202116), and the Science and technology Project of Jiangxi Provincial Health Commission (no.202210362).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
We would like to acknowledge TCGA and GEO databases for providing their platforms and those contributors for uploading their valuable datasets.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.893511/full#supplementary-material
ABBREVIATIONS
LUAD, lung adenocarcinoma; TCGA, The Cancer Genome Atlas; GEO, Gene Expression Omnibus; OS, overall survival; RFS, relapsed-free survival; UPS, ubiquitin-proteasome system; UPSG, ubiquitin-proteasome system related gene; AUC, area under the curve; ROC, receiver operating characteristic; DCA, decision curve analysis.
REFERENCES
 Bade, B. C., and Dela Cruz, C. S. (2020). Lung Cancer 2020. Clin. Chest Med. 41, 1–24. doi:10.1016/j.ccm.2019.10.001
 Çetin, G., Klafack, S., Studencka-Turski, M., Krüger, E., and Ebstein, F. (2021). The Ubiquitin-Proteasome System in Immune Cells. Biomolecules 11, 60. doi:10.3390/biom11010060
 Chen, H.-Y., and Chen, R.-H. (2016). Cullin 3 Ubiquitin Ligases in Cancer Biology: Functions and Therapeutic Implications. Front. Oncol. 6, 113. doi:10.3389/fonc.2016.00113
 Chen, L., Muñoz-Antonia, T., and Cress, W. D. (2014). Trim28 Contributes to EMT via Regulation of E-Cadherin and N-Cadherin in Lung Cancer Cell Lines. PLoS One 9, e101040. doi:10.1371/journal.pone.0101040
 Chen, S.-F., Chen, P.-Y., Hsu, H.-J., Wu, M.-J., and Yen, J.-H. (2017). Xanthohumol Suppresses Mylip/Idol Gene Expression and Modulates LDLR Abundance and Activity in HepG2 Cells. J. Agric. Food Chem. 65, 7908–7918. doi:10.1021/acs.jafc.7b02282
 Dang, F., Nie, L., and Wei, W. (2021). Ubiquitin Signaling in Cell Cycle Control and Tumorigenesis. Cell Death Differ. 28, 427–438. doi:10.1038/s41418-020-00648-0
 Der, S. D., Sykes, J., Pintilie, M., Zhu, C.-Q., Strumpf, D., Liu, N., et al. (2014). Validation of a Histology-independent Prognostic Gene Signature for Early-Stage, Non-small-cell Lung Cancer Including Stage IA Patients. J. Thorac. Oncol. 9, 59–64. doi:10.1097/jto.0000000000000042
 Dikshit, A., Jin, Y. J., Degan, S., Hwang, J., Foster, M. W., Li, C.-Y., et al. (2018). UBE2N Promotes Melanoma Growth via MEK/FRA1/SOX10 Signaling. Cancer Res. 78, 6462–6472. doi:10.1158/0008-5472.can-18-1040
 Gao, J., Aksoy, B. A., Dogrusoz, U., Dresdner, G., Gross, B., Sumer, S. O., et al. (2013). Integrative Analysis of Complex Cancer Genomics and Clinical Profiles Using the cBioPortal. Sci. Signal 6, pl1. doi:10.1126/scisignal.2004088
 Hatakeyama, S. (2011). TRIM Proteins and Cancer. Nat. Rev. Cancer 11, 792–804. doi:10.1038/nrc3139
 He, D. H., Chen, Y. F., Zhou, Y. L., Zhang, S. B., Hong, M., Yu, X., et al. (2021). Phytochemical Library Screening Reveals Betulinic Acid as a Novel Skp2‐SCF E3 Ligase Inhibitor in Non-small Cell Lung Cancer. Cancer Sci. 112, 3218–3232. doi:10.1111/cas.15005
 Hua, X., Zhao, W., Pesatori, A. C., Consonni, D., Caporaso, N. E., Zhang, T., et al. (2020). Genetic and Epigenetic Intratumor Heterogeneity Impacts Prognosis of Lung Adenocarcinoma. Nat. Commun. 11, 2459. doi:10.1038/s41467-020-16295-5
 Hua, Z.-D., Liu, X.-B., Sheng, J.-H., Li, C., Li, P., Cai, X.-Q., et al. (2021). UBE2V2 Positively Correlates with PD-L1 Expression and Confers Poor Patient Survival in Lung Adenocarcinoma. Appl. Immunohistochem. Mol. Morphol. 29, 585–591. doi:10.1097/pai.0000000000000928
 Hynes-Smith, R. W., Swenson, S. A., Vahle, H., Wittorf, K. J., Caplan, M., Amador, C., et al. (2019). Loss of FBXO9 Enhances Proteasome Activity and Promotes Aggressiveness in Acute Myeloid Leukemia. Cancers (Basel) 11, 1717. doi:10.3390/cancers11111717
 Iyengar, S., and Farnham, P. J. (2011). KAP1 Protein: an Enigmatic Master Regulator of the Genome. J. Biol. Chem. 286, 26267–26276. doi:10.1074/jbc.r111.252569
 Johnson, D. E. (2015). The Ubiquitin-Proteasome System: Opportunities for Therapeutic Intervention in Solid Tumors. Endocr. Relat. Cancer 22, T1–T17. doi:10.1530/erc-14-0005
 Li, X., Elmira, E., Rohondia, S., Wang, J., Liu, J., and Dou, Q. P. (2018). A Patent Review of the Ubiquitin Ligase System: 2015-2018. Expert Opin. Ther. Pat. 28, 919–937. doi:10.1080/13543776.2018.1549229
 Li, Y., Huang, J., Zeng, B., Yang, D., Sun, J., Yin, X., et al. (2018). PSMD2 Regulates Breast Cancer Cell Proliferation and Cell Cycle Progression by Modulating P21 and P27 Proteasomal Degradation. Cancer Lett. 430, 109–122. doi:10.1016/j.canlet.2018.05.018
 Liu, H., Yang, P., Li, X., and Jia, Y. (2020). Ring Finger Protein 180 Is Associated with Biological Behavior and Prognosis in Patients with Non-small Cell Lung Cancer. Oncol. Lett. 20, 35. doi:10.3892/ol.2020.11898
 Liu, J. A., Tai, A., Hong, J., Cheung, M. P. L., Sham, M. H., Cheah, K. S. E., et al. (2020). Fbxo9 Functions Downstream of Sox10 to Determine Neuron-Glial Fate Choice in the Dorsal Root Ganglia through Neurog2 Destabilization. Proc. Natl. Acad. Sci. U.S.A. 117, 4199–4210. doi:10.1073/pnas.1916164117
 Manasanch, E. E., and Orlowski, R. Z. (2017). Proteasome Inhibitors in Cancer Therapy. Nat. Rev. Clin. Oncol. 14, 417–433. doi:10.1038/nrclinonc.2016.206
 Matsuyama, Y., Suzuki, M., Arima, C., Huang, Q. M., Tomida, S., Takeuchi, T., et al. (2011). Proteasomal Non-catalytic Subunit PSMD2 as a Potential Therapeutic Target in Association with Various Clinicopathologic Features in Lung Adenocarcinomas. Mol. Carcinog. 50, 301–309. doi:10.1002/mc.20632
 Messerschmidt, D. M., de Vries, W., Ito, M., Solter, D., Ferguson-Smith, A., and Knowles, B. B. (2012). Trim28 Is Required for Epigenetic Stability during Mouse Oocyte to Embryo Transition. Science 335, 1499–1502. doi:10.1126/science.1216154
 Narayanan, S., Cai, C.-Y., Assaraf, Y. G., Guo, H.-Q., Cui, Q., Wei, L., et al. (2020). Targeting the Ubiquitin-Proteasome Pathway to Overcome Anti-cancer Drug Resistance. Drug Resist. Updat. 48, 100663. doi:10.1016/j.drup.2019.100663
 Ni, M., Yan, Q., Xue, H., Du, Y., Zhao, S., and Zhao, Z. (2021). Identification of MYLIP Gene and miRNA-802 Involved in the Growth and Metastasis of Cervical Cancer Cells. Cancer Biomark. 30, 287–298. doi:10.3233/cbm-201523
 Okayama, H., Kohno, T., Ishii, Y., Shimada, Y., Shiraishi, K., Iwakawa, R., et al. (2012). Identification of Genes Upregulated in ALK-Positive and EGFR/KRAS/ALK-negative Lung Adenocarcinomas. Cancer Res. 72, 100–111. doi:10.1158/0008-5472.can-11-1403
 Okumura, T., Ikeda, K., Ujihira, T., Okamoto, K., Horie-Inoue, K., Takeda, S., et al. (2018). Proteasome 26S Subunit PSMD1 Regulates Breast Cancer Cell Growth through P53 Protein Degradation. J. Biochem. 163, 19–29. doi:10.1093/jb/mvx053
 Raz, V., Buijze, H., Raz, Y., Verwey, N., Anvar, S. Y., Aartsma-Rus, A., et al. (2014). A Novel Feed-Forward Loop between ARIH2 E3-Ligase and PABPN1 Regulates Aging-Associated Muscle Degeneration. Am. J. Pathology 184, 1119–1131. doi:10.1016/j.ajpath.2013.12.011
 Siegel, R. L., Miller, K. D., and Jemal, A. (2020). Cancer Statistics, 2020. CA A Cancer J. Clin. 70, 7–30. doi:10.3322/caac.21590
 Sio, F. R. S., Barde, I., Offner, S., Kapopoulou, A., Corsinotti, A., Bojkowska, K., et al. (2012). KAP1 Regulates Gene Networks Controlling T‐cell Development and Responsiveness. FASEB J. 26, 4561–4575. doi:10.1096/fj.12-206177
 Tang, Y., Jiang, Y., Qing, C., Wang, J., and Zeng, Z. (2020). Systematic Construction and Validation of an Epithelial-Mesenchymal Transition Risk Model to Predict Prognosis of Lung Adenocarcinoma. Aging 13, 794–812. doi:10.18632/aging.202186
 Wang, J., He, L., Tang, Y., Li, D., Yang, Y., and Zeng, Z. (2020). Development and Validation of a Nomogram with an Epigenetic Signature for Predicting Survival in Patients with Lung Adenocarcinoma. Aging (Albany NY) 12, 23200–23216. doi:10.18632/aging.104090
 Wang, J., Li, J., Zhang, L., Qin, Y., Zhang, F., Hu, R., et al. (2021). Comprehensive Analysis of Ubiquitin-Proteasome System Genes Related to Prognosis and Immunosuppression in Head and Neck Squamous Cell Carcinoma. Aging 13, 20277–20301. doi:10.18632/aging.203411
 Wang, W., He, J., Lu, H., Kong, Q., and Lin, S. (2020). KRT8 and KRT19, Associated with EMT, Are Hypomethylated and Overexpressed in Lung Adenocarcinoma and Link to Unfavorable Prognosis. Biosci. Rep. 40, BSR20193468. doi:10.1042/BSR20193468
 Wu, C., Li, M., Meng, H., Liu, Y., Niu, W., Zhou, Y., et al. (2019). Analysis of Status and Countermeasures of Cancer Incidence and Mortality in China. Sci. China Life Sci. 62, 640–647. doi:10.1007/s11427-018-9461-5
 Wu, Z., Liu, H., Sun, W., Du, Y., He, W., Guo, S., et al. (2020). RNF180 Mediates STAT3 Activity by Regulating the Expression of RhoC via the Proteasomal Pathway in Gastric Cancer Cells. Cell Death Dis. 11, 881. doi:10.1038/s41419-020-03096-3
 Xie, L., Dang, Y., Guo, J., Sun, X., Xie, T., Zhang, L., et al. (2019). High KRT8 Expression Independently Predicts Poor Prognosis for Lung Adenocarcinoma Patients. Genes (Basel) 10, 36. doi:10.3390/genes10010036
 Zeng, H., Castillo-Cabrera, J., Manser, M., Lu, B., Yang, Z., Strande, V., et al. (2019). Genome-wide CRISPR Screening Reveals Genetic Modifiers of Mutant EGFR Dependence in Human NSCLC. Elife 8, e50223. doi:10.7554/eLife.50223
 Zhao, L., Zhou, Y., Zhao, Y., Li, Q., Zhou, J., and Mao, Y. (2020). Long Non-coding RNA TUSC8 Inhibits Breast Cancer Growth and Metastasis via miR-190b-5p/MYLIP axis. Aging 12, 2974–2991. doi:10.18632/aging.102791
 Zhao, Y., Long, M. J. C., Wang, Y., Zhang, S., and Aye, Y. (2018). Ube2V2 Is a Rosetta Stone Bridging Redox and Ubiquitin Codes, Coordinating DNA Damage Responses. ACS Cent. Sci. 4, 246–259. doi:10.1021/acscentsci.7b00556
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Tang and Guo. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 08 June 2022
doi: 10.3389/fgene.2022.905581


[image: image2]
Prognostic Implication and Immunological Role of PSMD2 in Lung Adenocarcinoma
Huihui Zhao1 and Guojun Lu2*
1Department of Oncology, The Second Hospital of Nanjing, Nanjing University of Chinese Medicine, Nanjing, China
2Department of Respiratory Medicine, Nanjing Chest Hospital, Affiliated Nanjing Brain Hospital, Nanjing Medical University, Nanjing, China
Edited by:
Wei Zhao, City University of Hong Kong, Hong Kong SAR, China
Reviewed by:
Jin Bai, Xuzhou Medical University, China
Shouyu Wang, School of Medicine, Nanjing University, China
* Correspondence: Guojun Lu, guojunlu@njmu.edu.cn
Specialty section: This article was submitted to Cancer Genetics and Oncogenomics, a section of the journal Frontiers in Genetics
Received: 27 March 2022
Accepted: 23 May 2022
Published: 08 June 2022
Citation: Zhao H and Lu G (2022) Prognostic Implication and Immunological Role of PSMD2 in Lung Adenocarcinoma. Front. Genet. 13:905581. doi: 10.3389/fgene.2022.905581

Background: Although previous studies reported that 26S proteasome non-ATPase regulatory subunit 2 (PSMD2) is involved in many human cancers. However, its clinical significance and function in lung adenocarcinoma remain unclear. Here, we examined the prognostic and immunological role of PSMD2 in lung adenocarcinoma.
Methods: The Cancer Genome Atlas (TCGA) was conducted to analyze PSMD2 expression and verified using UALCAN. PrognoScan and Kaplan-Meier curves were utilized to assess the effect of PSMD2 on survival. cBioPortal database was conducted to identify the mutation characteristics of PSMD2. Functional enrichment was performed to determine PSMD2-related function. Cancer Single-cell State Atlas (CancerSEA) was used to explore the cancer functional status of PSMD2 at single-cell resolution. PSMD2-related immune infiltration analysis was conducted. Tumor-Immune system interaction database (TISIDB) was performed to verify the correlation between PSMD2 expression and tumor-infiltrating lymphocytes (TILs).
Results: Both mRNA and protein expression of PSMD2 were significantly elevated in lung adenocarcinoma. High expression of PSMD2 was significantly correlated with high T stage (p = 0.014), lymph node metastases (p < 0.001), and TNM stage p = 0.005). Kaplan-Meier curves indicated that high expression of PSMD2 was correlated with poor overall survival (38.2 vs. 59.7 months, p < 0.001) and disease-specific survival (59.9 months vs. not available, p = 0.004). Multivariate analysis suggested that PSMD2 was an independent biomarker for poor overall survival (HR 1.471, 95%CI, 1.024–2.114, p = 0.037). PSMD2 had a high mutation frequency of 14% in lung adenocarcinoma. The genetic mutation of PSMD2 was also correlated with poor overall survival, disease-specific survival, and progression-free survival in lung adenocarcinoma. Functional enrichment suggested PSMD2 expression was involved in the cell cycle, RNA transport, and cellular senescence. CancerSEA analysis indicated PSMD2 expression was positively correlated with cell cycle, DNA damage, and DNA repair. Immune infiltration analysis suggested that PSMD2 expression was correlated with immune cell infiltration levels and abundance of TILs.
Conclusion: The upregulation of PSMD2 is significantly correlated with poor prognosis and immune infiltration levels in lung adenocarcinoma. Our findings suggest that PSMD2 is a potential biomarker for poor prognosis and immune therapeutic target in lung adenocarcinoma.
Keywords: PSMD2, lung adenocarcinoma, prognosis, biomarker, immune infiltration
INTRODUCTION
Lung cancer is still the most common cancer in China and the leading cause of cancer-related death in China and the United States of America (USA) (Lee et al., 2019; Siegel et al., 2022; Xia et al., 2022). Lung adenocarcinoma is the most common histological subtype of lung cancer and accounts for about 40% of diagnoses (Hua et al., 2020). The research to date indicates that targeted therapy and immune-checkpoint inhibitors plus chemotherapy have become standard therapy for lung adenocarcinoma and bring survival benefits (Hirsch et al., 2017; Gandhi et al., 2018; Mok et al., 2019). However, up to now, the 5-year survival rate of lung adenocarcinoma has remained a struggle at 16% (Huo et al., 2019). Furthermore, previous studies have reported that tumor-infiltrating lymphocytes (TILs) including tumor-associated macrophages and tumor-infiltrating neutrophils are correlated with the prognosis and sensitivity of chemotherapy and immunotherapy (Waniczek et al., 2017; Pan et al., 2019). As a result, it is urgent to explore the immune phenotype of lung adenocarcinoma and identify novel prognostic biomarkers and therapeutic strategies for lung adenocarcinoma.
The Proteasome 26S Subunit, Non-ATPase (PSMD) gene family, is composed of the PSMD1 to PSMD14. Previous studies have shown that PSMD family genes can play important role in the progress of circulation and tumorigenesis by regulating ubiquitinated protein breakdown. PSMD1-3 and PSMD7 were elevated in breast cancer and correlated with poor prognosis. They can promote cell proliferation and cell cycle progression prognosis in breast cancer cell lines (Oguro et al., 2015; Okumura et al., 2018; Fararjeh et al., 2019; Zhao et al., 2020). In esophageal cancer, upregulation of PSMD4 can reduce endoplasmic reticulum stress-induced cell apoptosis to promote tumor progression (Ma et al., 2019). It was also reported that PSMD9 was correlated with recurrence after radiotherapy in cervical cancer and can predict radiotherapy benefits in breast cancer (Langlands et al., 2014; Köster et al., 2020). A previous study has shown that PSMD2 was overexpressed in lung cancer and patients with higher expression of PSMD2 were correlated with poorer prognosis (Matsuyama et al., 2011). However, the number of lung cancer patients enrolled in this study was relatively small. Moreover, PSMD family genes are reported to correlate with immune infiltration profiles in breast cancer (Xuan et al., 2021). Up to now, there is no studies have designed to investigate the association between PSMD2 expression and immune cell infiltration in lung adenocarcinoma.
In this study, we first examined the expression of PSMD2 in lung adenocarcinoma in the TCGA and UALCAN databases. Then we conducted PrognoScan and Kaplan-Meier curves to assess the correlation between PSMD2 expression and prognosis. cBioPortal database was conducted to identify the mutation characteristics and prognostic significance of PSMD2. Furthermore, functional enrichment analysis, cancer functional status at single-cell resolution and immune cell infiltration analysis were also conducted. Our findings link the upregulation of PSMD2 with the poor prognosis and propose a therapeutic immunological target for lung adenocarcinoma.
MATERIALS AND METHODS
The Cancer Genome Atlas
TCGA (https://portal.gdc.cancer.gov/) is a landmark cancer genomics program (Tomczak et al., 2015). In the present study, the expression level of PSMD2 in different cancer types and related clinical data in lung adenocarcinoma were downloaded from TCGA for further analysis.
UALCAN and Clinical Proteomic Tumor Analysis Consortium Database
The UALCAN (http://ualcan.path.uab.edu/) is an online web resource to analyze cancer omics data (Chandrashekar et al., 2017). It can be used to perform protein expression analysis of the CPTAC dataset (Edwards et al., 2015). In this study, we input PSMD2 in the “scan by gene” module of UALCAN to explore the total protein expression between primary tumor and normal tissues with the CPTAC dataset of lung adenocarcinoma.
The Human Protein Atlas
The HPA database (https://proteinatlas.org/) contains human protein expression profiles in tumor tissues and normal tissues (Uhlén et al., 2015; Uhlen et al., 2017). In the present study, HPA was conducted to confirm the protein expression of PSMD2 in lung adenocarcinoma.
PrognoScan
PrognoScan database (http://dna00.bio.kyutech.ac.jp/PrognoScan/index.html) is an online database for prognosis analysis (Mizuno et al., 2009). In the present study, we input PSMD2 in the “Enter gene identifier” module of PrognoScan and validated the prognostic importance of PSMD2 in lung adenocarcinoma with two datasets (GSE31210, GSE13213).
cBioPortal Database
The cBioPortal for Cancer Genomics (https://www.cbioportal.org/) is a Web resource to explore, visualize, and analyze multidimensional cancer genomics data (Cerami et al., 2012; Gao et al., 2013). In this study, we utilized the cBioPortal database to assess mutation data of PSMD2, capture its prognostic value in altered lung adenocarcinoma patients, and acquire co-expressed genes of PSMD2.
Functional Enrichment Analysis
After acquiring co-expressed genes of PSMD2 from cBioPortal, we performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis with R package clusterProfiler to further quantify the functional annotations of these co-expressed genes (Yu et al., 2012). R package ggplot2 was adopted to visualize the results of GO and KEGG.
Cancer Single-Cell State Atlas
CancerSEA is an online database to comprehensively decode distinct functional states of cancer cells from different cancer types at single-cell resolution (Yuan et al., 2019). In this study, the relevant data of PSMD2 across different tumor functional states based on single-cell sequencing data were downloaded from CancerSEA and a heatmap was drawn. The t-SNE diagram was also downloaded from CancerSEA to describe the distribution of all individual cells.
Immune Infiltration Analysis
The methods for analyzing immune infiltration were described as before (Li et al., 2021; Zhang et al., 2022). Tumor infiltration expression of 24 immune cell types was downloaded from published literature (Bindea et al., 2013) and quantified by the ssGSEA method with R package GSVA (Hänzelmann et al., 2013). Furthermore, Spearman correlation and Mann-Whitney U test were conducted to determine the correlation between low/high expression of PSMD2 and immune cell infiltration in lung adenocarcinoma.
Tumor-Immune System Interaction Database
TISIDB (http://cis.hku.hk/TISIDB/) is an integrated repository portal for tumor and immune system interaction (Ru et al., 2019). In the present study, TISIDB was employed to capture the relations between PSMD2 expression and the abundance of TILs in lung adenocarcinoma. The relations between PSMD2 expression and TILs were determined by Spearman’s test.
Statistical Analyses
R (V 3.6.3, https://www.r-project.org/) was utilized for statistical analyses and R package ggplot2 was employed for visualization of expression differences. Paired t-test and Mann-Whitney U test were proposed to explore the expression differences between lung adenocarcinoma tissues and adjacent normal tissues. Kaplan-Meier curves and Cox regression were conducted with R package survminer and survival to assess the effect of PSMD2 on survival. p < 0.05 was considered statistically significant.
RESULTS
Assessment of PSMD2 mRNA Expression in Pan-Cancer Perspective and Lung Adenocarcinoma
To assess the transcription level of PSMD2 in multiple tumors and normal samples, we conducted analyses on the TCGA database. As shown in Figure 1A, compared with normal tissue controls, the expression of PSMD2 was upregulated in 13 cancer types and only downregulated in Kidney Chromophobe. Looking at Figure 1B, the Mann-Whitney U test indicated that the PSMD2 mRNA expression level in lung adenocarcinoma (n = 535) was significantly upregulated relative to normal lung tissues (n = 59) (6.964 ± 0.698 vs. 6.510 ± 0.177, p < 0.001). As shown in Figure 1C, paired t-test analysis showed that PSMD2 mRNA expression level in lung adenocarcinoma (n = 57) were significantly upregulated relative to normal lung tissues (n = 57) (7.156 ± 0.662 vs. 6.512 ± 0.177, p < 0.001). Taken together, these results suggest that mRNA expression of PSMD2 is elevated in lung adenocarcinoma tissues.
[image: Figure 1]FIGURE 1 | Expression pattern of PSMD2 in Pan-cancer perspective and lung adenocarcinoma. (A) PSMD2 is increased in 13 cancer types and decreased only in Kidney Chromophobe from TCGA. (B,C) Both the Mann-Whitney U test and paired t-test indicate mRNA expression of PSMD2 is elevated in lung adenocarcinoma. (D) The protein expression of PSMD2 is upregulated in CPTAC. (E) The PSMD2 protein expression in normal tissue from HPA. (F) The PSMD2 protein expression in lung adenocarcinoma tissue from HPA. (∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001, ns, no significant).
Assessment of PSMD2 Protein Expression in Lung Adenocarcinoma
To explore the total protein expression of PSMD2 between lung adenocarcinoma and normal tissues, we analyzed CPTAC with the UALCAN dataset. The result in Figure 1D also showed that the protein expression of PSMD2 in lung adenocarcinoma was significantly elevated than in normal tissues. Protein expression from HPA also suggested that PSMD2 in lung adenocarcinoma tissue was higher than that in normal lung tissue (Figures 1E,F). Overall, these results indicate that protein expression of PSMD2 is increased in lung adenocarcinoma tissues.
Relationships Between PSMD2 Expression and Clinicopathological Factors of Lung Adenocarcinoma Patients
The basic clinicopathological factors of lung adenocarcinoma patients was listed in Table 1. To examine the clinical relevance of PSMD2 expression, we conducted the expression between different clinicopathological factors of lung adenocarcinoma patients with the Mann-Whitney U test. As listed in Figure 2, the high expression of PSMD2 was significantly correlated with T stage (T1 vs. T2-4, p = 0.014), N stage (N0 vs. N1-N3, p < 0.001), and TNM stage (Stage I-II vs. Stage III-IV, p = 0.005). However, PSMD2 expression had no significant correlation with other clinicopathological factors, such as M stage (p = 0.401), gender (p = 0.174), age (p = 0.884), smoking condition (p = 0.225), and anatomic subdivision (right vs. left, p = 0.999; peripheral vs. central, p = 0.149). On the whole, these results indicate that PSMD2 had a significant correlation with T stage, lymph node metastases, and high TNM stage.
TABLE 1 | The basic characteristics of clinicopathological factors in lung adenocarcinoma patients.
[image: Table 1][image: Figure 2]FIGURE 2 | The clinical relevance of PSMD2 expression and clinicopathological factors in lung adenocarcinoma patients. PSMD2 mRNA expression was significantly increased with high T stage (A), N stage (B), and TNM stage (D). No observed differences in M stage (C), gender (E), age (F), smoke condition (G), and anatomic subdivision (right vs. left, central vs. peripheral) (H,I). (ns, no significance, ∗p < 0.05, ∗∗∗p < 0.001).
Correlation Between PSMD2 Expression and Prognosis
To investigate the correlation between PSMD2 mRNA expression and prognosis of lung adenocarcinoma patients, Kaplan-Meier curves with R package survminer and survival were used. As can be seen in Figure 3A, the overall survival of lung adenocarcinoma patients with higher PSMD2 expression was significantly shorter than those with lower PSMD2 expression (38.2 vs. 59.7 months, p < 0.001). As shown in Figure 3B, the disease-specific survival of lung adenocarcinoma patients with higher PSMD2 expression was also significantly shorter than those with lower PSMD2 expression (59.9 months vs. not available, p = 0.004). However, as shown in Figure 3C, no significant difference was observed between higher and lower PSMD2 expression and progression-free interval (28.8 vs. 40.1 months, p = 0.089). Furthermore, we validated the prognostic importance of PSMD2 in PrognoScan. The result from two datasets in Figures 3D,E suggested that high PSMD2 expression was correlated with poor overall survival in lung adenocarcinoma. As a result, by associating PSMD2 and other clinical characteristics in Figures 4A,B, we established a nomogram and calibration plot for predicting the overall survival probability of lung adenocarcinoma patients.
[image: Figure 3]FIGURE 3 | Correlation between PSMD2 expression and prognosis in lung adenocarcinoma. (A) Higher PSMD2 expression had a shorter overall survival. (B) Higher PSMD2 expression had a shorter disease-specific survival. (C) No significant difference was observed between PSMD2 expression and progression-free interval. (D,E) Two datasets (GSE31210, GSE13213) in PrognoScan suggested that high PSMD2 expression was correlated with poor overall survival in lung adenocarcinoma.
[image: Figure 4]FIGURE 4 | A nomogram and calibration plot for predicting the 1-, 3-, and 5-year overall survival probability of lung adenocarcinoma patients. (A) To predict the survival probability, first draw a vertical line from each clinical factor up to the points axis and get a point. Repeat until points for all clinical factors are decided. Sum all the points and then locate the total point on the total points axis. Draw a line straight down to the risk axis and finally obtain survival probability. (B) Calibration plot of the nomogram.
Prognostic Role of PSMD2 in Lung Adenocarcinoma Patients
To further explore the prognostic role of PSMD2 for overall survival and disease-specific survival in lung adenocarcinoma patients, we performed Cox univariate and multivariate analyses. As shown in Figure 5A, univariate analysis showed that high expression of PSMD2 was significantly correlated with poor overall survival of lung adenocarcinoma patients (HR 1.694, 95%CI, 1.264–2.269, p < 0.001). Moreover, we conducted a multivariate analysis with the Cox proportional hazards model. The multivariate analysis in Figure 5B suggested that T stage (HR 1.767, 95%CI, 1.098–2.842, p = 0.019), N stage (HR 1.791, 95%CI, 1.181–2.716, p = 0.006), Pathologic stage (HR 1.693, 95%CI, 1.056–2.717, p = 0.029), and PSMD2 (HR 1.471, 95%CI, 1.024–2.114, p = 0.037) were independent factors for overall survival in lung adenocarcinoma patients. Furthermore, as shown in Supplementary Table S1, univariate analysis showed that high expression of PSMD2 was significantly correlated with poor disease-specific survival of lung adenocarcinoma patients (HR 1.734, 95%CI, 1.198–2.512, p = 0.004). However, the multivariate analysis suggested PSMD2 (HR 1.615, 95%CI, 0.998–2.614, p = 0.051) was not an independent factor for disease-specific survival in lung adenocarcinoma. Our data indicate that PSMD2 is an independent factor for overall survival in lung adenocarcinoma patients.
[image: Figure 5]FIGURE 5 | Cox regression analyses and forest plots of prognostic factors for overall survival. (A) Univariate Cox analysis and forest plot results of PSMD2 for OS. (B) Multivariate Cox analysis and forest plot indicated PSMD2 was an independent prognostic biomarker for OS in lung adenocarcinoma. (Red colors mean significant results. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001).
Genetic Mutation of PSMD2 was Correlated With Poor Prognosis
To identify the mutation characteristics of PSMD2 and its prognostic value in altered lung adenocarcinoma patients, we utilized an analysis on the cBioPortal database. It can be seen from Figure 6A that PSMD2 had a high mutation frequency of 14% in lung adenocarcinoma (TCGA, PanCancer Atlas). The main alteration frequency of PSMD2 was mRNA upregulation and amplification (Figure 6B). Moreover, compared with the unaltered group, the result of Kaplan-Meier curves found that the altered group was associated with poor prognosis in overall survival (Figure 6C, 28.57 vs. 52.60 months, p = 1.737e-4), disease-specific survival (Figure 6D, 36.66 vs. 88.14 months, p = 2.559e-4), and progression-free survival (Figure 6E, 19.00 vs. 39.52 months, p = 3.377e-4). Overall, these results suggest that genetic mutation of PSMD2 was correlated with poor prognosis in lung adenocarcinoma.
[image: Figure 6]FIGURE 6 | Genomic mutation of PSMD2 in lung adenocarcinoma. (A) OncoPrint presented the different mutation types and proportions of PSMD2. (B) Cancer types summary showed the alteration frequency. (C–E) Genomic mutation of PSMD2 was correlated with poor overall survival, disease-specific survival, and progression-free survival.
Functional Enrichment Analysis of Co-expressed Genes of PSMD2
To perform GO and KEGG analysis, we first downloaded co-expressed genes of PSMD2 from cBioPortal. As shown in Supplementary Table S2, with |cor Spearman| > 0.5 and p < 0.05, PSMD2 had 139 co-expressed genes, including 137 positive and two negative co-expressed genes. R package clusterProfiler was utilized for GO and KEGG analysis. As shown in Figure 7A, GO analysis revealed that these co-expressed genes of PSMD2 were involved in the biological progress of organelle fission, chromosome segregation, and regulation of cell cycle phase transition. They acted as structural constituents in the condensed chromosome, spindle, and chromosomal region (Figure 7B), and played an important part in the molecular function of ATPase activity, tubulin binding, and DNA helicase activity (Figure 7C). KEGG pathway analysis in Figure 7D indicated enrichment function in cell cycle, RNA transport, and cellular senescence.
[image: Figure 7]FIGURE 7 | Functional enrichment analysis of co-expressed genes of PSMD2. (A) Biological progress of organelle fission, chromosome segregation, and regulation of cell cycle phase transition. (B) Structural constituents in the condensed chromosome, spindle, and chromosomal region. (C) The molecular function of ATPase activity, tubulin binding, and DNA helicase activity. (D) KEGG pathway analysis indicated enrichment function in the cell cycle, RNA transport, and cellular senescence.
The Correlation Between PSMD2 Expression and Cancer Functional States
To capture the expression of PSMD2 at single-cell resolution and its correlation with cancer functional states, we conducted an analysis on CancerSEA. The results listed in Figure 8A suggested that PSMD2 expression was significantly positively correlated with angiogenesis and DNA damage, while negatively correlated with proliferation in acute lymphoblastic leukemia (ALL). PSMD2 expression was positively correlated with cell cycle, DNA damage, and DNA repair, while negatively correlated with quiescence in lung adenocarcinoma (Figure 8B). The t-SNE diagram in Figure 8C described the PSMD2 expression profile in single cells of lung adenocarcinoma.
[image: Figure 8]FIGURE 8 | The correlation between PSMD2 expression and cancer functional states. (A) A heatmap indicated the relationship between PSMD2 expression and cancer functional states from CancerSEA. (B) PSMD2 expression was correlated with cell cycle, DNA repair, and quiescence in lung adenocarcinoma. (C) The t-SNE diagram described the PSMD2 expression profile in single cells of lung adenocarcinoma.
PSMD2 Was Correlated With Immune Infiltration in Lung Adenocarcinoma
To analyze the correlation between the expression of PSMD2 and immune cell infiltration, we conducted ssGSEA method with R package GSVA. The results of Spearman correlation analysis were listed in Figures 9A–G and Table 2. It was apparent that PSMD2 expression was negatively correlated with the immune cell infiltration levels of CD8 T cells (r = −0.238, p < 0.001), B cells (r = −0.225, p < 0.001), pDC (r = −0.194, p < 0.001), mast cells (r = −0.191, p < 0.001), TFH (r = −0.190, p < 0.001), Tcells (r = −0.160, p < 0.001), Th17 cells (r = −0.143, p < 0.001), NK CD56bright cells (r = −0.128, p < 0.001), cytotoxic cells (r = −0.122, p < 0.001), and positively correlated with the immune cell infiltration levels of Th2 cells (r = 0.438, p < 0.001), Tgd (r = 0.146, p < 0.001), aDC (r = 0.142, p < 0.001), NK CD56dim cells (r = 0.121, p < 0.001), and NK cells (r = 0.142, p < 0.001). On the whole, these results suggest that PSMD2 may regulate the level of tumor-infiltrating immune cells to affect lung adenocarcinoma progression.
[image: Figure 9]FIGURE 9 | Spearman correlation between PSMD2 expression and immune cell infiltration. (A) The correlation between PSMD2 expression and the relative abundances of 24 immune cells. (B–D) Mann-Whitney U test indicated there were differences in immune cells (CD8 T cells, B cells, Th2 cells) between high/low expression of PSMD2. (E–G) Scatter diagrams for correlation between immune cells (CD8 T cells, B cells, Th2 cells) and PSMD2 expression.
TABLE 2 | The correlation between PSMD2 expression and immune infiltration.
[image: Table 2]The Relations Between PSMD2 Expression and Abundance of Tumor-Infiltrating Lymphocytes in Tumor-Immune system interaction database
To further confirm the relations between PSMD2 expression and TILs, we performed an analysis on TISIDB. As shown in Figure 10A, we found that PSMD2 expression was negatively correlated with abundance of eosinophil cells (r = −0.39, p < 2.2e-16), mast cells (r = −0.267, p = 7.49e-10), activated B cells (r = −0.262, p = 1.79e-09), Th17 (r = −0.216, p = 7.23e-07), immature B cells (r = −0.204, p = 3.03e-06), tem CT8 T cells (r = −0.191, p = 1.28e-05), pDC (r = −0.169, p = 1.19e-04), macrophage cells (r = −0.163, p = 2.09e-04), and neutrophil cells (r = −0.152, p = 5.34e-04), NK cells (r = −0.136, p = 1.89e-03), TFH (r = −0.117, p = 7.59e-03), Th1 (r = −0.106, p = 0.016). PSMD2 expression was negatively correlated with abundance of activated CD4 cells (r = 0.284, p = 6.14e-11), CD56dim cells (r = 0.107, p = 1.46e-02). The results were similar to Figure 9. Scatter diagrams for correlation between PSMD2 expression and abundance of eosinophil cells, mast cells, activated CD4 cells and CD56dim cells were listed in Figures 10B–E. Taken together, these results indicate that PSMD2 expression is correlated with most TILs in lung adenocarcinoma, further suggesting that PSMD2 may play an important role in the lung adenocarcinoma microenvironment.
[image: Figure 10]FIGURE 10 | The relations between PSMD2 expression and abundance of TILs in TISIDB. (A) Relations between PSMD2 expression and 28 types of TILs across human cancers. (B–E) Scatter diagrams for correlation between PSMD2 expression and abundance of eosinophil cells, mast cells, activated CD4 cells, and CD56dim cells.
DISCUSSION
In this study, we reported that the expression level of PSMD2 is significantly elevated in lung adenocarcinoma and its upregulation is a reliable predictor of high T stage, lymph node metastases, and high TNM stage. In light of the PrognoScan database, Kaplan-Meier curves, and multivariate Cox analysis, our results confirmed that high expression of PSMD2 is correlated with poor prognosis and PSMD2 is an independent prognostic biomarker for overall survival of lung adenocarcinoma patients. Our results further indicated that the genetic mutation of PSMD2 was also correlated with poor overall survival, disease-specific survival, and progression-free survival in lung adenocarcinoma. The genetic mutation of PSMD2 was also correlated with poor overall survival, disease-specific survival, and progression-free survival in lung adenocarcinoma. Moreover, immune infiltration analysis suggested that PSMD2 expression had a significant correlation with the level of tumor-infiltrating immune cells, further suggesting a specific role for PSMD2 in the immunological interactions in lung adenocarcinoma.
As a member of The PSMD gene family, PSMD2 has been characterized as an important non-ATPase regulatory subunit of the 19S proteasome (Li et al., 2019). Previous studies elucidated that proteasome can induce ubiquitination and degradation of protein, which in turn play an important role in the development of cell proliferation, apoptosis, and cell cycle (Chesnel et al., 2006). Functioning as a component of the proteasome, PSMD2 was reported to play a vital role in tumor progression. In colorectal cancer, PSMD2 can facilitate the degradation of diverse Ras-related GTPase and then inhibit cell proliferation and affect the expression of cell-cycle protein via blocking NF-kappaB signaling (Ying et al., 2022). In breast cancer, a paper from Li et al. reported that PSMD2 can interact with p21 and p27, mediate the degradation of their ubiquitin-proteasome, and then promote cell proliferation and cell cycle progression in breast cancer (Oguro et al., 2015). In hepatocellular carcinoma, PSMD2 can modulate cellular lipid metabolism to regulate HepG2 cell proliferation via p38-JNK and AKT signaling (Tan et al., 2019). In the present study, our results showed that the mRNA and protein expression of PSMD2 is elevated in lung adenocarcinoma tissues. Moreover, we analyzed the correlation between PSMD2 expression and the clinicopathological factors of lung adenocarcinoma patients. The current study suggests that high expression of PSMD2 is significantly correlated with high T stage, N stage, and TNM stage. Given our results, it is likely that PSMD2 is involved in tumorigenesis and metastasis of lung adenocarcinoma. Furthermore, both functional enrichment analysis and CancerSEA results indicate PSMD2 expression is correlated with cell cycle, further suggesting that PSMD2 can regulate cell cycle to promote cancer progression. However, this should be tested in other experiments.
Previous studies demonstrated that upregulation of PSMD2 is correlated with poor prognosis in many cancers. A paper from established that patients with high PSMD2 expression have poor overall survival and progression-free survival in bladder urothelial carcinoma Salah Fararjeh et al. (2021). Based on the result of univariate and multivariate analysis, PSMD2 has been identified as an independent prognostic biomarker for overall survival in bladder urothelial carcinoma (Salah Fararjeh et al., 2021). In breast cancer, reported that upregulation of PSMD2 is associated with shorter overall survival and distant-metastasis-free survival, further suggesting that PSMD2 could act as a factor for an unfavorable prognosis in breast cancer Li et al. (2018). Our findings on the prognostic value of PSMD2 in lung adenocarcinoma are consistent with these reports. In this study, our results indicate that lung adenocarcinoma patients with high PSMD2 expression have poor overall survival and progression-free survival. Univariate and multivariate analysis found that PSMD2 is an independent prognostic factor for overall survival in lung adenocarcinoma patients. Furthermore, mutation characteristics of PSMD2 from the cBioPortal database also suggest that the altered group is associated with poor prognosis in overall survival, disease-specific survival, and progression-free survival in lung adenocarcinoma. Based on our data, we conclude that PSMD2 is a potential biomarker for poor prognosis in lung adenocarcinoma.
Many studies have described that tumor-infiltrating immune cells are the representative cellular components and play an important part in host antitumor immune responses (Oguro et al., 2015). There is also some evidence that infiltrating immune cells is closely associated with the efficacy of immunotherapy (Zhang et al., 2020). The findings indicate that compared with high immune cell infiltration, patients with low immune cell infiltration levels may appear poor outcomes to conventional therapy in some solid tumors (Tobin et al., 2019). A paper from reported that the expression of PSMD member genes including PSMD2 is related to markers of six tumor-infiltrating immune cell types in breast cancer Xuan et al. (2021). In this study, we analyzed the correlation between the expression of PSMD2 and immune cell infiltration. By ssGSEA method, we found that PSMD2 expression was negatively correlated with the immune cell infiltration levels of CD8 T cells, B cells, pDC, mast cells, TFH, T cells, Th17 cells, NK CD56bright cells, and cytotoxic cells. Moreover, PSMD2 expression is positively correlated with the immune cell infiltration levels of Th2 cells, Tgd, aDC, NK CD56dim cells, and NK cells. To further confirm the relations between PSMD2 expression and TILs, we performed an analysis on TISIDB. The results from TISIDB were similar to the ssGSEA method. Our findings suggest that PSMD2 expression is correlated with immune cell infiltration and raise the possibility that PSMD2 can be a potential immunotherapy target in lung adenocarcinoma. However, this hypothesis should be tested with further research.
In conclusion, our findings showed that PSMD2 expression is significantly elevated in lung adenocarcinoma and its upregulation is a reliable predictor of high T stage, lymph node metastases, and high TNM stage. Our results confirmed that high expression of PSMD2 is correlated with poor prognosis and PSMD2 is an independent prognostic biomarker for lung adenocarcinoma patients. Moreover, PSMD2 expression had a significant correlation with the level of tumor-infiltrating immune cells.
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The prognosis of the most common histological subtype of lung cancer, lung adenocarcinoma (LUAD), is relatively poor. Mitochondrial homeostasis depends to a great extent on the coordination between mitophagy and mitochondrial biogenesis, the deregulation of which causes various human diseases, including cancer. There is accumulating evidence that long noncoding RNAs (lncRNAs) are critical in predicting the prognosis and immune response in carcinoma. Therefore, it is critical to discern lncRNAs related to mitochondrial homeostasis in LUAD patients. In this study, we identified mitochondrial homeostasis–related lncRNAs (MHRlncRNAs) by coexpression analysis. In order to construct a prognostic signature composed of three MHRlncRNAs, univariate and multivariate Cox regression analyses were performed. Kaplan–Meier analysis, stratification analysis, principal component analysis (PCA), receiver operating characteristic (ROC) curve, gene set enrichment analysis (GSEA), and nomogram were applied to evaluate and optimize the risk model. Subsequently, we identified the mitochondrial homeostasis–related lncRNA signature (MHLncSig) as an independent predictive factor of prognosis. Based on the LUAD subtypes regrouped by this risk model, we further investigated the underlying tumor microenvironment, tumor mutation burden, and immune landscape behind different risk groups. Likewise, individualized immunotherapeutic strategies and candidate compounds were screened to aim at different risk subtypes of LUAD patients. Finally, we validated the expression trends of lncRNAs included in the risk model using quantitative real-time polymerase chain reaction (qRT-PCR) assays. The established MHLncSig may be a promising tool for predicting the prognosis and guiding individualized treatment in LUAD.
Keywords: mitochondrial homeostasis, long noncoding RNAs, lung adenocarcinoma, nomogram, prognosis, immunotherapy
INTRODUCTION
As the most commonly diagnosed pathological subtype of lung cancer, the incidence of lung adenocarcinoma (LUAD) is increasing globally every year. LUAD patients have poor prognosis which commonly results from late detection and individual treatment differences. Compared with the conventional treatments including surgery and chemotherapy, the development of multiple agents targeting driver gene mutations showed appreciable promise in LUAD treatment due to the advances of cancer genomics (Denisenko et al., 2018; Joseph et al., 2018). Unfortunately, secondary mutations in tumors usually contribute to targeted therapeutic resistance (Liu et al., 2018). In recent years, advance of cancer immunology makes immunotherapy a hotspot in the clinical treatment of LUAD. Classical immune checkpoint inhibitors (ICIs) including antiprogrammed cell death 1 (PD-1) and antiprogrammed cell death-ligand 1 (PD-L1) agents exert a persisting and powerful antitumor effect in LUAD patients (Forde et al., 2018). However, only a proportion of patients could benefit from immunotherapy because of the relatively low overall response rate of ICI (Li et al., 2018a). For the aforementioned reasons, the 5-year survival rate of LUAD remains inadequate (Wang et al., 2021; Zhu et al., 2022). Therefore, novel molecular biomarkers are urgently required to predict the prognosis and therapeutic response for LUAD patients.
Mitochondria are essential organelles that regulate ATP production and energy transformation via oxidative phosphorylation (OXPHOS) and the tricarboxylic acid cycle (TCA), which also modulate iron metabolism, Ca2+ signaling, innate immunity, and apoptotic cell death in mammalian cells (Zong et al., 2016; Pathak and Trebak, 2018). Mitochondria, generally defined as highly motile and plastic organelles, constantly undergo processes of fusion and fission and update through mitophagy and mitochondrial biogenesis to maintain homeostasis (Ma et al., 2020). In most cases, mitochondrial DNA (mtDNA) mutations, deleted, or damaged DNA replication induce the dysbiosis of mitochondrial homeostasis and consequent mitochondrial dysfunction (Butow and Avadhani, 2004; Wallace, 2012). Mitochondrial dysfunction caused by significant abnormalities in the mtDNA copy number is intimately associated with many diseases such as age-related pathologies, mtDNA depletion syndrome, and several carcinomas (Park et al., 2009; Imanishi et al., 2011; Greaves et al., 2012). The results from previous studies indicated that low copy numbers of mtDNA are widely observed in multiple cancers including colon, breast, hepatocellular carcinomas, prostate cancer, and astrocytoma (Horton et al., 1996; Lee et al., 2005; Petros et al., 2005; Tseng et al., 2006; Correia et al., 2011). Moreover, mtDNA depletion induced by experimental methods promotes aggressive phenotype in prostate and colorectal cancer cells (Moro et al., 2009; Guo et al., 2011).
Long noncoding RNAs (lncRNAs), a subclass of noncoding RNAs with a length of >200 nucleotides, have been confirmed to be involved in the tumorigenesis and progression of various tumors, including LUAD (Zheng et al., 2021). Recent studies have revealed that dysregulation of specific lncRNAs was inextricably associated with tumor proliferation, metastasis, and drug resistance in lung cancer (Mao et al., 2018; Wang et al., 2019a; Yang et al., 2020). Nonetheless, the specific function of lncRNAs in mitochondrial homeostasis remains to be clarified. Therefore, investigating the potential mechanism of mitochondrial homeostasis–related lncRNAs (MHRlncRNAs) in LUAD may be valuable for prognostic biomarkers.
In our study, we extracted the expression profiles of 1,499 mitochondrial homeostasis-related genes (MHRGs) from the publicly available dataset: The Cancer Genome Atlas (TCGA) dataset. Using Pearson’s correlation analysis, we identified 2,850 lncRNAs coexpressed with MHRGs. Next, mitochondrial homeostasis–related lncRNA signature (MHLncSig) was constructed to forecast the survival of LUAD patients utilizing differential expression analysis, univariate and multivariate Cox regression analyses. This personalized and robust prognostic signature is not only an independent indicator of overall survival, but also significantly related to tumor microenvironment, tumor mutation burden (TMB), immune infiltration, immunotherapeutic efficacy, and drug sensitivity.
MATERIALS AND METHODS
Data Acquisition and Study Design
We downloaded the RNA transcriptome sequence data, corresponding clinical features, and mutation data for the patients with LUAD from The Cancer Genome Atlas (TCGA) (https://cancergenome.nih.gov/) database. The patients with missing survival information were removed from this study. The study flowchart is presented in Figure 1.
[image: Figure 1]FIGURE 1 | A concise flow diagram of this study.
Selection of Mitochondrial Homeostasis-Related Genes and lncRNAs
1,499 MHRGs with the relevance score >4 were obtained from the GeneCards (https://www.genecards.org/) database, including mitochondrial DNA-encoded genes and genomic DNA-encoded genes that regulate mitochondrial homeostasis via multiple pathways. We extracted the expression profile of MHRGs from the downloaded transcriptome data and performed differential expression analysis between the normal samples and LUAD samples. 294 differentially expressed MHRGs (|Log fold change (FC)| > 1 and false discovery rate (FDR) adjusted p < 0.05) were considered to be closely related to the pathogenesis and progression of LUAD. Next, we used Pearson’s correlation analysis and identified 2,850 MHRlncRNAs (|Pearson R| > 0.4 and p < 0.001). Further differential expression analysis based on 2,850 MHRlncRNAs was conducted to discern candidate lncRNAs for model building.
Establishment of the Risk Signature
We identified 131 differentially expressed MHRlncRNAs as candidate lncRNAs from the 2,850 MHRlncRNAs (|log FC| > 1 and FDR <0.05). The TCGA set was randomly separated into training (252 patients) and testing sets (252 patients), and no significant differences in the clinical properties was observed. Table 1 summarized the clinical features of these three sets. We used the training set to construct the prognostic signature The testing set and the entire TCGA set were utilized to validate the established signature. Univariate Cox regression analysis was performed to screen nine lncRNAs with significant prognostic value from 131 differentially expressed MHRlncRNAs. Multivariate Cox regression analysis was utilized to analyze and further confirm the prognostic significance from the previous steps, and three lncRNAs were retained during multiple computing. Thereafter, according to a linear combination of expression levels weighted with the regression coefficients calculated by multivariate Cox regression analysis, we established a risk formula that can calculate the risk score for each patient with LUAD
[image: image]
where n indicates the amount of MHRlncRNAs included in the prognostic model, and the multivariate Cox regression analysis provided the coefficient for lncRNAi. According to the median risk score, we further distinguished the high- and low-risk subgroups of LUAD.
TABLE 1 | Clinical features of the three LUAD patients sets.
[image: Table 1]Function Enrichment Analysis
To discern the potential biological roles and metabolic pathways in differentially expressed MHRGs, the Gene Ontology (GO) categories and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways were identified in the R program. We also used the Gene Set Enrichment Analysis (GSEA) (version 4.1.0) to investigate the biological processes and metabolic pathways involved in the different risk subgroups of LUAD stratified by MHLncSig. In terms of the reference file, c2.cp.kegg.v7.4.symbols.gmt was used and FDR <0.05 was considered significant.
Tumor Microenvironment and Tumor Mutation Burden (TMB)
R “estimate” package was utilized to calculate the stromal score, immune score, and ESTIMATE score for each LUAD patient, which represents the infiltration of both the stromal and immune cells in tumor tissues. We downloaded the somatic mutation data from the TCGA database and calculated the TMB score for each LUAD sample using a Perl script.
Immune Landscape and Immunotherapeutic Response Based on the MHLncSig
In order to calculate the relative abundance of 22 kinds of tumor-infiltrating immune cells (TICs) for each sample in the TCGA cohort, we used the CIBERSORT method. Subsequently, the Wilcoxon test was employed to verify the differentiation of 22 types of TICs between the low- and high-risk groups. Next, we converted the gene expression profile of tumor samples into immune function–related score and performed differential analysis of immune function between different risk subgroups using R “limma,” “GSVA,” “GSEABase,” “ggpubr,” and “reshape2” packages. Finally, we performed the Tumor Immune Dysfunction and Exclusion (TIDE) algorithm to access the response to immunotherapy.
Screening the Potential Compounds for Clinical Treatment of LUAD Risk Subgroups
We computed the IC50 of antitumor drugs that are commonly recommended for LUAD treatment based on gene expression profile of LUAD patients using the “pRRophetic” package in R software. The Wilcoxon test was adopted to evaluate the difference in the IC50 levels between distinct subgroups.
RNA Isolation and qRT-PCR
Patient samples comprising a cohort of 15 paired LUAD and adjacent normal tissues were collected between October 2021 and December 2021 from the Second Affiliated Hospital of Harbin Medical University. With the approval for experiments from the Ethics and Scientific Committees of the Second Affiliated Hospital of Harbin Medical University (Approval Number: KY2021-375), written informed consent was provided by all enrolled patients. The total RNA was extracted using the TRIzol reagent (Invitrogen, CA, United States). 1 µg total RNA and ReverTra Ace qPCR RT Master Mix (TOYOBO) were used for reverse transcriptase reaction. Next, 1 µl synthesized cDNA was used in PCR amplification. The levels of three lncRNAs were measured quantitatively by the SYBR Green Master Mix Kit (TOYOBO). GAPDH was selected as an internal reference. The relative expression was calculated based on the comparative Ct (2−ΔΔCt) method, and Student’s t-test (two-tailed) was utilized to assess the significance of lncRNA expression differences in GraphPad Prism (version 8.0). The qRT-PCR primers in this study were as follows:
FENDRR
Forward: 5′-GCC​TCA​GAG​TGG​GCT​AGA​TT-3′
Reverse: 5′-TAA​CGA​TCC​CAC​CAA​CAC​CA-3′
AL590666.2
Forward: 5′-ACA​GAA​TGA​TCC​AGG​CAC​CA-3′
Reverse: 5′-AGG​ACA​AGA​TGG​ACG​CAG​AT-3′
AC090559.1
Forward: 5′-TGC​TAG​GCA​ATT​CTG​GAA​GC-3′
Reverse: 5′-TTG​CTG​TTG​CCA​CAA​AGT​GA-3′
GAPDH
Forward: 5′-CAT​GTT​CGT​CAT​GGG​TGT​GAA-3′
Reverse: 5′-GGC​ATG​GAC​TGT​GGT​CAT​GAG-3′
Statistical Analyses
We performed all bioinformatics analyses in R-version 4.1.1. Survival curves were plotted using Kaplan–Meier analysis to estimate the difference of survival for both the subgroups of LUAD in the R “survival” and “survminer” packages. Receiver operating characteristic (ROC) curves and the area under the curve (AUC) values were applied to evaluate the degree of robustness and accuracy of our MHLncSig. Principal component analysis (PCA) was utilized to reduce the dimension of high-dimensional data and visualize the differentiation between the risk subgroups in terms of entire genes expression in TCGA, 2,850 MHRlncRNAs, and the risk model of the 3 MHRlncRNAs. The R “limma” and “scatterplot3d” packages were employed to enable this process. In addition, we constructed a nomogram for predicting the overall survival of 1, 3, and 5 years, and a correction curve was applied to assess the consistency between the model prediction outcome and practical outcome by using the R “survival,” “survminer,” “rms,” and “regplot” packages, respectively. We set the statistically significant threshold as p-value <0.05 (*p < 0.05, **p < 0.01, and ***p < 0.001).
RESULTS
Identification of Mitochondrial Homeostasis–Related lncRNAs in LUAD Patients
First, we downloaded the coding gene list associated with mitochondrial homeostasis from the GeneCards database. Based on the expression profile of LUAD and normal subjects in TCGA, differential expression analysis of 1,499 MHRGs was conducted to discern the genes that may serve a role in tumorigenesis. A heatmap and a volcano map were plotted to illustrate the 294 differentially expressed genes (205 upregulated genes and 89 downregulated genes in LUAD) (Figures 2A,B), and the detailed data are summarized in Supplementary Table S1. Furthermore, GO and KEGG analyses were utilized to explore the molecular functions and pathways behind these 294 genes. Figure 2C visualized the most highly significant cellular components, biological processes, and molecular functions. Moreover, biological pathways were mainly enriched in processes associated with mitochondrial synthesis and metabolism (Figures 2D,E).
[image: Figure 2]FIGURE 2 | Differential expression analysis and corresponding functional enrichment of the 1,499 MHRGs. (A) A heatmap of the 294 differentially expressed genes. (B) A volcano plot based on the 205 upregulated and 89 downregulated genes. (C) The most highly significant 10 results in the GO analysis. (D,E) The corresponding genes and the distribution of enriched biological pathways in the KEGG analysis.
Next, 2,850 lncRNAs coexpressed with the 294 differentially expressed genes were identified as MHRlncRNAs by Pearson’s correlation analysis. Furthermore, differential expression analysis based on the 2,850 lncRNAs was utilized to screen the candidate MHRlncRNAs for model construction. The result of differential analysis is summarized in Supplementary Table S2 and visualized in Figures 3A,B.
[image: Figure 3]FIGURE 3 | Construction and validation of the MHLncSig. (A) A heatmap of differential expression analysis based on 2,850 MHRlncRNAs. (B) A volcano plot based on the 109 upregulated MHRlncRNAs and 22 downregulated MHRlncRNAs. (C) A forest plot of nine MHRlncRNAs significantly related to survival in LUAD. (D,G,J) Different Kaplan–Meier curves in the two risk groups stratified by MHLncSig in the training set, testing set, and the entire TCGA set. (E,H,K) ROC curve of the MHLncSig at 3 years in the training set, testing set, and the entire TCGA set. (F,I,L) The expression patterns of MHLncSig, the risk grade distribution, and the survival status between the low- and high-risk groups in the training set, testing set, and the entire TCGA set.
Construction and Validation of the MHLncSig in LUAD Patients
To investigate the prognostic value of 131 candidate MHRlncRNAs, we performed univariate Cox analysis in the training set (252 patients) and identified nine MHRlncRNAs which are significantly associated with the survival of LUAD (Figure 3C). According to the multivariate Cox proportional hazards regression analysis, AL590666.2, FENDRR, and AC090559.1 were further established as components of the risk model. The details of multivariate Cox regression analysis are shown in Table 2. Finally, we designed a risk-score formula for LUAD patients’ survival prediction. The risk score formula is as follows: risk score = 0.063 × expression quantity of AL590666.2 + (−0.527) × expression quantity of FENDRR + (−0.158) × expression quantity of AC090559.1. AL590666.2 with a positive coefficient tended to be a detrimental factor. However, the other two lncRNAs including FENDRR and AC090559.1 tended to be protective factors. Next, grouping was conducted based on the median risk score of the training set; the Kaplan–Meier plot showed entirely different survival curves between different groups (p = 0.001, Figure 3D). The AUC value of the receiver operating characteristic (ROC) curve was 0.696, indicating that MHLncSig is equipped with quite accurate prediction performance for the prognosis (Figure 3E). In addition, the expression standards of MHLncSig for each patient, the risk grade distribution, and the survival status between the two groups are depicted in Figure 3F.
TABLE 2 | Multivariate Cox regression analysis of three prognostic lncRNAs.
[image: Table 2]Next, we validated our MHLncSig in the testing set (252 patients) and the entire TCGA set (504 patients). The survival analysis indicated that the patients in the low-risk group had better overall survival (OS) than that in the high-risk group (Figure 3G). The AUC value of MHLncSig in the testing set reached 0.695 (Figure 3H). Figure 3I shows the expression patterns of MHLncSig, the risk grade distribution, and the survival of LUAD patients. Notably, the entire TCGA set also manifested similar results as the aforementioned findings (Figures 3J–L).
Relationship Between MHLncSig and Clinical Traits
We next performed correlation analysis between the risk score calculated by MHLncSig and clinical traits including age, gender, T stage, N stage, M stage, and pathological stage. The results indicated that there were high correlations between MHLncSig and all these clinical features in the entire TCGA set (p < 0.05, Supplementary Figure S1). Furthermore, we evaluated the predictive performance of our MHLncSig in different subgroups classified by clinical traits. In the vast majority of subgroups of LUAD patients, the low-risk group continued to maintain supremacy in OS (Supplementary Figure S2). Moreover, univariate and multivariate Cox regression analyses were performed to investigate whether the MHLncSig had independent prognostic effect for LUAD. After correction for other clinical variables, we observed that the MHLncSig retained independent significance for the prediction of OS in the training set, the testing set, and the entire TCGA set (Table 3).
TABLE 3 | Univariate and multivariate Cox regression analysis of the MHLncSig and prognosis.
[image: Table 3]Evaluation of the Prognostic MHLncSig in Terms of PCA and GSEA Analyses
We conducted the PCA analysis to estimate the distributions of the two different risk groups based on the total gene expression profiles, 2,850 MHRlncRNAs, and the MHLncSig categorized by the expression profiles of the three risk lncRNAs (Figure 4A). Compared with the relatively scattered distributions of the two different risk groups based on the total gene expression profiles and 2,850 MHRlncRNAs, the results based on our prognostic signature indicated that the MHLncSig had excellent grouping ability to a certain extent. Furthermore, we performed GSEA enrichment analysis to reveal the underlying mechanisms and pathways behind the high-risk group characterized by dismal prognosis. A total of 37 pathways were significantly enriched in the high-risk group (FDR < 0.05, Supplementary Table S3). The pathways involving cell cycle, cysteine and methionine metabolism, glutathione metabolism, oxidative phosphorylation, proteasome, purine metabolism, and pyrimidine metabolism are visualized in Figure 4B.
[image: Figure 4]FIGURE 4 | PCA and GSEA analyses of the MHLncSig and construction of a prognostic nomogram. (A) PCA based on the total gene expression profiles, 2,850 MHRlncRNAs, and the MHLncSig categorized by three risk MHRlncRNAs. (B) GSEA analysis of the high-risk group calculated by MHLncSig. (C) A nomogram predicting 1-, 2-, and 3-year OS of LUAD cancer. (D) The calibration plot of the nomogram. (E) ROC curves of the prognostic nomogram at 1, 3, and 5 years.
Establishment and Performance Evaluation of the Prognostic Nomogram
We constructed a prognostic nomogram comprising the risk signature and clinical traits to predict the survival rate of 1, 2, and 3 years (Figure 4C). A total score was assigned to each LUAD patient by combining six individual scores in the nomogram, where a lower total point was related to a better outcome. Furthermore, we utilized ROC curve and calibration plot analyses to evaluate the validity of the nomogram (Figures 4D,E). The prediction curve was very close to the actual survival curve in the calibration plot and the AUCs of 1-, 2-, and 3-year curve were 0.728, 0.71, and 0.696, respectively, suggesting that the nomogram predicted the prognosis for LUAD patients well.
Evaluation of Tumor Microenvironment and TMB Using MHLncSig
Tumor microenvironment comprising stromal and immune components together with the secreted factors provide an immunosuppressive and protumoral environment for tumor development, which also correlates closely with immunotherapy positive response (Fridman et al., 2012; Gajewski et al., 2013). We made a comparison of the levels of stromal score, immune score, and ESTIMATE score between the two risk groups. The violin plots (Figure 5A) showed that all these three indicators were significantly decreased in the group with high risk. Further survival analysis suggested that lower levels of stromal score, immune score, and ESTIMATE score were significantly correlated with the worse prognosis in LUAD cohorts (Figure 5B). Moreover, we utilized R “maftools” package to analyze and visualize the mutational landscape of LUAD patients. The top 20 genes with the highest mutation frequency between the two risk subgroups are shown in Figures 5C,D. It is worth noting that the TMB score in the high-risk group exceeded that in the low-risk group, suggesting that MHLncSig had a high degree of TMB relevance (Figure 5E).
[image: Figure 5]FIGURE 5 | Evaluation of tumor microenvironment, TMB, and immune cell infiltration between different risk groups. (A) The differences of stromal score, immune score, and ESTIMATE score between the low- and high-risk groups. (B) The survival differences between the LUAD subgroups classified by stromal score, immune score, and ESTIMATE score. (C) The mutational landscape of the top 20 genes with the highest mutation frequency in the low-risk group. (D) The mutational landscape of the top 20 genes with the highest mutation frequency in the high-risk group. (E) The differences of TMB score between the low- and high-risk groups. (F) Estimation of immune cell infiltration in LUAD patients using the CIBERSORT algorithm.
Immune Landscape and Immunotherapeutic Response Based on the Prognostic Signature
To further explore the relationship between our prognostic signature and immune infiltration, we used the CIBERSORT algorithm to analyze the relative abundance of 22 TICs in each LUAD patient. Figure 5F showed that the contents of nearly half of these TICs were significantly different between the two different risk groups. Of these, the plasma cells, T-cell CD8, B-cell naive, macrophages M0, and T-cell CD4 memory activated were dramatically increased in the high-risk group, while monocytes, macrophages M2, T-cell CD4 memory resting, mast cells resting, and dendritic cells resting were significantly decreased in the high-risk group. Moreover, we observed a comprehensive suppression of immune functions in the high-risk group (Figure 6A). To elucidate the relationship between the MHLncSig and immune checkpoint genes, the expression of immune checkpoint genes were compared between the low-risk (n = 252) and high-risk (n = 252) groups. The results indicated that 40 types of immune checkpoint genes were significantly upregulated in the low-risk group (Figure 6B). Previous literatures have reported that the TIDE algorithm is a powerful tool to assess the immunotherapeutic response (Jiang et al., 2018). We discovered that LUAD patients in the high-risk group are more likely to benefit from immunotherapy, indicating that the MHLncSig may serve as a potential indicator for predicting immunotherapeutic response (Figure 6C).
[image: Figure 6]FIGURE 6 | Immune landscape and immunotherapeutic response based on the MHLncSig. (A) The difference of immune function between the low- and high-risk groups. (B) Expression levels of immune checkpoint genes in the low- and high-risk patients. (C) TIDE difference between the low- and high-risk groups.
Screening of Candidate Compounds Targeting MHLncSig and Model Validation in Human Surgical Resection Specimens
According to the pRRophetic algorithm, we calculated the IC50 of nine chemotherapeutic and targeted agents in the low- and high-risk patients, which are recommended by the National Comprehensive Cancer Network (NCCN) guidelines for LUAD treatment. Wilcoxon test analysis indicated that five of these agents (paclitaxel, docetaxel, erlotinib, pemetrexed, and carboplatin) had lower IC50 in high-risk patients (p < 0.05, Figures 7A–I), which suggested that LUAD patients with high risk were more sensitive to these five agents. Finally, based on human paired LUAD tissues obtained by surgery, we validated the differential expression of three risk lncRNAs included in the MHLncSig by qRT-PCR assays (Figures 7J–L). The differential analysis revealed that AL590666.2 was significantly upregulated in LUAD tissues, while FENDRR and AC090559.1 were remarkably downregulated in LUAD tissues.
[image: Figure 7]FIGURE 7 | Screening of candidate compounds and model validation in human LUAD specimens. (A–I) Sensitivity analysis of nine chemotherapeutic and molecular-targeted agents in the low- and high-risk patients. (J–L) Validation of the expression differences of three risk MHRlncRNAs in human LUAD tissues and adjacent normal tissues.
DISCUSSION
In actual clinical work, pathologic staging is still the mainstream procedure to predict long-term survival and guide treatment modality for LUAD patients. However, a population with the same pathologic staging would also present with distinct clinical outcomes, indicating that the traditional staging system could not accommodate the individualized prediction and treatment. More recently, next-generation sequencing brings a revolutionary change in predicting the prognosis of cancer (Nair et al., 2018). A growing number of prognostic signatures on the basis of encoding genes and noncoding RNAs were established to forecast the survival outcome of cancer patients (Peng et al., 2021; Zhou et al., 2021). To the best of our knowledge, we are the first to identify the prognostic MHLncSig and comprehensively analyze the tumor immunity of this risk model in LUAD, which provides valuable novel options for the guidance of clinical personalized treatment.
Due to their pivotal functions in the resistance of cancer cells to regulated cell death (RCD) induced by treatment, mitochondria have drawn considerable attention for their potential value in developing novel anticancer agents. Actually, mitochondria affect immunosurveillance through both the malignant cell-extrinsic and malignant cell-intrinsic mechanisms. From one side, the mitochondria of malignant cells release many danger signals when RCD occurs, and these signals are paramount for activating the dendritic cells to promote antitumor immune responses. From another aspect, mitochondrial metabolism involves a number of functions related to antitumor immunity, including the establishment of protective immunological memory, inflammasome activation, and the differentiation of macrophage subsets (Porporato et al., 2018). It is worth noting that dysregulation of mitochondrial metabolism is found to be associated with metastatic cascade and worse prognosis in the nine types of tumors (Gaude and Frezza, 2016). Moreover, the dysbiosis of mitochondrial homeostasis is related to the excessive generation of reactive oxygen species (ROS) and consequent metastatic cascade (Fu et al., 2017). Recently, accumulated evidence has suggested that lncRNAs play important roles in tumorigenesis and tumor development. The dysfunctional lncRNAs may be presumed as key factors in the active phases of tumors (Guan et al., 2019). Zheng et al. (2015) discovered novel mechanisms of lncRNA HOTAIR in maintaining mitochondrial function in the HeLa cells. In addition, nuclear-encoded lncRNA MALAT1 was reported to regulate the metabolic reprogramming through the mitophagy pathway in hepatocellular carcinoma cells (Zhao et al., 2021). Nonetheless, prognostic biomarkers of LUAD and studies on the protumor mechanisms concerning MHRlncRNAs are still lacking. Therefore, we attempted to establish an independent signature for predicting the prognosis of LUAD based on MHRlncRNAs.
In our study, we identified 2,850 MHRlncRNAs based on the TCGA data. Subsequent differential analysis and univariate Cox analysis confirmed nine MHRlncRNAs with prognostic value, and three of these were utilized to construct a MHLncSig to predict the OS of LUAD patients.
Among them, FENDRR is commonly considered to be a tumor suppressor, which has been extensively studied in multiple cancer types, including cholangiocarcinoma, malignant melanoma, non–small cell lung cancer, hepatocellular carcinoma, and breast cancer (Li et al., 2018b; Zhang et al., 2018; Wang et al., 2019b; Qin et al., 2019; Chen et al., 2020). Nevertheless, specific mechanisms of two other lncRNAs (AL590666.2 and AC090559.1) during tumorigenesis and progression have never been previously reported and our research unmasked their underlying roles in LUAD.
TMB is defined typically as the total number of somatic coding mutations, which is associated with the production of neoantigens that induce antitumor immunity (Allgäuer et al., 2018). Recent studies have indicated that the higher TMB score was related to durable clinical benefit and improved objective response in tumor immunotherapy (Rizvi et al., 2015). Notably, the LUAD patients with high risk tend to possess higher levels of TMB, indicating that they are more likely to benefit from immunotherapy. This finding was subsequently confirmed by the TIDE algorithm. Moreover, another significant finding of our study suggested that the MHLncSig was significantly associated with the immune infiltration in LUAD, which further supported the fact that mitochondrial homeostasis plays a critical role in the tumor immune microenvironment.
There are still several limitations of the present study that need to be considered. First, it would be better to validate our prognostic model with several external datasets. In fact, we were unable to find an ideal Gene Expression Omnibus (GEO) database owing to the lack of complete expression profiles of the three risk MHRlncRNAs and detailed clinical information. Second, although we have initially screened a number of candidate compounds targeting MHLncSig in our study, the sensitivity of LUAD patients to specific immunotherapy agents requires further investigation due to a lack of immunotherapy drugs for LUAD in the R “pRRophetic” package.
Finally, functional experiments should be performed in vivo and in vitro to further corroborate our findings.
In summary, using multiple bioinformatics approaches and qRT-PCR experiments, we established and validated a 3-MHRlncRNA signature to independently predict the OS of LUAD patients. In addition, the MHLncSig shows advantages in terms of guiding individualized treatment of LUAD.
CONCLUSION
In conclusion, we successfully developed an accurate prognostic model of mitochondrial homeostasis, which was closely associated with tumor microenvironment, TMB, immune infiltration, and the response to immunotherapy in LUAD. Meanwhile, the findings in our study may provide clues for further elucidating the molecular mechanism of MHRlncRNAs in the tumorigenesis and LUAD progression.
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Background: Abnormal chromosome segregation is identified to be a common hallmark of cancer. However, the specific predictive value of it in lung adenocarcinoma (LUAD) is unclear.
Method: The RNA sequencing and the clinical data of LUAD were acquired from The Cancer Genome Atlas (TACG) database, and the prognosis-related genes were identified. The Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) were carried out for functional enrichment analysis of the prognosis genes. The independent prognosis signature was determined to construct the nomogram Cox model. Unsupervised clustering analysis was performed to identify the distinguishing clusters in LUAD-samples based on the expression of chromosome segregation regulators (CSRs). The differentially expressed genes (DEGs) and the enriched biological processes and pathways between different clusters were identified. The immune environment estimation, including immune cell infiltration, HLA family genes, immune checkpoint genes, and tumor immune dysfunction and exclusion (TIDE), was assessed between the clusters. The potential small-molecular chemotherapeutics for the individual treatments were predicted via the connectivity map (CMap) database.
Results: A total of 2,416 genes were determined as the prognosis-related genes in LUAD. Chromosome segregation is found to be the main bioprocess enriched by the prognostic genes. A total of 48 CSRs were found to be differentially expressed in LUAD samples and were correlated with the poor outcome in LUAD. Nine CSRs were identified as the independent prognostic signatures to construct the nomogram Cox model. The LUAD-samples were divided into two distinct clusters according to the expression of the 48 CSRs. Cell cycle and chromosome segregation regulated genes were enriched in cluster 1, while metabolism regulated genes were enriched in cluster 2. Patients in cluster 2 had a higher score of immune, stroma, and HLA family components, while those in cluster 1 had higher scores of TIDES and immune checkpoint genes. According to the hub genes highly expressed in cluster 1, 74 small-molecular chemotherapeutics were predicted to be effective for the patients at high risk.
Conclusion: Our results indicate that the CSRs were correlated with the poor prognosis and the possible immunotherapy resistance in LUAD.
Keywords: lung adenocarcinoma, chromosome segregation regulators, prognostic signature, immune environment, bioinformatics
INTRODUCTION
Lung cancer is a malignant tumor with the highest mortality rate in the world (Nooreldeen and Bach, 2021). Lung adenocarcinoma (LUAD) is now the most common histological subtype of primary lung cancer (Travis et al., 2011; Torre et al., 2016; Hutchinson et al., 2019), accounting for more than 40% of cases (Hutchinson et al., 2019). Improvements in multimodal treatment strategies (e.g., targeted therapy, radiotherapy, and immunotherapy) have markedly increased the overall survival (OS) of LUAD-patients in recent years (Moreira and Eng, 2014; Jin et al., 2020), quite a few patients eventually become resistant to these therapies, partly attributed to the malfunctioning of genes that regulate cardinal bioprocesses (Philpott et al., 2017). Thus, sufficient strategies are needed to predict prognosis and guide individual treatment in LUAD. The availability of public cohorts with RNA sequencing data and improved technology brought the opportunity to identify a more generalized prognostic signature for LUAD. For instance, an immune-related four-gene prognostic signature in LUAD was identified to regulate the innate immune response and to be a benefit for the prognosis prediction (Sun et al., 2020). Pyroptosis-related prognostic gene signature and metabolism-associated gene signature were also identified as a predictor of the prognosis in LUAD-patients (He et al., 2020; Lin et al., 2021). However, the novel biomarkers with guiding significance for therapy of LUAD still need to be explored.
Mitotic cell division is commonly thought to involve the equal distribution of duplicated genomes into the two daughter cells through appropriate chromosome segregation (Neumüller and Knoblich, 2009; Sarkar et al., 2021). Abnormal chromosome segregation at mitosis causes the aneuploidy of the daughter cells with an unequal distribution of chromosomes (Levine and Holland, 2018), this is one way by which neoplastic cells accumulate the many genetic abnormalities required for tumor development (Gisselsson, 2008; Naylor and van Deursen, 2016; Levine and Holland, 2018). Moreover, mitotic errors and aneuploidization are found during tumor evolution, and the extent of chromosomal aberrations is correlated with tumor grade and poor prognosis (Loeper et al., 2001; M'Kacher et al., 2010; Bakhoum et al., 2011; Levine and Holland, 2018; Ben-David and Amon, 2020). Cells have well-conserved mechanisms to ensure proper chromosome segregation (Tanaka and Hirota, 2009), whose dysregulation may be involved in tumorigenesis. Therefore, chromosome missegregation is becoming a critical hallmark of tumor biology.
In this study, we determined a chromosome segregation-related gene prognostic signature from The Cancer Genome Atlas (TACG) LUAD cohort. The distinct chromosome segregation regulators (CSRs)-related clusters of LUAD-samples were established, and the overall survival (OS) and the immune environment estimation were assessed in the distinct clusters. This study indicates that the CSRs were correlated with the poor prognosis and the possible immunotherapy resistance in LUAD, which might lay a theoretical foundation for the individualized treatment of LUAD-patients.
MATERIALS AND METHODS
Data Acquisition
The gene expression matrix (HTSEQ-Counts, HTSEQ-FPKM) for LUAD was acquired from the Genomic Commons Data Portal GDC (https://portal.gdc.cancer.gov/) of The Cancer Genome Atlas (TCGA) database (Tomczak et al., 2015), which contains 510 samples of patients and 58 normal samples. Clinical survival data (n = 738) and phenotype data (n = 877) of TCGA-LUAD matched patients were acquired from TCGA database. Excluding patients without information of survival, a total of 497 patients were retained for the prognostic analysis. For the nomogram model construction, 115 patients without information of the clinical index were excluded, and a total of 382 patients were retained.
The external validation sets of the Cox model were constructed using GSE3141 (n = 111) (Bild et al., 2006), GSE13213 (n = 117) (Tomida et al., 2009), GSE31210 (n = 226) (Yamauchi et al., 2012), GSE30219 (n = 278) (Rousseaux et al., 2013), and GSE50081 (n = 181) (Der et al., 2014) datasets from the Gene Expression Omnibus (GEO) database (Barrett et al., 2013). The data was acquired by the GEOquery R package (Zhou J. et al., 2021).
The Cox and Nomogram Model Construction
The gene expression matrix of the 48 CSRs in the 497 LUAD samples was used for the univariate cox regression, LASSO regression, and multivariate cox regression analyses. The Survival R package was used to calculate the correlation between the expression of each gene and overall survival (OS), and genes with a p-value < 0.05 were retained for the following LASSO regression analysis. Glmnet and the survival R package were used for the LASSO regression analysis to screen the significant variables in the univariate cox regression analysis. In order to obtain more accurate independent prognostic factors (prognostic characteristic genes), multivariate cox regression analysis was used for the final screening. The risk score was calculated as the follows: risk score = (exp-gene1*coef-gene1) + (exp-gene n*coef-gene n). Patients were divided into high- and low-risk groups based on the median of risk score.
Time-dependent receiver operating characteristic (ROC) curves were used to assess survival predictions, and the Time ROC R package was used to calculate the area under the ROC curve (AUC) value to measure prognosis and predict accuracy. Survcomp R package was used for the C-index analysis. For the nomogram analysis, the phenotype data (n = 382) was used and the clinical indexes, including age, gender, race, TNM staging, and stage, were brought into the nomogram analysis. The calibration and decision curve analysis (DCA) were performed to assess the predictive power of the nomogram model.
The correlation of the 48 CSRs with the risk score was determined by Spearman correlation analysis. The Wilcoxon rank-sum test was used for the significant statistics.
Identification of CSRs Pattern in LUAD Patients
Unsupervised clustering analysis (Testa et al., 2021) was used to identify the distinct clusters of LUAD patients according to the expression of 48 CSRs. R “Consensus Cluster Plus” package (Wilkerson and Hayes, 2010) was used for the clustering analysis.
DEGs Determination and the Functional Enrichment Analysis
The differentially expressed genes (DEGs) were calculated using HTSEQ-FPKM of TCGA-LUAD by the Deseq 2 R package (Love et al., 2014), and visualized by the Ggplot 2 R package. The threshold is folded change>2 and P. adjust <0.05.
Gene Ontology (GO) (Ashburner et al., 2000) and pathway Kyoto Encyclopedia of Genes and Genomes (KEGG) (Ogata et al., 1999) enrichment were performed by the ClusterProfiler R package (Yu et al., 2012), and visualized by the Ggplot 2 R package.
Identification of Hub Genes
The protein-protein interaction network was constructed by STRING (https://cn.string-db.org/) (Szklarczyk et al., 2019), and visualized by Cytoscape (v3.7.2) (Shannon et al., 2003). The rank of each gene in the network was calculated by CytoHubba (Chin et al., 2014). The Top 50 hub genes were chosen for the following analysis.
TME Estimate Analysis
Stromal score, Immune score, ESTIMATE score, and Tumor purity score were calculated based on mRNA expression matrix (Count, n = 497) by an estimate R package (Yoshihara et al., 2013). Immunization checkpoint block (ICB) assessment was performed by calculating the tumor immune dysfunction and exclusion (TIDE) score. This is a kind of computing algorithm based on gene expression profiles (http://tide.dfci.harvard.edu) (Fu et al., 2020). The difference between HLA family and immune checkpoint genes between the two clusters was performed based on the TPM of these genes.
The immune cell infiltration was calculated respectively by CIBERSORT algorithm (Newman et al., 2015) and xCell algorithm (Aran et al., 2017). The gene expression matrix data (FPKM, n = 497) were uploaded to CIBERSORT, and the 22 types of immune cell infiltration matrix were obtained. The distribution of the immune cell infiltration in each sample was shown using Ggplot 2 R package. The 38 types of cells in xCell algorithm were obtained by immunedeconv R package (Sturm et al., 2020).
The correlation of the 48 CSRs with immunocyte fraction was determined by Spearman correlation analysis. The Wilcoxon rank-sum test was used for the significant statistics.
Correlation Analysis Between CSRs and TMB
For each tumor sample, the total number of somatic mutations (except silent mutations) detected in the tumor is defined as the tumor mutation burden (TMB) (Merino et al., 2020), TMB score for each sample was calculated, and the difference between the two clusters was performed. The correlation of the 48 CSRs with the TMB score was determined by Spearman correlation analysis. The Wilcoxon rank-sum test was used for the significant statistics.
The Chemotherapeutics Forecast
The 50 hub genes were used for the chemotherapeutics forecast, which was performed using the mode of action (moa) module of the connectivity map (CMap, https://clue.io/command) (Gao et al., 2019).
Statistical Analysis
The statistical analysis was calculated via Wilcoxon rank-sum test and unpaired t-text. All statistical tests were bilateral. All statistical tests and visualization were performed in R software (version 4.0.2).
RESULTS
Chromatin Separation Is the Main Bioprocess Enriched by the Prognostic Genes in LUAD
To determine the significant genes involved in the prognosis of patients with LUAD, the batch prognostic analysis of whole genes in samples of TCGA-LUAD was performed. Among the 17,430 genes, a total of 2,416 genes significantly correlated with prognosis were obtained, with a threshold of p-value < 0.05 (Supplementary Table S1). GO and KEGG were performed to analyze the functional enrichment of these prognosis related genes, which showed that these genes were enriched in the biological processes of chromosome segregation, organelle fission, and nuclear division, the cellular components of chromosomal region, condensed chromosome, centromeric region, spindle, and condensed chromosome, and molecular functions of cadherin binding, single-stranded DNA binding, and ATP hydrolysis activity (Figure 1A, Supplementary Table S2). Additionally, the KEGG pathways these prognostic genes were enriched in Amyotrophic Lateral sclerosis, Parkinson's disease, Cell cycle, and DNA replication (Figure 1B, Supplementary Table S3). We noticed that chromosome segregation was the most significant bioprocess enriched by these genes (P.adjust = 5.5350E-19). We selected 128 genes enriched in the terms of chromosome segregation, nuclear chromosome segregation, and sister chromatid segregation for the subsequent analysis (Figure 1C, Supplementary Table S4), and we named them chromosome segregation regulators (CSRs). According to the calculated rank in the Protein-Protein interaction (PPI) network (Figure 1C), the top 14 genes were selected, including centromere protein E (CENPE), mitotic arrest deficient 2 like 1 (MAD2L1), BUB1 mitotic checkpoint serine/threonine kinase (BUB1), BUB1 mitotic checkpoint serine/threonine kinase B (BUB1B), TTK protein kinase (TTK), cell division cycle 20 (CDC20), aurora kinase B (AURKB), aurora kinase B (KIF2C), DNA topoisomerase II alpha (TOP2A), DLG associated protein 5 (DLGAP5), non-SMC condensing I complex subunit G (NCAPG), cyclin B1 (CCNB1), centromere protein F (CENPF), and cell division cycle associated 8 (CDCA8) (Figure 1C, Supplementary Table S5). Among these genes, a total of 48 CSRs were found to overlap with the 823 DEGs in TCGA-LUAD (Figure 1D, Supplementary Table S6, Supplementary Table S7).
[image: Figure 1]FIGURE 1 | Chromatin Separation is the main bioprocess enriched by the prognostic genes in LUAD. (A) GO enrichment of the prognostic genes in LUAD. (B) KEGG enrichment of the prognostic genes in LUAD. (C) PPI network of the 128 CSRs. (D) Venn drawing showing the co genes between the 128 CSRs and LUAD-related DEGs. The LUAD-related DEGs were genes differentially expressed in LUAD-samples compared to the normal samples. Fold change>2, P. adjust<0.05.
The Kaplan-Meier analysis showed that the 48 CSRs were all correlated with the poor OS in LUAD (Supplementary Figure S1). In addition, the Spearman correlation analysis showed that these CSRs were positively associated with the high TMB in LUAD (Table 1). These indicated that the 48 CSRs may play important roles in LUAD progression.
TABLE 1 | Correlation of CSRs with Risk_Score and TMB.
[image: Table 1]The CSRs Are Involved in LUAD Process
The 48 CSRs we identified were used to perform the Univariate Cox regression analysis in TCGA-LUAD (n = 497), and 47 genes were eligible for screening (p-value < 0.05, Supplementary Table S8). The 47 genes were then chosen to perform the LASSO regression, and 12 genes were screened out to build a multivariate Cox regression analysis (Figures 2A,B, Supplementary Table S9). Finally, 9 genes, including PLK1, TTK, DLG associated protein 5 (DLGAP5), Holliday junction recognition protein (HJURP), kinesin family member 14 (KIF14), Opa interacting protein 5 (OIP5), extra spindle pole bodies like 1, separase (ESPL1), kinesin family member 18B (KIF18B), and NUF2 component of NDC80 kinetochore complex (NUF2), were identified to be independent prognostic signatures (Figures 2C,D, Supplementary Table S10, Supplementary Table S11). The 497 LUAD samples were divided into two subgroups with different risk scores: high- and low-risk subgroups, according to the median risk score based on the 9-gene independent prognostic signature (Figure 2C). The mortality of the high-risk group was higher than that of the low-risk group (Figure 2C), and the patients in the high group had a poor outcome compared with those in the low-risk group (p = 1.726e-09, Figure 2E). Meanwhile, the 48 CSRs were all positively associated with the risk score (Figure 2D; Table 1). The ROC curve was used to predict the prognosis for 1-year, 3-years, and 5-years, which showed that the AUC value ranged from 0.628 to 0.73 (Figure 2F). These indicated that the high expression of CSRs predicts the poor OS in LUAD.
[image: Figure 2]FIGURE 2 | Construction of the cox regression model by the 48 CSRs. (A) LASSO coefficient spectrum of prognostic gene screening. (B) Stepwise Cox proportional risk regression model to screen the prognostic genes. (C) The risk score distribution and survival status of patients in the training cohort. (D) The heatmap of prognostic gene distribution in the training cohort. (E) The overall survival of high- and low-risk groups. (F) ROC analyses of the cox model for 1-, 3-, and 5-years.
Construction of Nomogram Model by the Nine-Gene Prognostic Signature
To further analyze the prognostic significance of the CSRs in LUAD patients, the 9-gene prognostic signature was used to perform the nomogram model with the combination of the clinical indexes, including pT_stage, pN_stage, pM_stage, and stage (Table 2). Two significant genes (PLK1 and DLGAP5) were brought into the nomogram model, which showed that the expression values of the two genes and the risk score predicted the survival of LUAD patients (Figures 3A,B). The ROC curve showed that the nomogram Cox model could precisely predict the survival of patients, with the AUC ranging from 0.642 to 0.733 (Figure 3C). The decision curve analysis (DCA) and calibration analysis of nomogram predicted probability also suggested the accuracy of the Cox model (Figures 3B,D). However, there was no significant difference in the pTNM staging between the two risk groups (Figure 3E).
TABLE 2 | The clinical index of LUAD patients used in the Cox model.
[image: Table 2][image: Figure 3]FIGURE 3 | Construction of nomogram model by the 9-gene prognostic signature. (A) The nomogram to predict the prognosis of LUAD-patients. (B) The calibration analysis of the nomogram predicted a probability of 1-, 3-, and 5-years survival. (C) ROC analyses of the nomogram model for 1-, 3-, and 5-years. (D) DCA result of the prognostic model. (E) Risk groups in relation to a clinical index.
Validation of the CSRs-Related Prognostic Signature With GEO Datasets
We used the nine genes to conduct the Cox model in five GEO data sets (GSE3141, GSE13213, GSE30219, GSE31210, and GSE50081), which contains 913 LUAD samples (Table 3, Supplementary Table S12). The Kaplan-Meier curve showed the patients in the high-risk group had poor outcomes in the five validation sets (Figures 4A–E). The AUC value of 1-, 3-, and 5-years in the five validation sets were ranging from 0.612 to 0.788 (Figures 4F–J), which verified our previous results that the 9-gene prognostic signature was linked to predicting the OS of LUAD patients.
TABLE 3 | Information of GEO data sets used in the validation of the Cox.
[image: Table 3][image: Figure 4]FIGURE 4 | Validation of the CSRs-related prognostic signature with GEO datasets. (A–E) The overall survival of the high- and the low-risk group in the five validation sets. (F–J) ROC analyses of the cox model for 1-, 3-, and 5-years in the five validation sets.
Identification of Different Clusters Mediated by the 48 CSRs in LUAD.
To investigate the specific function of the CSRs involved in the development of LUAD, the unsupervised consensus clustering analysis was conducted for LUAD samples based on the expression of 48 CSRs. The result showed that the 497 LUAD samples were divided into two distinct subgroups of cluster 1 (C1, n = 338) and cluster 2 (C1, n = 159) (Figures 5A–D, Supplementary Table S13). The Kaplan-Meier curve showed that patients in C1 had a worse outcome than those in C2 (p = 0.000351, Figure 5E). The difference in TMB score between the two clusters was assessed, and the result showed that C1 had a higher TMB score (Figure 5F). Moreover, the 48 CSRs were consistently highly expressed in group C1 compared with those in cluster 2 (Figures 5G,H, Supplementary Table 14), validating the existence of distinguishing CSRs patterns in LUAD, and the cluster 1 may represent high-risk groups.
[image: Figure 5]FIGURE 5 | Unsupervised consensus clustering of LUAD-samples based on the 48 CSRs. (A) Consistent cumulative distribution shows the cumulative distribution function with different values of k, which is used to judge the optimal value of k. (B) Delta area map. (C) The consistency matrix of all data sets with k = 2. (D) PCA showing the LUAD-samples were divided into two distinct clusters. (E) The OS of LUAD-patients in the cluster 1 and 2. (F) The difference in TMB between the two clusters. The significance was calculated by Wilcoxon rank-sum test. ***p < 0.001. (G) Heatmap showing the expression pattern of the 48 CSRs in the two clusters. (H) The 48 CSRs were all highly expressed in cluster 1. The significance was calculated by Wilcoxon rank-sum test. ***p < 0.001.
DEGs and the Functional Analysis Between the Two CSRs-Related Clusters
Then, we identified the DEGs between the two clusters. As a result, a total of 536 genes (278 up-regulated genes and 258 down-regulated genes) were found to be significantly and differently expressed in group C1 compared to group C2 (Figures 6A,B, Supplementary Table S15). The subsequent KEGG and GO showed that the up-regulated genes were enriched in the pathways of cell cycle (Figure 6C, Supplementary Table S16), and the biological processes of chromosome segregation, organelle fission, and nuclear division, and mitotic nuclear division (Figure 6D, Supplementary Table S16). The down-regulated genes were enriched in the pathways of Complement and coagulation cascades, Arachidonic acid metabolism, and Drug metabolism–cytochrome P450 (Figure 6E, Supplementary Table S16), and biological processes of antibacterial humoral response, eicosanoid biosynthetic process, protein processing, respond to corticosteroid, respond to glucocorticoid, and eicosanoid metabolic process (Figure 6F, Supplementary Table S16).
[image: Figure 6]FIGURE 6 | DEGs and the functional analysis between the two CSRs-related clusters. (A) Volcano Plot showing the DEGs in cluster 1 vs. cluster 2. (B) Heatmap showing the DEGs in cluster 1 vs. cluster 2. (C) KEGG enrichment of up-regulated genes in cluster 1. D GO enrichment of up-regulated genes in cluster 1. (E) KEGG enrichment of down-regulated genes in cluster 1. (F) GO enrichment of down-regulated genes in cluster 1.
Identification of Hub-Genes Between the Distinct Clusters
The 536 DEGs between the two CSRs-related clusters were used to perform the PPI network, which showed that there was an obvious group with a close correlation occurring in the up-regulated genes (Figure 7A). We calculated the rank by cytohubba in the PPI network, and the top 50 hub-genes were selected, which were all up-regulated genes in cluster 1 (Figure 7B, Supplementary Table S17). The subsequent GO showed these genes were enriched in the biological processes of the mitotic cell cycle, cell division, and regulation of chromosome segregation (Figure 7C).
[image: Figure 7]FIGURE 7 | Identification of hub-genes between the distinct clusters. (A) PPI network of the DEGs between the two clusters. The red represents the up-regulated genes, and the blue represents the down-regulated genes. (B) The network of the top 50 hub genes. The color depth represents the rank of the genes. (C) GO enrichment of the hub genes, which was performed by the Metascape database (https://metascape.org/gp/index).
CSRs Are Associated With Immunization Checkpoint Block in LUAD
Cancer cells must have evaded the anti-tumor immune response to grow progressively, which relies in part on the expression on their surface of proteins with immunosuppressive functions, such as programmed cell death 1 (PD-L1) (Reisländer et al., 2020). Enhanced ability to escape immune detection always caused malignant development of cancer cells, and the following poor outcome for patients with LUAD. To find out the possible molecular mechanism that the CSRs impact on the prognosis, the difference in immunization checkpoint block (ICB) score between the two clusters, including the levels of immune checkpoint genes, tumor immune dysfunction and exclusion (TIDE) score, and HLA component expression, were evaluated. We found that the C1 had a higher level of risk score (p = 2.26e-21, Figure 8A), and TIDE score (p = 1.8e-11, Figure 8B). Additionally, the immune checkpoint genes, CD274 (PD-L1), lymphocyte activating 3 (LAG3), programmed cell death 1 (PDCD1 (PD-1)), and programmed cell death 1 ligand 2 (PDCD1LG2), were significantly expressed higher in C1 than in C2 (Figure 8C). Moreover, among the eight MHC-Ⅱ components, seven molecules were expressed lower in C1 than in C2 (Figure 8D). One MHC-Ⅰ component was also expressed lower in C1 (Figure 8D). These all indicated that the patients in cluster 1 may have a higher immunization checkpoint block (ICB).
[image: Figure 8]FIGURE 8 | CSRs are associated with immunization checkpoint block in LUAD. (A) The risk score in the two clusters. (B) The TIDE score in the two clusters. (C) The immune checkpoint genes in the two clusters. (D) The HLA family genes in the two clusters. The statistical significance was calculated via Wilcoxon rank-sum test, ***p < 0.001, **p < 0.01, *p < 0.05.
CSRs Are Associated With Immune Characteristics of LUAD
To further explain the possible impact of the CSRs on anti-tumor immune response, the TME characteristics between the two clusters were also assessed. The result of TME showed that the ESTIMATE score (p = 0.0042), immune score (p = 0.0196), and stromal score (p = 0.0017) were lower in cluster 1 than in cluster 2 (Figures 9A–C), while the tumor purity (p = 0.003) was higher in C1 than in C2 (Figure 9D). CIBERSORT algorithm was firstly used to calculate the 22 types of immune cells. The result showed that the filtrating proportion of resting memory CD4+ T cells, activated mast cells, resting myeloid dendritic cells, and memory B cells were higher in cluster 2 than in cluster 1 (Figure 9E), while the filtrating proportion of follicular helper T cells, CD8+ T cells, M0 macrophages, and M1 macrophages were higher in cluster 1 than in cluster 2 (Figure 9E). The xCELL algorithm was further used to assess another immune cell set, which contains 35 kinds of immune cells. The result showed that the proportion of T cell CD8+ naïve, Common lymphoid progenitor, CD4+ Th2, CD4+ Th1, plasmacytoid dendritic cell, and M1 macrophage were higher in cluster 1 (Figure 9F), while the content of activated myeloid dendritic cell, granulocyte-monocyte progenitor, mast cell, myeloid dendritic cell, M2 macrophage, memory CD4+ effector T cells, and NK T cells were higher in cluster 2 (Figure 9F). Besides this, immune score, microenvironment score, and stroma score were lower in cluster 1 than in cluster 2, which was consistent with our previous result (Figure 9F).
[image: Figure 9]FIGURE 9 | CSRs are associated with immune characteristics of LUAD. (A–D) Comparison of estimate score (A), immune score (B), stromal score (C), and tumor purity (D) in the two clusters. (E) Heatmap showing the 22 types of immune cells infiltration in the two clusters by CIBERSORT algorithm. (F) Heatmap showing the 27 types of immune cells infiltration in the two clusters by xCell algorithm. The red label represents the cells that were highly infiltrated in cluster 2, the blue label represents the cells that were highly infiltrated in cluster 1. The statistical significance was calculated via Wilcoxon rank-sum test, ***p < 0.001, **p < 0.01, *p < 0.05. (G) The difference in infiltrated abundance of immune cells between the two risk groups. The infiltrated abundance of immune cells was calculated by CIBERSORT algorithm. The statistical significance was calculated via Wilcoxon rank-sum test, ***p < 0.001, **p < 0.01, *p < 0.05.
The difference in the abundance of 22 immune microenvironment infiltrating cells calculated by CIBERSORT algorithm between high- and low-risk groups in TCGA cohort and two GEO datasets was further revealed. The result in TCGA cohort showed that the high-risk group has a very similar pattern of infiltrated immune cells as the C1 population (Figure 9G). In addition, the infiltrating abundance of M0 and M1 macrophages were significantly higher in the high-risk group in all three datasets (Figure 9G, Supplementary Figure S2), and the filtrating proportion of resting memory CD4+ T cells was lower in the high-risk group compared to the low-risk group in all three datasets (Figure 9G, Supplementary Figure S2), indicating that the nine-gene independent prognostic signature was positively correlated with the infiltrating abundance of M0 and M1 macrophages and negatively associated with resting memory CD4+ T cells. These all demonstrated that the CSRs were associated with the immune characteristics in the TME of LUAD.
The Small-Molecular Chemotherapeutics Forecast for High-Risk Patients Based on the Hub-Genes
Our previous results showed that patients in cluster 1 were the predicted high-risk population, and we then wanted to find the potential chemotherapeutics suited for these populations. According to the different biological characteristics between the two clusters, the hub genes were assumed to be the critical and potential targets for the therapy of the high-risk groups. Therefore, the adjuvant chemotherapeutics targeting the 50 hub genes were assessed through the mode of action (moa) module in the CMap database. The result showed that a total of 74 small-molecular perturbagens, targeting aurora kinase B (AURKA), cyclin-dependent kinase 1 (CDK1), TOP2A, AURKB, polo-like kinase 4 (PLK4), PLK1, ribonucleotide reductase regulatory subunit M2 (RRM2), CCNB1, TTK, and cyclin A2 (CCNA2), were predicted to be the potential chemotherapeutics for patients in cluster 1 (Figure 10). A total of 47 moas were predicted to be the possible pathways by which these chemotherapeutics function, such as Aurora kinase inhibitor, CDK inhibitor, and topoisomerase inhibitor (Figure 10). Among the 74 potential chemotherapeutics, AT-9283, indirubin, and LY-294002 were the most outstanding ones, which function as the most common pathways (marked in blue, Figure 10).
[image: Figure 10]FIGURE 10 | The small-molecular chemotherapeutics forecast for patients with high-risk based on the hub genes. The blue label represents the most outstanding small-molecular perturbagens.
DISCUSSION
Lung cancer is the most common malignancy and remains the leading cause of cancer mortality worldwide (Bade and Cruz, 2020). Approximately 85% of patients have a histological subtype known as non-small cell lung cancer (NSCLC) (Herbst et al., 2018), with the main subtype of LUAD (Herbst et al., 2018; Sun and Zhao, 2019). Recently, LUAD has been the major cause of cancer-associated mortality with a poor prognosis (Song et al., 2021). Chromosomal abnormalities are reported to be a common characteristic of cancer, which is attributed to the ongoing chromosome segregation errors during mitosis (Bakhoum et al., 2018; Kou et al., 2020a). It is associated with poor outcomes and therapeutic resistance in various cancers (Potapova and Gorbsky, 2017; Bakhoum and Cantley, 2018; Kou et al., 2020a). Chromosomal segregation errors or the alteration of CSRs are usually the critical factors of genomic instability that drive tumor evolution (Hanahan and Weinberg, 2011; Bolhaqueiro et al., 2019; Tayoun et al., 2021). For example, aneuploidy is a direct consequence of chromosome segregation errors in mitosis (Janssen et al., 2011; Kawakami et al., 2019). This is always accompanied by chromosomal instability (CIN) and genomic instability and causes additional chromosome gains or losses in a significant proportion of cell divisions, which further manifests the complexity of cancer karyotypes (Dürrbaum and Storchová, 2016). Aneuploidy correlates with increased metastatic and drug resistance, indicating that Aneuploidy is more beneficial for cancerous cells than diploid cells (Dürrbaum and Storchová, 2016). The genomic diversification caused by chromosome segregation errors usually promotes tumor evolution and heterogeneity (Soto et al., 2019), which is an important reason for therapeutic resistance (Dagogo-Jack and Shaw, 2018; Lim and Ma, 2019). Although aneuploidy provides advantages for the proliferation and drug resistance of cancer cells, excessive aneuploidy beyond a critical level is lethal to cancer cells (Kawakami et al., 2019). Therefore, molecular and bioprocesses engaged in chromosome segregation should be utilized as potential therapeutic targets for cancers.
Previous studies have indicated that CIN and loss of heterozygosity (LOH) play significant roles in the development of LUAD (Ninomiya et al., 2006). In this study, chromosomal segregation during mitosis was found to be correlated with the poor prognosis of LUAD. Among the determined 2,416 prognosis-related genes, 128 genes were found to be enriched in the biological processes of chromosomal segregation, indicating that these chromosomal segregation-related genes may play an important role in the development of LUAD. 48 of 128 genes were found to be up-regulated in LUAD compared with the normal people and were associated with the high TMB in patients with LUAD. Besides, 47 genes were identified as the prognostic signatures after suffering from univariate cox regression. By LASSO and multivariate cox regression, nine genes were finally determined as the independent prognostic signature to construct the nomogram cox model. Patients in the high-risk subgroup had significantly poor OS. Notably, PLK1 and DLGAP5 were found to have valuable significance for the prediction of prognosis. PLK1 plays multiple roles in the initiation, maintenance, and completion of mitosis (Liu et al., 2017), maintaining genome stability (Zhang et al., 2016; Gheghiani et al., 2021), and DNA damage response (DDR) (Peng et al., 2021). It is found to be highly expressed in most of the human cancers (Gutteridge et al., 2016), and enhanced gene expression is associated with a poor prognosis (Ramani et al., 2015; Tut et al., 2015; Zhang et al., 2015; Chen Z. et al., 2019; Montaudon et al., 2020). Besides, PLK1 has been reported to be associated with chemotherapeutic drugs resistance, including doxorubicin (Wang P. et al., 2018), paclitaxel (Gasca et al., 2016; Shin et al., 2019; Shin et al., 2020), metformin (Shao et al., 2015; Zhu et al., 2022), and gemcitabine (Song et al., 2013; Li et al., 2016; Mao et al., 2018). DLGAP5 is a microtubule-associated protein and is identified to be a prognosis biomarker in various cancers (Schneider et al., 2017; Branchi et al., 2019; Xu et al., 2020; Zheng et al., 2020; Feng Y. et al., 2021; Zhou D. et al., 2021). Inhibition of this gene suppresses cell proliferation and invasion, induces G2/M phase arrest, and promotes apoptosis in human cancers (Liao et al., 2013; Zhang et al., 2021a). Not only these findings were confirmed, but also the predictive value of the two genes was proposed in this study. Here, PLK1 and DLGAP5 were found as the independent prognostic signatures combined with HJURP, KIF14, OIP5, TTK, ESPL1, KIF18B, and NUF2 to predict the prognosis of LUAD-patients. HJURP is reported to be an oncogene that promotes cancer cell proliferation, migration, and invasion (Chen et al., 2018; Wei et al., 2019; Serafim et al., 2020; Li Y. et al., 2021; Lai et al., 2021). KIF14 is confirmed to promote cancer cell proliferation and contribute to chemoresistance (Singel et al., 2014; Wang Z. Z. et al., 2018; Xiao et al., 2021). Silencing TTK is also found to inhibit the proliferation and invasion and increase radiosensitivity and chemosensitivity of cancer cells (Chen S. et al., 2019; Huang et al., 2020; Liu Y. et al., 2021; Zhang et al., 2021b; Qi et al., 2021). ESPL1 is determined to be a novel prognostic biomarker and is associated with the malignant features in several cancers (Finetti et al., 2014; Wang R. et al., 2020; Liu Z. et al., 2021). KIF18B is also illustrated to be the oncogenesis to promote tumor progression and enhance therapeutic resistance (Li B. et al., 2020; Liu et al., 2020; Jiang J. et al., 2021). OIP5 upregulation is observed in human cancers (Chow et al., 2021), and seems to be linked to drug resistance (Rodrigues-Junior et al., 2018). NUF2 is found to be a prognostic biomarker and therapeutic target which is correlated with the immune infiltration in patients with cancer (Jiang X. et al., 2021; Shan et al., 2021; Xie et al., 2021). Combining the expression of the nine genes, we conducted the cox risk model. The subsequent DCA and calibration verified the accuracy of the model to predict the prognosis of LUAD. However, we found the nine-gene prognostic signature had no impact on the clinical pNTM stage of patients. This may be attributed to the small sample size, thus, larger samples should be analyzed further.
According to the unsupervised consensus clustering by the expression of the 48 CSRs, the 497 TCGA-LUAD samples were divided into clusters 1 and 2. The 48 CSRs were all highly expressed in cluster 1, and the risk score was significantly higher in cluster 1. The Kaplan-Meier showed that patients in cluster 1 had a poor OS. These all suggest that the patients in cluster 1 have a higher risk than those in cluster 2, and the subgroup cluster 1 is deemed to be the high-risk group. A total of 536 genes (278 up-regulated genes and 258 down-regulated genes) were determined to be the DEGs in cluster 1 compared to cluster 2. The up-regulated genes were enriched in the pathways of cell cycle and the biological processes of chromosome segregation, organelle fission, and nuclear division; the down-regulated genes were enriched in the pathways of drug metabolism-cytochrome P450 and the biological process of protein processing. The main function of cytochrome P450 (CYP450) is oxidative catalysis of endogenous and exogenous substances (Mittal et al., 2015). 80% of drugs currently in use, including anti-cancer drugs, are involved in phase I metabolism of CYP450 (Mittal et al., 2015). Interestingly, the hub genes with top 50 ranks were all highly expressed in cluster 1, which were enriched in the biological processes of mitotic cell cycle, regulation of chromosome segregation, and microtubule cytoskeleton organization involved in mitosis. As we discussed previously, the dysregulation of mitotic chromosome segregation is associated with poor prognosis and therapeutic resistance in human cancers. Among the 50 hub genes, AURKB, BUB1, BUB1B, CCNB1, CDCA8, CENPF, DLGAP5, KIF2C, NCAPG, TOP2A, TTK, assembly factor for spindle microtubules (ASPM), cyclin A2 (CCNA2), cyclin B2 (CCNB2), cell division cycle 45 (CDC45), cyclin-dependent kinase 1 (CDK1), kinesin family member 11 (KIF11), kinesin family member 20A (KIF20A), maternal embryonic leucine zipper kinas (MELK), PDZ binding kinase (PBK), TPX2 microtubule nucleation factor (TPX2) were found to be the hub genes with the rank 1, that were all reported to have pro-metastatic effects in human cancers (Chen et al., 2015; Bertran-Alamillo et al., 2019; Gan et al., 2019; Huang et al., 2019; Kou et al., 2020b; Wang L. et al., 2020; Wang X. et al., 2020; Hu et al., 2021; Wang S. et al., 2021; Li M.-X. et al., 2021; Wu et al., 2021; Feng Z. et al., 2021; Huang et al., 2021).
The difference in ICB between the two clusters was further assessed, including TIDE score, immune checkpoint genes, HLA family components to evaluate the possible anti-tumor immune response associated with the CSRs. The cluster 1 subtype featured lower levels of HLA family genes, higher TIDE scores, and higher levels of immune checkpoint genes, indicating that patients in cluster 1 have the higher ICB and, in turn, a possible poor anti-tumor immune response. The highly expressed immune checkpoint genes, CD274, LAG3, PDCD1, PDCD1LG2, in this subgroup further confirmed the result. PDCD1 (PD-1) is a key coinhibitory receptor expressed on activated T cells (Ai et al., 2020). The engagement with its ligands, mainly PD-L1, leads to the events of inhibition of T cell proliferation, activation, cytokine production, alters metabolism and cytotoxic T lymphocytes (CTLs) killer functions, and eventual death of activated T cells (Ai et al., 2020). The overexpression of PD-L1 has been verified to contribute to the immune surveillance evasion of cancer cells and caused the invasion and migration (Iwai et al., 2002). PDCD1LG2 (PD-L2) is a second ligand for PD-1 and inhibits T cell activation (Latchman et al., 2001). LAG3 (CD223), an emerging targetable inhibitory immune checkpoint molecule, is the third inhibitory receptor pathway to be targeted in the clinic (Solinas et al., 2019). It is mainly found on activated immune cells and is involved in the exhaustion of T cells in malignant diseases (Puhr and Ilhan-Mutlu, 2019). LAG3 has been reported to play a negative regulatory role in cancer immunology by interacting with its ligands (Wang M. et al., 2021). What’s more, seven MHC-Ⅱ and one MHC-Ⅰ molecules were found to be under-expressed in cluster 1, further supporting the result that patients in cluster 1 have a poor antitumor immune response. MHC-Ⅰ molecules function to bind the encoded peptides, transport and display the antigenic information on the cell surface, and allow CD8+ T cells to identify pathological cells, such as cancers that are expressing mutated proteins (Dhatchinamoorthy et al., 2021). Loss of MHC-Ⅰ antigen presentation always leads to cancer immune evasion (Dhatchinamoorthy et al., 2021). MHC-Ⅱ is an antigen-presenting complex, that is important for antigen presentation to CD4+ T cells. Tumor-specific MHC-Ⅱ is associated with favorable outcomes in patients with cancer, including those with immunotherapies (Axelrod et al., 2019). The lower level of MHC-Ⅱ and one MHC-Ⅰ molecule in patients of cluster 1 may help the tumor evasion of immune checkpoints and poor immunotherapies. What’s more, we found a higher TMB score in cluster 1, which was positively associated with the 48 CSRs. A recent study has shown that the average copy number variation (CNVA) of chromosome fragments is a potential surrogate for tumor mutational burden in predicting responses to immunotherapy in NSCLC (Lei et al., 2021). Therefore, the increased genomic instability in tumors with dysregulated chromosome segregation alters mutational load and in turn impacts antitumoral immune responses, which further impacts the prognosis in LUAD. However, we cannot define either CIN was a cause or result of somatic mutation, and this needs more experiment assays to be determined.
Meanwhile, the infiltrating proportions of immune cells were further evaluated to analyze the difference in immune characteristics between the two clusters. We found that cluster 1 had a lower immune, stromal, and ESTIMATE score compared with cluster 2. According to the CIBERSORT and xCell algorithms, cluster 1 was shown to have a higher infiltrating proportion of M0 and M1 macrophages, while cluster 2 had a higher infiltrating proportion of M2 macrophages and mast cells. Macrophages play a critical role in cancer development and metastasis, which could be identified as 2 major subpopulations of M1 macrophages (Proinflammatory) and M2 macrophages (anti-inflammatory) (Xia et al., 2020). M0 macrophages are naïve macrophages without polarization. M1 macrophages have antimicrobial and antitumoral activity, while M2 macrophages participate in angiogenesis, immunoregulation, tumor formation, and progression (Shapouri-Moghaddam et al., 2018). Increased mast cell density is associated with the prognosis and plays a multifaced role in TME by regulating tumor biology, including cell proliferation, angiogenesis, invasiveness, and metastasis (Aponte-López and Muñoz-Cruz, 2020). These results seem contradictory that M1 macrophages have antitumoral activity but were higher infiltrated in cluster 1, whereas M2 macrophages have protumoral activity but were lower infiltrated in cluster 1, as were the follicular helper T cells and CD8+ T cells. We think this elevation may be a compensatory effect, that these antitumoral immune cells are regulated to increase against the tumor cells. However, the effective activity of these anti-tumor immune cells may be inhibited because of the high levels of the immunosuppressive proteins on their surface. Most tumor-infiltrating immune cells were functionally inactive.
Based on the 50 hub genes that were upregulated in cluster 1, a total of 74 small-molecule perturbagens were predicted to be the potential chemotherapeutics that were possibly suited for these patients at high risk. Among these, AT-9283, indirubin, and LY-294002 were the most outstanding ones, which function as the most common pathways. A total of 47 moas, including Aurora kinase inhibitor, CDK inhibitor, and topoisomerase inhibitor, were forecasted to be the possible molecular mechanism by these chemotherapeutics functions. The inhibitory role of AT-9283 in cancer cell growth and survival has been demonstrated in cell-based systems (Kimura, 2010). Although phase Ⅱ clinical trials have not been completed, it showed good safety and efficacy in phase Ⅰ clinical trials conducted in patients with hematological malignancies and solid tumors (Kimura, 2010). Indirubin has also been reported to exert anticancer effects in human cancers (Li Z. et al., 2020). LY-294002 enhances the chemosensitivity of liver cancer to oxaliplatin (Xu et al., 2021). We found here these small-molecule perturbagens might have favorable therapeutic effects for patients in cluster 1, who had the high expression of their target genes. This will provide an effective therapeutic regimen for the individual treatment in LUAD.
Our study is the first one to systematically analyze the relationship between chromosome segregation regulation and the immune microenvironment. This can provide a new direction for immune-related LUAD pathogenesis and therapeutic research. However, there are certain limitations in this current study. First, although the exploration of a decent number of samples and summarizing data can be helpful in the research community, this analysis may have some bias due to the small size of TCGA-LUAD cohort. The relationship between the prognostic signatures and clinical indices, such as pNTM staging, has not been well explained. Therefore, further analysis with larger samples is still needed. Second, further experimental verifications are necessary to elucidate the potential impact of these predicted genes in the immune microenvironment. Moreover, the protein expression levels of the hub CSRs in pathogenesis and progression of LUAD depend on further experimental studies to elucidate. Additionally, some of the genes we focused on in this study have been reported to be activated by post-translational modification and function as kinase. Therefore, database analyses depending on the gene expression profile at the mRNA levels have a limit. Further analysis should be focused on the protein or post-translational modification levels.
In conclusion, this study demonstrated that the CSRs were important factors to influence the development and progression of LUAD. The high expression of these regulators was correlated with the poor prognosis and the possible immunotherapeutic resistance in LUAD, which could be the potential therapeutic target for LUAD.
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Background: Lung adenocarcinoma (LUAD) is the most common subtype of non-small cell lung cancer. Fatty acid metabolism takes part in malignancy progression. However, the roles fatty acid metabolism plays in LUAD are still unclear.
Methods: The transcriptomic and clinical data of LUAD patients from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases were extracted. ssGSEA, WGCNA, univariable Cox regression, and LASSO Cox regression analyses were performed to identify the fatty acid metabolism-related genes which influenced the overall survival (OS) and build a fatty acid-related risk score (FARS) model. A nomogram was established based on the FARS and other clinicopathological features, and ROC and calibration plots were used to validate the prediction accuracy. The tumor microenvironment (TME) of patients with high and low FARS was compared.
Results: A total of 38 genes were identified to be independently related to the survival outcome and put into a FARS model. High FARS patients exhibited significantly worse OS. The nomogram included the FARS and pathological stage, and the AUC of the nomogram predicting 1-, 2-, 3-, 4-, and 5-year OS was 0.789, 0.807, 0.798, 0.809, and 0.753, respectively. Calibration plots also indicated good accuracy. Moreover, the samples of the high FARS had higher expression of PDL1.
Conclusion: We constructed a FARS model which could accurately predict the survival outcome of the LUAD patients. The genes of the FARS are related to the tumor microenvironment and patients with high FARS can potentially benefit more from anti-PD1/PDL1 immunotherapy. In addition, the mechanisms of the genes in the FARS affecting prognosis are worthy of further research to develop new gene-targeted drugs.
Keywords: fatty acid metabolism, lung adenocarcinoma, prognosis, fatty acid-related risk score, immunotherapy
INTRODUCTION
Non-small cell lung cancer (NSCLC), the leading reason for cancer-related deaths, constitutes approximately 85% of malignant lung tumors (Bray et al., 2018). Lung adenocarcinoma (LUAD) is the most common subtype which accounts for nearly half of NSCLC (Chen et al., 2014). Moreover, LUAD is well-known for its heterogeneity in clinical, behavioral, cellular, and molecular features. Although most lung cancers are characterized by aggressive nature, almost 18.5% of lung cancers found by computed tomography (CT) screening are dormant and can lead patients to the hazard of overdiagnosis and overtreatment (Patz et al., 2014). Although significant effort has been made, the underlying cellular and molecular mechanisms of tumor behavior are still unclear, and long-term survival rates of lung cancer patients have been scarcely improved compared with other cancers (Siegel et al., 2016). Thus, it is important to detect new potential molecular signatures and therapeutic targets for LUAD.
Gene markers, particularly in tumor tissues, are dependable factors for predicting the long-term survival of cancer patients (Li et al., 2017; Hu et al., 2021). Therefore, detecting the molecular characterization which may cause poor outcomes can guide clinical adjuvant therapeutic strategies for a subgroup of patients who are at high risk. Moreover, this can be helpful in identifying new molecular targets for developing new medicines. The public database of gene expression of large cohorts of patients facilitates the aim of establishing a metabolic gene signature for predicting survival outcomes and analyzing the tumor microenvironments (TMEs).
Attributed to the fast proliferation of cancer cells and insufficient angiogenesis, the main characteristics of TMEs are malnutrition, hypoxia, high oxidation, and acidity. Hence, compared to normal cells, tumor cells manifest distinct metabolic features to cope with diverse deleterious microenvironments via metabolic recoding processes which maintain the proliferation and survival of tumor cells when the oncogenic signal is blocked (Lue et al., 2017). Reprogramming of energy metabolism, known as a hallmark of cancers, has been lately verified to take part in the initiation, progression, and drug resistance in lung cancer (Hensley et al., 2016; Chen et al., 2019). There is a distinct difference in carbohydrate, amino acid, and lipid metabolism between tumor cells and normal cells (Yu et al., 2019). Taking carbohydrate metabolism as an example, normal tissue cells decompose glucose into pyruvate by glycolysis, and in addition to glucose decomposition, oxidative phosphorylation in mitochondria generates vast energy. On the other hand, in cancer cells, the glucose is catabolized into lactate with an insufficient generation of energy; thus, cancer cells consume much more glucose than normal cells (Faubert et al., 2017). As demonstrated by Xue et al., cellular pyruvate metabolism of LUAD changed, including the reduction of expression of mitochondrial pyruvate carrier 1 (MPC1) compared with adjacent normal tissues. Xue et al. (2021) also revealed that higher MPC1 expression was related to a favorable prognosis. In addition to carbohydrate metabolism, lipid metabolism is also a potential hallmark for cancers. Lipogenesis, lipid uptake, and lipid storage are highly upregulated in malignant tumors to meet the augmented demands of membrane biogenesis and promote cancer cell proliferation and survival, especially under conditions of insufficient nutrition and oxygen (Menendez and Lupu, 2007; Nath et al., 2015; Qiu et al., 2015; Röhrig and Schulze, 2016; Geng and Guo, 2017). Presently, fatty acid metabolism, involved in many biological activities including signaling molecule synthesis, cell membrane formation, and energy storage in carcinogenesis, has been widely researched (Currie et al., 2013). For example, Ding et al. (2021) exhibited that the signature of fatty acid metabolism can predict the prognosis of colorectal cancer and was associated with chemoresistance and TME characteristics. In another study conducted by Svensson et al. (2016), ND-646, an allosteric inhibitor of the acetyl-CoA carboxylase (ACC) enzymes ACC1 and ACC2 which suppress ACC subunit dimerization, prevented the synthesis of fatty acid in vitro and in vivo. Thus, ND-646 significantly inhibited lung cancer growth in the KRAS p53 and KRAS Lkb1 mouse models of NSCLC, indicating the therapeutic potential of the ACC inhibitor in malignant tumors (Svensson et al., 2016). Based on previous studies, it is clear that an analysis of the metabolic pathway of lung cancer can help us comprehend the molecular mechanism of lung cancer and develop novel personalized therapeutic regimens (Sayin et al., 2019). However, the characterization of the genes related to fatty acid metabolism in LUAD has not been systematically investigated.
To detect the underlying genomic mechanism of fatty acid metabolism of LUAD, we used the genomic information on the clinicopathological features of 1,087 LUAD patients from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) database to reveal the pattern of fatty acid metabolism and establish a fatty acid-related risk score (FARS) model. The FARS model proved to be an independent prognostic factor in the survival outcome of LUAD patients. Moreover, the FARS can recognize patients who are suitable for anti-PD1/PDL1 antibody immunotherapy, indicating that fatty acid metabolism is highly related to individual characterizations of the TME. All these findings give a new insight into lipid metabolic mechanism and potential therapeutic targets.
MATERIAL AND METHODS
Data Acquisition and Processing
The clinicopathological features and fragments per kilobase per million mapped reads (FPKM) of 573 LUAD samples were extracted from UCSC Xena (http://xena.ucsc.edu/; accessed October 8 2021). The exclusion criteria were as follows: patients (a) with no survival information or survival time less than 30 days; (b) with no age, sex, or the American Joint Committee on Cancer Tumor Node Metastasis (AJCC TNM) stage information; and (c) has received neoadjuvant therapy. As a result, 468 LUAD samples with complete clinicopathological characteristics, including age, sex, AJCC TNM stage, and overall survival (OS) data, were put into the analysis as the training cohort.
The microarray dataset GSE72094 was downloaded from GEO datasets (https://www.ncbi.nlm.nih.gov/gds/) and was used as the first validation cohort. This dataset was produced by using a Rosetta/Merck Human RSTA Custom Affymetrix 2.0 microarray and contained 393 samples of lung adenocarcinoma. In addition, 226 lung adenocarcinoma samples from GSE31210 [(HG-U133_Plus_2) Affymetrix Human Genome U133 Plus 2.0 Array] were used as the second independent validation cohort. The microarray and RNA-seq data in this study were normalized and log2 transformed.
Fatty Acid-Related Pathways and Biological Processes
A total of 68 fatty acid-related pathways or biological processes were extracted from hallmark gene sets (H collection), curated gene sets (C2 collection), and ontology gene sets (C5 collection) in Molecular Signatures Database (MSigDB, http://software.broadinstitute.org/gsea/index.jsp). All these pathways, biological processes, and their corresponding genes were fused into a file in CSV format (Supplementary Material S1). The related infiltration and activity levels of those pathways or biological processes in LUAD samples were quantified using the single-sample Gene Set Enrichment Analysis (ssGSEA) in the R package GSVA and normalized by using the Z-score method. The univariate and multivariate Cox analyses were used to assess the significance of these pathways or biological processes, and a two-side p-value <0.05 was considered to be statistically significant.
Candidate Gene Selection and Signature Construction in the Training Cohort
Using the R package WGCNA, weighted gene co-expression network analysis (WGCNA) was performed. The analysis was performed on the top 5,000 genes with the highest standard deviation by the standard protocol. A gene correlation matrix with an optimal soft thresholding of power was used to derive the adjacency matrix. Modules were obtained with the following criteria: module size ≥30 and height for merging modules ≥0.2. The relationship between the modules and fatty acid-related pathways or biological processes was calculated based on ssGSEA scores, and modules correlated with fatty acid-related pathways or biological processes were extracted based on p-value < 0.05 and | r | > 0.3.
Thereafter, the genes related to prognosis in those modules were selected by the univariate Cox analysis. Then, the least absolute shrinkage and selection operator (LASSO) regression model was applied to further detect the most robust prognostic markers. A fatty acid-related risk score (FARS) of each sample was established using the formula
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Predictive Power of the Fatty Acid-Related Risk Score in Training and Validation Cohorts
A violin plot was drawn to compare the FARS of the dead and alive patients in the training cohort. Then, the FARS was divided into high-score and low-score groups using the median value as the cut-off value. For different risk score groups in the training cohort, the Kaplan–Meier curve, risk factor curve, and survival status scatter plot were plotted. To authenticate the predictive power of the FARS in the training cohort, the area under the curve (AUC) according to 3- and 5-year OS was calculated and plotted, respectively, using the survivalROC package. In addition, the predictive performance and applicability of the FARS were further verified in the two validation cohorts.
Subgroup Analysis of the Fatty Acid-Related Risk Score in Different Clinicopathological Features
To determine the robustness of the FARS for predicting the survival outcome in different subgroups of clinicopathological features containing age, sex, and pathological stage (pStage), the Kaplan–Meier curve was plotted to evaluate the discriminative capacity of the FARS based on the median value.
Immune Profile
To explore the relationship between immune status and the FARS, the expression of 22 immune cells was calculated in high and low FARS groups using the CIBERSORT package. Furthermore, the expression levels of the immune checkpoint containing PD-1, PD-L1, and CTLA4 of high and low FARS groups were compared.
Establishment of a Prognostic Nomogram
All samples of the training cohort from TCGA database were used to construct the nomogram. The FARS and clinicopathological features were included in the univariate and multivariate Cox analyses with p-value <0.05 as the screening criterion. The variables selected were included in the nomogram using the “RMS” package; the predictive performance of the nomogram was assessed by the time-dependent receiver operating characteristic curves (tROC) and calibration curves.
Statistical Analysis
R software (www.r-project.org) was used in statistical analyses. Manuals for the R packages used in the present study could be downloaded from the Internet (https://cran.r-project.org/web/packages/available_packages_by_name.html). Clinicopathological characteristics of the training and validation cohorts were compared using the Kruskal–Wallis test and chi-square test as appropriate.
RESULTS
Data Processing
Expression data of FPKM and clinicopathological features of 468 LUAD cancer samples from TCGA were selected and downloaded according to the screening criteria, and these samples were analyzed as the training cohort. A total of 393 cancer samples in GSE72094 were the first validation cohort and the corresponding expression data and clinicopathological features were downloaded using the GEOquery package. Similarly, the information of 226 samples from GSE31210 was obtained as the second validation set. The clinicopathological characteristics of these three cohorts are presented in Supplementary Material S2. A total of 170 (36.3%), 111 (28.2%), and 35 (15.5%) patients died in the training, first validation, and second validation cohorts, respectively. The median (interquartile range) follow-up times for these three cohorts were 658 (435-1118), 825 (541-1012), and 1744 (1246-2050) days, respectively.
Identification of Prognosis-Related Pathways and Biological Processes
Using the CSV file of fatty acid-related pathways and biological processes and the method of ssGSEA, separate enrichment scores for each sample from LUAD were calculated. A total of 10 pathways and biological processes were selected for the univariate Cox analysis in terms of p-value < 0.05. Finally, only four biological processes, namely, gene ontology biological process (GOBP) response to fatty acid, GOBP fatty acid homeostasis, GOBP fatty acid derivative biosynthetic process, and GOBP cellular response to fatty acid proved to be independent risk factors in the multivariate Cox analysis (Figure 1A). The Kaplan–Meier curve and violin plot demonstrated similar results that the ssGSEA score was related to prognosis (Figures 1B,C).
[image: Figure 1]FIGURE 1 | (A) Multivariate Cox analysis of 10 pathways and biological processes; (B) Kaplan–Meier curves of patients with high and low ssGSEA scores; (C) violin plot comparing ssGSEA scores of survival and dead patients. GOBP, gene ontology biological process; ssGSEA, single-sample Gene Set Enrichment Analysis.
Establishment of the Fatty Acid-Related Risk Score
WGCNA was performed on the top 5,000 genes with the highest standard deviation in TCGA cohort to explore the genes correlated with the fatty acid-associated pathways, and the sample dendrogram was exhibited (Figure 2A). The quality of all samples was very good. The optimal soft thresholding power of 4 was selected to obtain the adjacency matrix (Figure 2B). A total of 12 modules were constructed under the minimum module size of 30 and there was no module merged with the minimum height for merging modules of 0.2 (Figure 2C). In Figure 2D, the blue, magenta and purple modules met the criteria of p-value <0.05 and | r | > 0.3.
[image: Figure 2]FIGURE 2 | (A) Cluster was based on the expression data of the training cohort, which contained 468 lung adenocarcinoma samples. The top 5,000 genes with the highest standard deviation were used for the analysis by WGCNA. The color intensity was proportional to age, sex, pStage, and ssGSEA score; (B) detection of the optimal soft thresholding power; (C) cluster dendrogram of genes in the training cohort. Every branch in the figure denotes one gene and each color below denotes one co-expression module; (D) heatmap of the relationship between module eigengenes and the ssGSEA score. The blue, magenta, and purple modules were most positively correlated with the ssGSEA score. WGCNA, Weighted Gene Co-expression Network Analysis; ssGSEA, single-sample Gene Set Enrichment Analysis.
Univariate Cox analysis was performed for each 1,567 genes in the three modules, and those 653 genes with p-value <0.05 in the univariate analysis were included in the LASSO regression analysis (Supplementary Material S3) to construct the FARS. The ten-fold cross-validation was used to determine the optimal penalty parameter (λ) of the model (Figure 3). A total of 38 genes (LDHA, TM4SF1, HPCAL1, P4HA1, TP53I3, HGSNAT, MYO6, SQLE, IVD, KLHDC8B, GNPNAT1, PAQR4, ENPP5, JAG1, MCTP2, PLEKHA6, MAOB, ANKRD29, ELOVL6, ABAT, ZNF738, BEX5, LETM2, WASF1, INPP5J, DKK1, SLC4A5, CDC25C, FAIM2, BAIAP2L2, GPR37, TM4SF4, TCN1, GALNT13, CNTNAP2, IGFBP1, IGF2BP1, and SALL1) were included in the LASSO model. The coefficient of each gene is given in Supplementary Material S4.
[image: Figure 3]FIGURE 3 | (A) Screening of optimal parameters (lambda) at which the vertical lines were drawn; (B) Lasso coefficient profiles of the fatty acid metabolism-related genes with non-zero coefficients determined by the optimal lambda.
Predictive Power of the Fatty Acid-Related Risk Score in Training and Validation Cohorts
As shown in Figure 4A, the dead patients had a significantly higher FARS than the alive patients during the follow-up period. A total of 468 samples of the training cohort were divided into the high FARS group and low FARS group by the median value of the FARS, and the high FARS group exhibited worse OS than the low FARS group, with p-value <0.01 (Figure 4B). Moreover, the plot distribution patterns of risk scores and survival status showed good results (Figures 4C,D). As the FARS increased, the OS time decreased and mortality increased. Calculated by the “survivalROC” package, the 3- and 5-year AUC (AUC = 0.787 and 0.750) of the FARS is presented in Figure 4E.
[image: Figure 4]FIGURE 4 | (A) Violin plot comparing the FARS of survival and dead patients for the training cohort; (B) Kaplan–Meier curves of patients with high and low FARS for the training cohort; (C) distribution patterns of risk scores for the training cohort; (D) distribution patterns of survival status for the training cohort; (E) ROC curves of the FARS for the training cohort. FARS, fatty acid-related risk score; ROC, receiver operating characteristic.
These results indicated that the high FARS showed a worse prognosis, and FARS had a good performance in predicting the prognosis of LUAD patients. The same result was also demonstrated in the two validation cohorts. The FARS of the two validation cohorts was calculated according to the LASSO formula. The dead patients had significantly higher FARS than the alive patients in the two validation cohorts (p-value <0.01, Figure 5A, Figure 6A). The high FARS patients showed a worse OS compared with the low FARS patients (p-value <0.01, Figures 5B, 6B). The trend of the survival time and mortality in the validation cohorts was similar to those in the training cohort (Figures 5C,D, 6C,D). We also found that the 3- and 5-year AUC (AUC of validation 1 = 0.608, 0.681; AUC of validation 2 = 0.676, 0.729) of the FARS was similar to those of the training group (Figures 5E, 6E).
[image: Figure 5]FIGURE 5 | (A) Violin plot comparing the FARS of survival and dead patients for the first validation cohort (GSE72094); (B) Kaplan–Meier curve of patients with high and low FARS for the first validation cohort (GSE72094); (C) distribution patterns of risk scores for the first validation cohort (GSE72094); (D) distribution patterns of the survival status for the first validation cohort (GSE72094); (E) ROC curves of the FARS for the first validation cohort (GSE72094). FARS, fatty acid-related risk score; ROC, receiver operating characteristic.
[image: Figure 6]FIGURE 6 | (A) Violin plot comparing the FARS of survival and dead patients for the second validation cohort (GSE31210); (B) Kaplan–Meier curves of patients with high and low FARS for the second validation cohort (GSE31210); (C) distribution patterns of risk scores for the second validation cohort (GSE31210); (D) distribution patterns of the survival status for the second validation cohort (GSE31210); (E) ROC curves of the FARS for the second validation cohort (GSE31210). FARS, fatty acid-related risk score; ROC, receiver operating characteristic.
Subgroup Analysis of the Fatty Acid-Related Risk Score in Different Clinicopathological Features
The Kaplan–Meier curve comparing the survival outcome of high and low FARS in subgroups of clinicopathological features including age, sex, and pStage is shown in Figures 7A–F, where the high FARS patients exhibited worse OS than the low FARS patients in each subgroup.
[image: Figure 7]FIGURE 7 | (A) Kaplan–Meier curves of patients with age<70 in the training cohort comparing high and low FARS; (B) Kaplan–Meier curves of patients with age ≥ 70 in the training cohort comparing high and low FARS; (C) Kaplan–Meier curves of female patients in the training cohort comparing high and low FARS; (D) Kaplan–Meier curves of male patients in the training cohort comparing high and low FARS; (E) Kaplan–Meier curves of I–II pStage patients in the training cohort comparing high and low FARS; (F) Kaplan–Meier curves of III–IV pStage patients in the training cohort comparing high and low FARS. FARS, fatty acid-related risk score; pStage, pathological stage.
Immune Profile
To further detect the correlation between the immune profile and FARS, the degree of immune cell infiltration of the high and low FARS groups was compared (Figure 8A). B cells memory, plasma cells, T cells CD4 memory resting, T cells gamma delta, dendritic cells resting, and mast cells resting were significantly more prevalent in the low FARS patients. Whereas, T cells CD4 memory activated, NK cells resting, and macrophages M0 were significantly more prevalent in the high FARS patients.
[image: Figure 8]FIGURE 8 | (A) Immune profile of high and low FARS; (B) expression of programmed cell death protein 1 (PD1) of high and low FARS; (C) expression of programmed death-ligand 1 (PDL1) of high and low FARS; (D) expression of cytotoxic T-lymphocyte-associated protein 4 (CTLA4) of high and low FARS. FARS, fatty acid-related risk score.
The expression of immune checkpoint inhibitors targeting immune checkpoint proteins including programmed cell death protein 1 (PD1), programmed death-ligand 1 (PDL1), and cytotoxic T-lymphocyte-associated protein 4 (CTLA4) was also calculated in high and low FARS patients (Figures 8B–D). The high FARS group exhibited higher expression of PDL1 (Figure 8C), suggesting that patients with a high FARS may be more susceptible to immune checkpoint inhibitors targeting PD1/PDL1.
Establishment of a Prognostic Nomogram
In the end, a nomogram was established to predict the OS more conveniently. The FARS and clinicopathological features of all TCGA samples were included in the univariate and multivariate Cox analyses, and FARS and pStage proved to be independent risk factors of LUAD (p-value <0.01). A nomogram based on the FARS and pStage was plotted using the “rms” package (Figures 9A,B). The tAUC of FARS, clinicopathological characteristics, and nomogram is shown in Figure 10A. The figure showed that the prediction ability of the FARS (AUC = 0.787, 0.796, 0.787, 0.806, and 0.750) was higher than that of other clinicopathological features and the predictive performance of the nomogram (AUC = 0.789, 0.807, 0.798, 0.809, and 0.753) was higher than that of other features. Furthermore, the calibration curves of the nomogram predicting 1-, 3-, and 5-year OS were plotted, and the predicted OS probability was very close to the actual OS probability in each calibration curve (Figures 10B–D).
[image: Figure 9]FIGURE 9 | (A) Multivariate Cox analysis of the variables selected for the nomogram; (B) nomogram predicting 1-, 3-, and 5-year OS for LUAD patients. OS, overall survival; LUAD, lung adenocarcinoma.
[image: Figure 10]FIGURE 10 | (A) Time-dependent AUC for the FARS, age, sex, pStage, and nomogram; (B) calibration plot for 1-year OS prediction of the nomogram; (C) calibration plot for 3-year OS prediction of the nomogram; (D) calibration plot for 5-year OS prediction of the nomogram. AUC, area under the curve; FARS, fatty acid-related risk score; pStage, pathological stage; OS, overall survival.
DISCUSSION
Metabolic reprogramming, as a defining characteristic of malignant tumors, plays an important role in cancer development and opens up novel opportunities for cancer therapies (Kapadia et al., 2018). Lipid metabolism has been demonstrated as a pivotal regulator of malignant tumor immunology (Chen et al., 2021a). Most malignant tumor cells exhibit characteristic modifications in de novo lipid biosynthesis, lipogenic characteristics, and lipid metabolism (Wymann and Schneiter, 2008; Santos and Schulze, 2012). Upregulated lipid metabolism is one of the physiological features of human cancers and supports signal molecule synthesis and transduction and energy generation (Zaugg et al., 2011; Louie et al., 2013). Molecules regulating lipid metabolism can be potential therapeutic targets. For example, Montal et al. (2015) revealed that phosphoenolpyruvate carboxykinase (PEPCK) promotes lipid synthesis in cancer cells, helping to coordinate a pivotal feature of cancer metabolism. In addition, Svensson et al. (2016)’s study proved that the ACC inhibitor, ND-646, could prevent the biosynthesis of fatty acids in a mouse model of NSCLC. Blockage of fatty acid oxidation leads to the death of lung and ovarian cancer cells (Sullivan et al., 2014). Inhibition of fatty acid oxidation can enhance cancer therapies by modulating the immunosuppressive functions of myeloid-derived suppressor cells (Hossain et al., 2015). Previous studies focused on the influence of a single regulator of pathways related to fatty acid metabolism; however, the comprehensive roles of genes related to fatty acid metabolism have not been presented.
Until now, this is the first research to investigate the relationship between LUAD and fatty acid metabolism-related genes. Based on TCGA and GEO dataset and using the methods of ssGSEA, WGCNA, univariable Cox regression model, and LASSO Cox regression model, a FARS model with 38 fatty acid metabolism-related genes was built and proved to be an independent predictive factor for the survival outcome of LUAD patients. The high-risk score patients showed worse OS than low-risk score patients both in TCGA cohort and two GEO cohorts. Subgroup analyses of different clinicopathological features confirmed the stable prediction of the FARS model. These results indicated the FARS could discriminate patients with poor prognoses. Furthermore, compared to age, gender, and pStage, the FARS model had a larger AUC. As a matter of fact, the AUC of the FARS in predicting survival probability within 5 years was as high as close to 0.8, marking a relatively accurate prediction. Based on the FARS and pStage, a nomogram was established and the calibration plots exhibited good accuracy. It was interesting to find that the FARS model and the nomogram combining the pStage and FARS had a similar AUC, indicating that the pStage brought little improvement to the model. As shown in the nomogram, the FARS contributes much more than the pStage in the points, which means that the FARS maybe more important than the pStage in predicting the survival outcome of LUAD patients.
Of all these 38 genes included in the FARS, 30 have been reported to be related to LUAD/NSCLC in the PubMed database. However, no research studies were found to concentrate on the relationship between LUAD with the other eight genes: HGSNAT, ENPP5, MCTP2, PLEKHA6, ANKRD29, ZNF738, SLC4A5, and CNTNAP2. ENPP5, MCTP2, PLEKHA6, ANKRD29, SLC4A5, and CNTNAP2 were shown to play a role in malignancy other than NSCLC (Bralten et al., 2010; Langevin et al., 2012; Smith et al., 2012; Parris et al., 2014; Yang and Loh, 2019; Gopalakrishnan et al., 2020; Song et al., 2020; Sun et al., 2020; Chen et al., 2021b). No previous research studies were published concerning the relationship between cancer and HGSNAT or ZNF738. Overall, the underlying mechanisms of these genes included in the FARS relating to fatty acid metabolism and LUAD prognosis are worth further investigation.
The genes with the largest hazard ratio with a value >1 in the FARS were LDHA, HPCAL1, and IGF2BP1. MYO6, BEX5, and ABAT exhibited the smallest hazard ratio with a value <1. LDHA is a critical enzyme which can catalyze the mutual transformation of lactic acid and pyruvic acid in glycolysis (Massari et al., 2016), and pyruvic acid can be converted into acetyl-CoA which is the substrate for fat synthesis. As reported in previous studies, malignant tumors have a higher level of lipogenesis (Menendez and Lupu, 2007; Röhrig and Schulze, 2016). In the present study, higher expression of LDHA indicated worse OS, which suggests that higher LDHA in LUAD might help enhance fat synthesis by promoting acetyl-CoA generation in glycolysis, thus providing more energy for tumor progression. HPCAL1 was the gene with the second-largest hazard ratio in our study, and interestingly, a recent study demonstrated that HPCAL1 could directly bind to LDHA and enhance its activation, thus influencing fatty acid synthesis and promoting NSCLC growth (Wang et al., 2022). IGF2BP1 was reported to be associated with lipid accumulation in macrophages or serve as a biomarker for NSCLC; however, the relationship between IGF2BP1 and fatty acid metabolism in LUAD had not been shown (Kato et al., 2007; Liu et al., 2022). As for MYO6, its relationship with fatty acid metabolism or LUAD was also obscure. The expression of BEX5 was significantly decreased in several LUAD cell lines compared with normal lung epithelial cells in vitro and also downregulated in LUAD tissues compared with adjacent normal tissues (Zhang et al., 2019), while the association between BEX5 and fatty acid metabolism in LUAD was never studied. A previous study revealed that ABAT was related to the survival of LUAD patients, but no research disclosed whether ABAT influenced LUAD survival via fatty acid metabolism (Wang et al., 2021).
As immunotherapy has drastically improved the survival outcome of many cancer patients as compared to chemotherapy or radiotherapy, more studies concerning the relationship between fatty acid metabolism and immunotherapy were carried out recently (Bleve et al., 2021). For instance, in a Lewis lung carcinoma model, inhibiting CTP1, a rate-limiting enzyme in the fatty acid oxidation cycle, could significantly enhance adoptive cell transfer therapy and reduce tumor progression (Hossain et al., 2015). Another study revealed that lipofermata could reduce the uptake of fatty acid by polymorphonuclear myeloid-derived suppressor cells and suppress tumor progression when combined with anti-CTLA4 or anti-PD1 antibodies in lung carcinoma models (Veglia et al., 2019). Several other studies also proved that targeting fatty acid metabolism could inhibit the immunosuppressive function of myeloid-derived suppressor cells and reduce cancer cell growth (Li et al., 2016; Kim et al., 2017; Prima et al., 2017; Goyal et al., 2018). An improved understanding of the relationship between fatty acid metabolism and the immune profile of the TMEs can help find other therapeutic targets and extend the clinical benefit of immunotherapy to more patients. In this study, the difference in the immune profile of LUAD was compared between the high-risk and low-risk score patients. Although there was no difference in the expression level of PD1 and CTLA4, the high-risk score cohort showed higher PDL1 expression, indicating that the high-risk score patients can potentially benefit from anti-PD1/PDL1 antibodies.
There are some limitations to be noted in the study for the reference of future studies. First, selection bias potentially exists for the inevitable retrospective nature, and the genomic and clinical data are extracted from the public database. Second, the sample size of this study is small, and further studies are warranted to validate the results.
CONCLUSION
In summary, we identified 38 fatty acid metabolism-related gene-based FARS which could accurately predict the survival outcome of LUAD patients. Patients with higher FARS can potentially benefit from anti-PD1/PDL1 immunotherapy. In addition, the mechanisms of the genes in the FARS affecting prognosis are worthy of further research to develop new gene-targeted drugs.
DATA AVAILABILITY STATEMENT
The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.
ETHICS STATEMENT
Ethical review and approval were not required for the study on human participants in accordance with the local legislation and institutional requirements. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.
AUTHOR CONTRIBUTIONS
Conception/design: SW, XL, and ML. Collection and/or assembly of data: AC and WZ. Data analysis and interpretation: SW, AC, and DF. Manuscript writing: SW, JW, QL, and XS. Final approval of manuscript: All authors. Funding support: XL. All authors contributed to the manuscript and approved the submitted version.
FUNDING
This study was funded by Program of Shanghai Academic Research Leader (No. 21XD1402800) and Shanghai “Rising Stars of Medical Talent” Youth Development Program: Outstanding Youth Medical Talents.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.905508/full#supplementary-material
ABBREVIATIONS
AJCC TNM, American Joint Committee on Cancer Tumor Node Metastasis; AUC, area under the curve; FARS, fatty acid-related risk score; CTLA4, cytotoxic T-lymphocyte-associated protein 4; GEO, Gene Expression Omnibus; GOBP, gene ontology biological process; LASSO, least absolute shrinkage and selection operator; LUAD, lung adenocarcinoma; NSCLC, non-small cell lung cancer; OS, overall survival; PD1, programmed cell death protein 1; PDL1, programmed death-ligand 1; pStage, pathological stage; ssGSEA, single-sample Gene Set Enrichment Analysis; TCGA, The Cancer Genome Atlas; TMEs, tumor microenvironments; tROC, time-dependent receiver operating characteristic curves; WGCNA, Weighted Gene Co-expression Network Analysis.
REFERENCES
 Bleve, A., Durante, B., Sica, A., Consonni, F. M., Wei, L., Shi, D., et al. (2021). Lipid Metabolism and Cancer Immunotherapy: Immunosuppressive Myeloid Cells at the Crossroad. Int. J. Mol. Sci. 14, 5845–5869. doi:10.3390/ijms21165845
 Bralten, L. B. C., Gravendeel, A. M., Kloosterhof, N. K., Sacchetti, A., Vrijenhoek, T., Veltman, J. A., et al. (2010). The CASPR2 Cell Adhesion Molecule Functions as a Tumor Suppressor Gene in Glioma. Oncogene 29 (46), 6138–6148. doi:10.1038/onc.2010.342
 Bray, F., Ferlay, J., Soerjomataram, I., Siegel, R. L., Torre, L. A., and Jemal, A. (2018). Global Cancer Statistics 2018: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA A Cancer J. Clin. 68 (6), 394–424. doi:10.3322/caac.21492
 Chen, P.-H., Cai, L., Huffman, K., Yang, C., Kim, J., Faubert, B., et al. (2019). Metabolic Diversity in Human Non-small Cell Lung Cancer Cells. Mol. Cell. 76 (5), 838–851. e5. doi:10.1016/j.molcel.2019.08.028
 Chen, P., Wu, S., Yu, J., Tang, X., Dai, C., Qi, H., et al. (2021). mRNA Network: Solution for Tracking Chemotherapy Insensitivity in Small-Cell Lung Cancer. J. Healthc. Eng. 2021, 1–11. doi:10.1155/2021/2105176
 Chen, Y.-J., Liao, W.-X., Huang, S.-Z., Yu, Y.-F., Wen, J.-Y., Chen, J., et al. (2021). Prognostic and Immunological Role of CD36: A Pan-Cancer Analysis. J. Cancer 12 (16), 4762–4773. doi:10.7150/jca.50502
 Chen, Z., Fillmore, C. M., Hammerman, P. S., Kim, C. F., and Wong, K.-K. (2014). Non-small-cell Lung Cancers: a Heterogeneous Set of Diseases. Nat. Rev. Cancer 14 (8), 535–546. doi:10.1038/nrc3775
 Currie, E., Schulze, A., Zechner, R., Walther, T. C., and Farese, R. V. (2013). Cellular Fatty Acid Metabolism and Cancer. Cell. Metab. 18 (2), 153–161. doi:10.1016/j.cmet.2013.05.017
 Ding, C., Shan, Z., Li, M., Chen, H., Li, X., and Jin, Z. (2021). Characterization of the Fatty Acid Metabolism in Colorectal Cancer to Guide Clinical Therapy. Mol. Ther. - Oncolytics 20, 532–544. doi:10.1016/j.omto.2021.02.010
 Faubert, B., Li, K. Y., Cai, L., Hensley, C. T., Kim, J., Zacharias, L. G., et al. (2017). Lactate Metabolism in Human Lung Tumors. Cell. 171 (2), 358–371. doi:10.1016/j.cell.2017.09.019
 Geng, F., and Guo, D. (2017). Lipid Droplets, Potential Biomarker and Metabolic Target in Glioblastoma. Imrj 3 (5), 10. doi:10.18103/imr.v3i5.443
 Gopalakrishnan, K., Aushev, V. N., Manservisi, F., Falcioni, L., Panzacchi, S., Belpoggi, F., et al. (2020). Gene Expression Profiles for Low-Dose Exposure to Diethyl Phthalate in Rodents and Humans: a Translational Study with Implications for Breast Carcinogenesis. Sci. Rep. 10 (1), 7067. doi:10.1038/s41598-020-63904-w
 Goyal, G., Wong, K., Nirschl, C. J., Souders, N., Neuberg, D., Anandasabapathy, N., et al. (2018). PPARγ Contributes to Immunity Induced by Cancer Cell Vaccines that Secrete GM-CSF. Cancer Immunol. Res. 6 (6), 723–732. doi:10.1158/2326-6066.CIR-17-0612
 Hensley, C. T., Faubert, B., Yuan, Q., Lev-Cohain, N., Jin, E., Kim, J., et al. (2016). Metabolic Heterogeneity in Human Lung Tumors. Cell. 164 (4), 681–694. doi:10.1016/j.cell.2015.12.034
 Hossain, F., Al-Khami, A. A., Wyczechowska, D., Hernandez, C., Zheng, L., Reiss, K., et al. (2015). Inhibition of Fatty Acid Oxidation Modulates Immunosuppressive Functions of Myeloid-Derived Suppressor Cells and Enhances Cancer Therapies. Cancer Immunol. Res. 3 (11), 1236–1247. doi:10.1158/2326-6066.CIR-15-0036
 Hu, J., Yu, H., Sun, L., Yan, Y., Zhang, L., Jiang, G., et al. (2021). Identification of an Individualized Metabolism Prognostic Signature and Related Therapy Regimens in Early Stage Lung Adenocarcinoma. Front. Oncol. 11, 650853. doi:10.3389/fonc.2021.650853
 Kapadia, B., Nanaji, N. M., Bhalla, K., Bhandary, B., Lapidus, R., Beheshti, A., et al. (2018). Fatty Acid Synthase Induced S6Kinase Facilitates USP11-eIF4B Complex Formation for Sustained Oncogenic Translation in DLBCL. Nat. Commun. 9 (1), 829. doi:10.1038/s41467-018-03028-y
 Kato, T., Hayama, S., Yamabuki, T., Ishikawa, N., Miyamoto, M., Ito, T., et al. (2007). Increased Expression of Insulin-like Growth Factor-II Messenger RNA-Binding Protein 1 Is Associated with Tumor Progression in Patients with Lung Cancer. Clin. Cancer Res. 13 (2 Pt 1), 434–442. doi:10.1158/1078-0432.CCR-06-1297
 Kim, S. H., Li, M., Trousil, S., Zhang, Y., Pasca di Magliano, M., Swanson, K. D., et al. (2017). Phenformin Inhibits Myeloid-Derived Suppressor Cells and Enhances the Anti-tumor Activity of PD-1 Blockade in Melanoma. J. Investigative Dermatology 137 (8), 1740–1748. doi:10.1016/j.jid.2017.03.033
 Langevin, S. M., Koestler, D. C., Christensen, B. C., Butler, R. A., Wiencke, J. K., Nelson, H. H., et al. (2012). Peripheral Blood DNA Methylation Profiles Are Indicative of Head and Neck Squamous Cell Carcinoma: an Epigenome-wide Association Study. Epigenetics 7 (3), 291–299. doi:10.4161/epi.7.3.19134
 Li, B., Cui, Y., Diehn, M., and Li, R. (2017). Development and Validation of an Individualized Immune Prognostic Signature in Early-Stage Nonsquamous Non-small Cell Lung Cancer. JAMA Oncol. 3 (11), 1529–1537. doi:10.1001/jamaoncol.2017.1609
 Li, Y., Fang, M., Zhang, J., Wang, J., Song, Y., Shi, J., et al. (2016). Hydrogel Dual Delivered Celecoxib and Anti-PD-1 Synergistically Improve Antitumor Immunity. Oncoimmunology 5 (2), e1074374. doi:10.1080/2162402X.2015.1074374
 Liu, M., Tao, G., Cao, Y., Hu, Y., and Zhang, Z. (2022). Silencing of IGF2BP1 Restrains Ox-LDL-Induced Lipid Accumulation and Inflammation by Reducing RUNX1 Expression and Promoting Autophagy in Macrophages. J. Biochem. Mol. Toxicol. 36 (4), e22994. doi:10.1002/jbt.22994
 Louie, S. M., Roberts, L. S., Mulvihill, M. M., Luo, K., and Nomura, D. K. (2013). Cancer Cells Incorporate and Remodel Exogenous Palmitate into Structural and Oncogenic Signaling Lipids. Biochimica Biophysica Acta (BBA) - Mol. Cell. Biol. Lipids 1831 (10), 1566–1572. doi:10.1016/j.bbalip.2013.07.008
 Lue, H.-w., Podolak, J., Kolahi, K., Cheng, L., Rao, S., Garg, D., et al. (2017). Metabolic Reprogramming Ensures Cancer Cell Survival Despite Oncogenic Signaling Blockade. Genes Dev. 31 (20), 2067–2084. doi:10.1101/gad.305292.117
 Massari, F., Ciccarese, C., Santoni, M., Iacovelli, R., Mazzucchelli, R., Piva, F., et al. (2016). Metabolic Phenotype of Bladder Cancer. Cancer Treat. Rev. 45, 46–57. doi:10.1016/j.ctrv.2016.03.005
 Menendez, J. A., and Lupu, R. (2007). Fatty Acid Synthase and the Lipogenic Phenotype in Cancer Pathogenesis. Nat. Rev. Cancer 7 (10), 763–777. doi:10.1038/nrc2222
 Montal, E. D., Dewi, R., Bhalla, K., Ou, L., Hwang, B. J., Ropell, A. E., et al. (2015). PEPCK Coordinates the Regulation of Central Carbon Metabolism to Promote Cancer Cell Growth. Mol. Cell. 60 (4), 571–583. doi:10.1016/j.molcel.2015.09.025201510.1016/j.molcel.2015.09.025
 Nath, A., Li, I., Roberts, L. R., and Chan, C. (2015). Elevated Free Fatty Acid Uptake via CD36 Promotes Epithelial-Mesenchymal Transition in Hepatocellular Carcinoma. Sci. Rep. 5, 14752. doi:10.1038/srep14752
 Parris, T. Z., Aziz, L., Kovács, A., Hajizadeh, S., Nemes, S., Semaan, M., et al. (2014). Clinical Relevance of Breast Cancer-Related Genes as Potential Biomarkers for Oral Squamous Cell Carcinoma. BMC Cancer 14, 324. doi:10.1186/1471-2407-14-324
 Patz, E. F., Pinsky, P., Gatsonis, C., Sicks, J. D., Kramer, B. S., Tammemägi, M. C., et al. (2014). Overdiagnosis in Low-Dose Computed Tomography Screening for Lung Cancer. JAMA Intern Med. 174 (2), 269–274. doi:10.1001/jamainternmed.2013.12738
 Prima, V., Kaliberova, L. N., Kaliberov, S., Curiel, D. T., and Kusmartsev, S. (2017). COX2/mPGES1/PGE 2 Pathway Regulates PD-L1 Expression in Tumor-Associated Macrophages and Myeloid-Derived Suppressor Cells. Proc. Natl. Acad. Sci. U.S.A. 114 (5), 1117–1122. doi:10.1073/pnas.1612920114
 Qiu, B., Ackerman, D., Sanchez, D. J., Li, B., Ochocki, J. D., Grazioli, A., et al. (2015). HIF2α-Dependent Lipid Storage Promotes Endoplasmic Reticulum Homeostasis in Clear-Cell Renal Cell Carcinoma. Cancer Discov. 5 (6), 652–667. doi:10.1158/2159-8290.CD-14-1507
 Röhrig, F., and Schulze, A. (2016). The Multifaceted Roles of Fatty Acid Synthesis in Cancer. Nat. Rev. Cancer 16 (11), 732–749. doi:10.1038/nrc.2016.89
 Santos, C. R., and Schulze, A. (2012). Lipid Metabolism in Cancer. FEBS J. 279 (15), 2610–2623. doi:10.1111/j.1742-4658.2012.08644.x
 Sayin, V. I., LeBoeuf, S. E., and Papagiannakopoulos, T. (2019). Targeting Metabolic Bottlenecks in Lung Cancer. Trends Cancer 5 (8), 457–459. doi:10.1016/j.trecan.2019.06.001
 Siegel, R. L., Miller, K. D., and Jemal, A. (2016). Cancer Statistics, 2016. CA A Cancer J. Clin. 66 (1), 7–30. doi:10.3322/caac.21332
 Smith, S. J., Tilly, H., Ward, J. H., Macarthur, D. C., Lowe, J., Coyle, B., et al. (2012). CD105 (Endoglin) Exerts Prognostic Effects via its Role in the Microvascular Niche of Paediatric High Grade Glioma. Acta Neuropathol. 124 (1), 99–110. doi:10.1007/s00401-012-0952-1
 Song, H., Sun, J., Kong, W., Ji, Y., Xu, D., and Wang, J. (2020). Construction of a circRNA-Related ceRNA Prognostic Regulatory Network in Breast Cancer. Ott Vol. 13, 8347–8358. doi:10.2147/OTT.S266507
 Sullivan, E. J., Kurtoglu, M., Brenneman, R., Liu, H., and Lampidis, T. J. (2014). Targeting Cisplatin-Resistant Human Tumor Cells with Metabolic Inhibitors. Cancer Chemother. Pharmacol. 73 (2), 417–427. doi:10.1007/s00280-013-2366-8
 Sun, G., Li, Z., He, Z., Wang, W., Wang, S., Zhang, X., et al. (2020). Circular RNA MCTP2 Inhibits Cisplatin Resistance in Gastric Cancer by miR-99a-5p-Mediated Induction of MTMR3 Expression. J. Exp. Clin. Cancer Res. 39 (1), 246. doi:10.1186/s13046-020-01758-w
 Svensson, R. U., Parker, S. J., Eichner, L. J., Kolar, M. J., Wallace, M., Brun, S. N., et al. (2016). Inhibition of Acetyl-CoA Carboxylase Suppresses Fatty Acid Synthesis and Tumor Growth of Non-small-cell Lung Cancer in Preclinical Models. Nat. Med. 22 (10), 1108–1119. doi:10.1038/nm.4181
 Veglia, F., Tyurin, V. A., Blasi, M., De Leo, A., Kossenkov, A. V., Donthireddy, L., et al. (2019). Fatty Acid Transport Protein 2 Reprograms Neutrophils in Cancer. Nature 569 (7754), 73–78. doi:10.1038/s41586-019-1118-2
 Wang, Z., Pei, H., Liang, H., Zhang, Q., Wei, L., Shi, D., et al. (2021). Construction and Analysis of a circRNA-Mediated ceRNA Network in Lung Adenocarcinoma. Onco Targets Ther. 14, 3659–3669. doi:10.2147/OTT.S305030
 Wang, X., Xie, X., Zhang, Y., Ma, F., Pang, M., Laster, K. V., et al. (2022). Hippocalcin-like 1 Is a Key Regulator of LDHA Activation that Promotes the Growth of Non-small Cell Lung Carcinoma. Cell. Oncol. 45 (1), 179–191. doi:10.1007/s13402-022-00661-0
 Wymann, M. P., and Schneiter, R. (2008). Lipid Signalling in Disease. Nat. Rev. Mol. Cell. Biol. 9 (2), 162–176. doi:10.1038/nrm2335
 Xue, C., Li, G., Bao, Z., Zhou, Z., and Li, L. (2021). Mitochondrial Pyruvate Carrier 1: a Novel Prognostic Biomarker that Predicts Favourable Patient Survival in Cancer. Cancer Cell. Int. 21 (1), 288. doi:10.1186/s12935-021-01996-8
 Yang, O. C. Y., and Loh, S.-H. (2019). Acidic Stress Triggers Sodium-Coupled Bicarbonate Transport and Promotes Survival in A375 Human Melanoma Cells. Sci. Rep. 9 (1), 6858. doi:10.1038/s41598-019-43262-y
 Yu, T., Wang, Y., Fan, Y., Fang, N., Wang, T., Xu, T., et al. (2019). CircRNAs in Cancer Metabolism: a Review. J. Hematol. Oncol. 12 (1), 90. doi:10.1186/s13045-019-0776-8
 Zaugg, K., Yao, Y., Reilly, P. T., Kannan, K., Kiarash, R., Mason, J., et al. (2011). Carnitine Palmitoyltransferase 1C Promotes Cell Survival and Tumor Growth under Conditions of Metabolic Stress. Genes Dev. 25 (10), 1041–1051. doi:10.1101/gad.1987211
 Zhang, Z. H., Luan, Z. Y., Han, F., Chen, H. Q., Liu, W. B., Liu, J. Y., et al. (2019). Diagnostic and Prognostic Value of the BEX Family in Lung Adenocarcinoma. Oncol. Lett. 18 (5), 5523–5533. doi:10.3892/ol.2019.10905
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Wang, Chen, Zhu, Feng, Wei, Li, Shi, Lv and Liu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 26 August 2022
doi: 10.3389/fgene.2022.968601


[image: image2]
Ferroptosis-related lncRNAs signature to predict the survival and immune evasion for lung squamous cell carcinoma
Rusi Zhang1,2, Xuewen Zhang1,3, Han Yang1,2, Yongbin Lin1,2, Yingsheng Wen1,2, Dechang Zhao1,2, Lianjuan Chen1,2, Peng Lin1,2* and Lanjun Zhang1,2*
1State Key Laboratory of Oncology in South China, Collaborative Innovation Center for Cancer Medicine, Guangzhou, China
2Department of Thoracic Surgery, Sun Yat-sen University Cancer Center, Guangzhou, China
3Department of Anesthesiology, Sun Yat-sen University Cancer Center, Guangzhou, China
Edited by:
Jinhui Liu, Nanjing Medical University, China
Reviewed by:
Chao Ma, First Affiliated Hospital of Zhengzhou University, China
Ti-wei Miao, Sichuan University, China
* Correspondence: Peng Lin, linpeng@sysucc.org.cn; Lanjun Zhang, zhanglj@sysucc.org.cn
Specialty section: This article was submitted to Cancer Genetics and Oncogenomics, a section of the journal Frontiers in Genetics
Received: 14 June 2022
Accepted: 04 August 2022
Published: 26 August 2022
Citation: Zhang R, Zhang X, Yang H, Lin Y, Wen Y, Zhao D, Chen L, Lin P and Zhang L (2022) Ferroptosis-related lncRNAs signature to predict the survival and immune evasion for lung squamous cell carcinoma. Front. Genet. 13:968601. doi: 10.3389/fgene.2022.968601

Introduction: the investigation on the interactions between ferroptosis and lncRNAs for lung squamous cell carcinoma (LUSC) has been scare, and its impact on tumor immune microenvironment remained unknown. We aim to not only identify a ferroptosis-related lncRNAs signature for LUSC prognosis, but also evaluate its correlation to tumor immune evasion.
Methods: RNA sequencing data and survival information were obtained from The Cancer Genome Atlas database. A ferroptosis-related lncRNAs signature (FerRLSig) was developed and validated by univariate Cox regression, Least Absolute Shrinkage and Selection Operator regression and multivariate Cox regression. The tumor immune microenvironment and immune evasion were subsequently evaluated based on the FerRLSig stratification.
Results: the FerRLSig consisted of 10 ferroptosis-related lncRNAs and significantly associated with overall survival with satisfactory area under curve (HR = 2.240, 95% CI: 1.845–2.720, p < 0.001, 5-years AUC: 0.756). Based on the FerRLSig stratification, the high-risk group demonstrated not only significantly higher immune infiltration, but also more profound T cell dysfunction and immune evasion, which might ultimately lead to the resistance to current immune checkpoint inhibitors.
Conclusion: a robust prognostic FerRLSig for LUSC has been developed and validated, demonstrating a close association not only with tumor immune cell infiltration, but also with T cell dysfunction and immune evasion. Further investigation is warranted to better improve the survival of LUSC patients based on the FerRLSig stratification.
Keywords: lung cancer, ferroptosis, lncRNA, tumor immune microenvironment, T cell dysfunction, immune evasion
INTRODUCTION
Lung cancer has been the top one cause of cancer death with one of the highest incidence rates second only to breast cancer worldwide (Sung et al., 2021). Lung squamous cell carcinoma (LUSC) accounts for approximately 20% of all lung cancer cases and constitutes the bulk of non-small cell lung cancer with lung adenocarcinoma (Barta et al., 2019). There has been numerous effective targeted therapies for lung adenocarcinoma, which has significantly prolonged the survival of lung adenocarcinoma patients with certain mutations (Sordella et al., 2004; Solomon et al., 2014; Ramalingam et al., 2020; Shaw et al., 2020; Wu et al., 2020). Moreover, a large number of researches have utilized the transcriptome data of lung adenocarcinoma to build various prognostic and predictive tools, to derive useful risk stratification, and to provide valuable insights on the development of sensitive drugs (Guo et al., 2021; Lu et al., 2021; Zheng et al., 2021). However, compared to lung adenocarcinoma, LUSC lacks effective targeted therapy and is generally less well-defined in terms of gene expression profile.
On the other hand, tumor immune evasion has been identified as one of the hallmarks of cancer and closely related to the tumor immune microenvironment (Hanahan and Weinberg, 2011; Gajewski et al., 2013). And fortunately, immune checkpoint inhibitors tackling tumor immune evasion have made remarkable breakthroughs in LUSC and significantly improved the LUSC patients’ survival (Brahmer et al., 2015; Paz-Ares et al., 2018). But still some LUSC patients were resistant to the current treatments including immunotherapy, leading to intractable progression or relapse, and ultimately cancer death. Multiple studies have identified increased CD8+ T cell infiltration as a favorable prognostic factor (Lee and Ruppin, 2019; Morad et al., 2021). However, T cell dysfunction has also been recognized as an important mechanism of immunotherapy resistance (Thommen and Schumacher, 2018). Therefore, further evaluation of the LUSC gene expression pattern’s impact on tumor immune microenvironment and immune evasion are still needed for LUSC patients.
Ferroptosis is an iron-dependent, oxidatively regulated cell death activated by extrinsic blockade of the cystine/glutamate transporter or intrinsic blockade of intracellular antioxidants. Recent studies have demonstrated that ferroptosis plays a significant part in tumorigenesis and various treatment sensitivity, thus might be a useful tool in cancer prognosis and patient stratification (Dixon et al., 2012; Chen et al., 2021). Moreover, long non-coding RNA (lncRNA), with more than 200 nucleotide and without functional protein translation, has been found to be closely related to tumorigenesis and tumor progression via ferroptosis in recent studies (Mao et al., 2018; Wang et al., 2019; Zhang et al., 2020; Statello et al., 2021). Therefore, interactions between ferroptosis and lncRNAs are likely to be critical to overcome cancer progression. However, investigation on the ferroptosis-related lncRNAs signature on LUSC has been scare and its impact on tumor immune microenvironment remained unknown, thus warranting further investigation.
In this study, we utilized The Cancer Genome Atlas database on lung squamous cell carcinoma (TCGA-LUSC) (Cancer Genome Atlas Research Network, 2012), and we aimed to develop a ferroptosis-related lncRNAs signature for LUSC prognosis. Furthermore, explorations on tumor immune microenvironment, tumor immune evasion and T cell dysfunction were also performed based on the FerRLSig stratification.
MATERIALS AND METHODS
Data acquisition
RNA sequencing data of TCGA-LUSC patients and all available clinical data were downloaded from the Genomic Data Commons portal (https://portal.gdc.cancer.gov/) (Grossman et al., 2016). Overall survival (OS) was calculated from the time of lung cancer diagnosis to the time of death or the last follow-up. Patients with incomplete survival information or with OS less than 30 days were excluded.
This is a retrospective study based on publicly available TCGA database. The Ethics Committee of our hospital has confirmed that no additional ethical approval or informed consent is required.
A list of 108 validated ferroptosis genes was obtained from FerrDb database (http://www.zhounan.org/ferrdb) (Zhou and FerrDb, 2020). LncRNAs was identified in TCGA-LUSC RNA sequencing data through GENCODE annotation (https://www.gencodegenes.org/) (Frankish et al., 2021). The correlations between 108 ferroptosis genes and the lncRNAs expression in the entire set of TCGA-LUSC were analyzed with Pearson’s correlation, and 4,259 ferroptosis-related lncRNAs were identified by the selection criterion of |Pearson R|) > 0.3 and p < 0.001 with any one of the 108 ferroptosis genes.
Development and validation of the ferroptosis-related LncRNAs signature
The TCGA-LUSC patients were randomized into a training set and a testing set by the “caret” R package at the ratio of 7:3 (Kuhn, 2008). The FerRLSig was established with the training set while the validation was performed with the testing set and the entire set. Univariate Cox regression, Least Absolute Shrinkage and Selection Operator (LASSO) regression and multivariate Cox regression were applied in order to establish the final FerRLSig while avoiding overfitting with cross-validation (Friedman et al., 2010). The correlation between FerRLSig lncRNAs and ferroptosis genes was further visualized in both heatmap and Sankey diagram. The risk score of every patient was calculated as [image: image] , with Coef(i) and Expr(i) representing the regression coefficient and expression level for each FerRLSig lncRNA respectively. The entire set of TCGA-LUSC patients were stratified into low-risk and high-risk groups by the median of the calculated risk scores.
Further evaluation of the FerRLSig and establishment of the prognostic nomogram
The prognosis effect of the FerRLSig was further evaluated with Kaplan–Meier survival plot, subgroup analysis by universal clinical characteristics, correlation with universal clinical variables, univariate and multivariate Cox regression, and the area under the receiver operating characteristic curve (AUC). In addition, the discriminative ability of the FerRLSig was further evaluated through the comparison to the Principal component analysis (PCA) and the t-distributed stochastic neighbor embedding (t-SNE).
A nomogram incorporating the FerRLSig, age, gender and TNM stage, was developed to visualize the prognostic model and facilitate its clinical application for the OS of LUSC patients. The prognostic power of the nomogram was evaluated with AUC curves at 1, 3, and 5 years’ OS, calibration curves were also plotted and visually assessed. Furthermore, decision curve analysis (DCA) was also conducted to demonstrate the actual net benefit gain of the nomogram (Vickers and Elkin, 2006).
Tumor immune microenvironment exploration and drug sensitivity screening based on the FerRLSig stratification
To analyze and compare the tumor immune microenvironment based on the FerRLSig stratification, xCell and ESTIMATE were both applied to inferred the immune and stromal cell infiltration (Yoshihara et al., 2013; Aran et al., 2017). In addition, to further characterize the potential underlying molecular pathways, gene set enrichment analysis (GSEA) was performed to identify the significantly enriched pathways in low-risk and high-risk groups respectively. The hallmark gene sets and C5 gene sets from the Gene Ontology (GO) were downloaded from the Molecular Signatures Database as the reference files (Subramanian et al., 2005). A nominal p value < 0.05 and a false discovery rate (FDR) q value < 0.25 were set as the statistically significant thresholds for GSEA GO analysis. Moreover, the expression level of several immune checkpoints and immune inhibitory factors, including CCL2, CD274 (PD-L1), CTLA4, CXCR4, IL6, LAG3, PDCD1 (PD-1), and TGFB1 were compared between low-risk and high-risk group. To further evaluate the predictive application for immune checkpoint inhibitors of the FerRLSig, TIDE score were compared between low-risk and high-risk groups (Fu et al., 2020). Furthermore, drug sensitivity screening was also performed with the 198 compounds available from the Genomics of Drug Sensitivity in Cancer (GDSC) database (Yang et al., 2013). And the half-maximal inhibitory concentration (IC50) of the available compounds on low-risk and high-risk groups was extracted with the Oncopredict R package (Maeser et al., 2021).
Statistical analysis
Discrete variables were described as counts and percentages, their differences between groups were statistically evaluated with Pearson chi-square test or Fisher’s exact test (any expected values less than 5). On the other hand, continuous variables were described as median, mean and/or interquartile range, and their differences between groups were compared with Mann–Whitney–Wilcoxon test.
All statistical analyses and visualizations were performed with R version 4.1.0 (http://www.R-project.org) and corresponding packages. The Kaplan-Meier method was utilized in survival analysis and survival curves were compared with log-rank test. Two-sided p < 0.05 was considered statistically significant.
RESULTS
Development and validation of the FerRLSig
In total, 493 patients with RNA sequencing data were downloaded from the TCGA-LUSC database, and 473 patients with necessary survival information were included and randomly assigned into training set and testing set by the ratio of 7:3 as demonstrated in the study workflow (Figure 1). The mean age of the patients in the entire set was 67 years old, 74.2% were male, 71.0% were Caucasian and 67.7% were early stage (I-II). No statistically significant difference was found between the training set and the testing set (Table 1). In the entire set, 4,259 lncRNAs were significantly correlated with any one of the 108 ferroptosis genes (|Pearson R|>0.3 and p < 0.001, Supplementary Figure S1A), among which 43 were significantly associated with OS by univariate Cox regression in the training set (p < 0.01, Figure 2A). Within the training set, 21 ferroptosis-related lncRNAs were further identified as significant prognostic factors via LASSO regression with the λ set at lambda. min that gave the minimum mean squared error (Figures 2B,C). The final FerRLSig was established with multivariate Cox regression, consisting of 10 lncRNAs (Figure 2D). The correlation between FerRLSig lncRNAs and ferroptosis genes were visualized in both heatmap and Sankey diagram for the entire set (Supplementary Figures S1B,C). The training set was divided into high-risk group and low-risk group by the median of the FerRLSig. Compared to low-risk group, high-risk group had evidently more death event and shorter overall survival time (Figure 3A). Within the FerRLSig, RP11-65J21.3, ST3GAL5-AS1, ADAMTS9-AS2, RP5-940J5.8, RP11-535M15.1, and RP1-32I10.10 were over-expressed in the high-risk group with positive coefficients and classified as risk promoters. On the other hand, RP11-1085N6.3, KB-1836B5.4, LCMT1-AS1, and LINC01426 were over-expressed in the low-risk group with negative coefficients and classified as risk inhibitors (Figure 3A; Supplementary Figure S1C). And the final FerRLSig Formula equal to 0.305*(RP11-65J21.3) + 0.934*(ST3GAL5-AS1) + (−1.366)*(RP11-1085N6.3) + 1.942*(ADAMTS9-AS2) + 1.674*(RP5-940J5.8) + (−0.331)*(KB-1836B5.4) + (−1.229)*(LCMT1-AS1) + 0.404*(RP11-535M15.1) + (−0.572)*(LINC01426) + 1.365*(RP1-32I10.10). The high-risk group was significantly associated with worse OS compared to low-risk group in the training set (HR = 3.345, p < 0.001, Figure 3C). For validation, the same model was applied to the testing set and the entire set, all FerRLSig lncRNAs demonstrated similar expression profiles in the high-risk and the low-risk groups. In addition, the high-risk group in both testing and entire set was also significantly associated with worse OS compared to low-risk group (testing set HR = 2.290, p < 0.001, Figures 3B,D; entire set HR = 2.606, p < 0.001, Supplementary Figure S2).
[image: Figure 1]FIGURE 1 | Flow chart of this study; *FerRLSig: the ferroptosis-related lncRNAs signature.
TABLE 1 | The baseline characteristics of LUSC patients in TCGA database.
[image: Table 1][image: Figure 2]FIGURE 2 | Development of prognostic ferroptosis-related lncRNAs signature for LUSC patients; (A) Forest plot of the 43 selected lncRNAs significantly associated with overall survival by univariate Cox regression analysis; (B) The coefficient profile of 21 OS-related lncRNAs chosen by LASSO regression; (C) The mean-squared error curve with different tuning parameters (logλ) and perpendicular dotted lines were drawn at the logλ corresponding to the minimum mean squared error (lambda.min) and the most regularized model within one standard error of the minimum mean squared error (lambda.1-se); (D) Forest plot of the 10 final selected lncRNAs by multivariate Cox regression analysis.
[image: Figure 3]FIGURE 3 | Overall survival analysis and validation of the ferroptosis-related lncRNAs signature; (A–B) Distribution of risk score, OS time, OS status and heatmap of the 10 prognostic ferroptosis-related lncRNAs signature in the TCGA-LUSC training set (A) and TCGA-LUSC testing set (B). (C–D) Kaplan-Meier survival curves of the OS of the patients in the high- and low-risk groups for the TCGA-LUSC training set (C) and TCGA-LUSC testing set (D).
Evaluation of the FerRLSig and the establishment of prognostic nomogram with the FerRLSig
To compare the whole expression profile and the FerRLSig, both PCA and t-SNE were applied to the RNA sequencing of the entire set and annotated with the FerRLSig risk stratification. The high-risk group and low-risk group demonstrated distinctly different distribution in both PCA and t-SNE, indicating that the FerRLSig risk stratification recapitulated the major variability of the TCGA-LUSC RNA sequencing (Figures 4A,B). The correlations of the FerRLSig risk score with clinical characteristics including age, gender, and TNM stage were explored and no statistically significant correlation was found (Supplementary Figure S3). Univariate and multivariate Cox OS analysis were further performed with FerRLSig and other universal clinical characteristics. Both TNM stage and FerRLSig (univariate: HR = 2.281, p < 0.001; multivariate: HR = 2.240, p < 0.001) demonstrated significant prognostic effect in both univariate and multivariate Cox regression (Figures 4C,D). In addition, time-dependent AUC of the FerRLSig and other clinical characteristics were plotted, and the FerRLSig demonstrated consistently higher AUC compared to other clinical characteristics, including TNM stage (5-years AUC: FerRLSig 0.756, TNM stage 0.607, Figures 4E,F).
[image: Figure 4]FIGURE 4 | Evaluation of the ferroptosis-related lncRNAs signature (FerRLSig) in the entire set of TCGA-LUSC; (A) Principal component analysis of TCGA-LUSC RNA sequencing annotated with the FerRLSig stratification; (B) t-distributed stochastic neighbor embedding (t-SNE) analysis annotated with the FerRLSig stratification; (C) Univariate Cox regression overall survival analysis of the FerRLSig score and universal clinical characteristics; (D) Multivariate Cox regression overall survival analysis of the FerRLSig score and universal clinical characteristics; (E) Time-dependent area under curve plot of the risk score and clinical characteristics. (F) Receiver operating characteristic (ROC) curves of the universal clinical characteristics and risk score of the 5-years overall survival.
To further demonstrate the model applicability in different population, subgroup OS analysis was performed in different age, gender, ethnicity and stage groups. The high-risk group was consistently associated with worse OS in all subgroups, which not only validated the model’s wide applicability in different population, but also demonstrated its independent prognostic role (Figure 5).
[image: Figure 5]FIGURE 5 | Subgroup overall survival analysis of the FerRLSig stratification by different age, gender, ethnicities and TNM stage subgroups in the TCGA-LUSC entire set.
Moreover, the FerRLSig and other universal clinical characteristics were incorporated into a prognostic nomogram to better predict the one, three and 5 years’ OS probabilities (Figure 6A). Overall, the nomogram demonstrated satisfactory AUC on 1, 3, and 5 years’ OS and calibration (AUC: 1-year 0.668, 3-years 0.761, 5-years 0.779, Figures 6B,C). In addition, the nomogram also demonstrated net benefit gain in decision curve analysis compared to both “intervention to none” and “intervention to all” in both 3 and 5 years’ OS prediction (Figure 6D).
[image: Figure 6]FIGURE 6 | Development and evaluation of the prognostic nomogram; (A) A clinical prognostic nomogram was developed to predict the 1-, three- and 5-years overall survival (OS) probability. A vertical line between each variable and point scale can be drawn to determine the points for each variable, then all the points are summed up as the total points, and the predicted overall survival rate of the 1-, three- and 5-years were calculated by drawing a vertical line from the total points scale to the 1-, three- and 5-years survival scales; (B) Area under curve plot of the nomogram for the 1-, three- and 5-years OS; (C) Calibration curves of the nomogram for 1-, three- and 5-years overall survival: nomogram-predicted overall survival is plotted on the x-axis, actual overall survival is plotted on the y-axis, a plot along the 45-degree line indicates a satisfactory model in which the predicted probabilities are identical to the actual outcomes; (D) Decision curve analysis demonstrating the clinical benefit gain of the nomogram for the three- and 5-years OS: the y-axis measures the net benefit, which is calculated by summing the benefit (true positives) and subtracting the harms (false positives). The solid line indicates the prognostic model, and the two other lines indicate the “intervention for all” (dotted line) and “intervention for none” (black line). A model is considered of clinical value if it has a higher net benefit than other models at any given threshold.
The correlation between the FerRLSig and tumor immune microenvironment
To explore the correlation between the FerRLSig and the tumor immune microenvironment, immune cell infiltration was inferred and compared between the high-risk and low-risk group with xCell analysis. The two groups exhibited apparently different tumor immune microenvironment. The high-risk group demonstrated significantly higher dendritic cells, B cells, class-switched memory B cells, CD8+ T cells, and multiple myeloid cells infiltration while the low-risk group had significantly higher pro B cells, Th1 cells and Th2 cells infiltration (Figures 7A,B). Moreover, both immune score and stromal score were significantly higher while tumor purity was significantly lower in high-risk group, confirming higher immune cell infiltration in high-risk group (Figures 7C–E). Furthermore, hallmark gene set enrichment analysis was performed to further characterize the different molecular pathways activated by different risk groups. Multiple immune-related hallmarks were significantly enriched in high-risk group, including complement, IL2-STAT5 signaling, IL6-JAK-STAT3 signaling, inflammatory response, interferon-alpha response, interferon-gamma response, TGF-BETA signaling and TNFA signaling via NFKB were enriched in high-risk group. On the other hand, low-risk group demonstrated multiple proliferation-related hallmarks and DNA damage repair hallmarks (Figures 7F, G). In addition, Gene Ontology pathway enrichment analysis also corroborated the above finding that high-risk group demonstrated multiple significantly enriched immune-related biological process and molecular function, while low-risk group was correlated with multiple proliferation and transcription ones(Figures 7H, I).
[image: Figure 7]FIGURE 7 | Evaluation of the tumor immune microenvironment based on the ferroptosis-related lncRNAs signature stratification; (A) The volcano plot depicted the different cellular landscapes of the tumor based on the ferroptosis-related lncRNAs signature (FerRLSig) stratification by the xCell analysis, the infiltration of green dot cells were significantly higher while red dot cells were significantly lower in low-risk group compared to high-risk group. (B) The boxplots depicted the significantly different infiltration of immune cell based on the FerRLSig stratification. (C–E) The boxplots compared the immune scores (C), stromal scores (D) and tumor purity (E) based on the FerRLSig stratification by the ESTIMATE analysis. (F–G) GSEA results demonstrated the differential gene set enrichment in Hallmark with high-risk (F) and low-risk (G) group. (H–I) GSEA results demonstrated the differential gene set enrichment in C5 of biological process (BP), cellular component (CC), and molecular function (MF) in high-risk (H) and low-risk (I) groups based on the FerRLSig stratification. (J) Comparison of the immune checkpoints and immune inhibitory factors, including CCL2, CD274, CTLA4, CXCR4, IL6, LAG3, and PDCD1 and TGFB1based on the FerRLSig stratification in violin plots and boxplots. (K) Comparison of TIDE score based on the FerRLSig stratification in boxplots. *: p < 0.05, **: p < 0.01, ***: p < 0.001.
Apparently, the FerRLSig was strongly correlated with tumor immune microenvironment and high-risk group demonstrated increased immune activities compared to low-risk group. We continued to compare the expression level of immune checkpoints and immune inhibitory factors between the two groups to evaluate the potential predictive application of the FerRLSig on the current immune checkpoint blockade therapy. We found that the high-risk group was significantly associated with higher expression level of immune checkpoints and immune inhibitory factors, including CCL2, CTLA4, CXCR4, IL6, LAG3, PDCD1, and TGFB1, indicating tumor immune evasion (Figure 7J). We utilized the TIDE to further evaluate the tumor immune microenvironment of different FerRLSig groups. And surprisingly, although high-risk group consistently demonstrated higher effector T cell signatures including IFNG (interferon gamma) and CD8+ T cell infiltration, the T cell dysfunction signature were significantly higher while microsatellite instability score was significantly lower in high-risk group. This ultimately led to significantly higher overall TIDE score in high-risk group, indicating resistance to immune checkpoint inhibitors (Figure 7K).
Drug sensitivity screening based on the FerRLSig
Besides immune checkpoint inhibitors, we also aimed to evaluate the predictive application of the FerRLSig on other drugs available from GDSC database. Therefore, drug sensitivity screening with GDSC was performed based on the FerRLSig. We identified 119 compounds from GDSC to have statistically significant different half-maximal inhibitory concentration (IC50) based on the FerRLSig stratification (Supplementary Table S1). Notably, low-risk group was significantly more sensitive to platinum and taxane compared to high-risk group (Figures 8A–C), which are the backbones for LUSC chemotherapy, therefore might account for the superior OS of the low-risk group. On the other hand, high-risk group was seemingly more intractable with fewer clinically available systemic therapies compared to low-risk group. Three representative drugs with significantly lower IC50 in high-risk group compared to low-risk group were identified, targeting WNT signaling, MAPK signaling and PI3K signaling pathway (Figures 8D,E).
[image: Figure 8]FIGURE 8 | Drug sensitivity screening based on the ferroptosis-related lncRNAs signature (FerRLSig) stratification with the Genomics of Drug Sensitivity in Cancer (GDSC) database; (A) Boxplot of the cisplatin half-maximal inhibitory concentration (IC50) based on the FerRLSig stratification; (B) Boxplot of the paclitaxel IC50 based on the FerRLSig stratification; (C) Boxplot of the docetaxel IC50 based on the FerRLSig stratification; (D) Boxplot of the SB216763 (targeting WNT signaling pathway) IC50 based on the FerRLSig stratification; (E) Boxplot of the Selumetinib (targeting MAPK signaling pathway) IC50 based on the FerRLSig stratification; (F) Boxplot of the AZD8186 (targeting PI3K signaling pathway) IC50 based on the FerRLSig stratification.
DISCUSSION
Previous studies have successfully developed prognostic ferroptosis-related lncRNAs signatures in lung adenocarcinoma (Guo et al., 2021; Lu et al., 2021; Zheng et al., 2021). However, the investigation of the ferroptosis-related lncRNAs signature in lung squamous cell carcinoma (LUSC) has been scare and has not evaluated the signature’s impact on tumor immune microenvironment yet. In this study, we developed and validated a ferroptosis-related lncRNAs signature (FerRLSig) for the prognosis stratification of lung squamous cell carcinoma (LUSC). High-risk group had significantly worse OS compared to low-risk group (HR = 2.240, 95%CI: 1.845–2.720, p < 0.001), which was further corroborated in different age, gender, ethnicities and TNM stages subgroups, indicating the wide applicability and independent prognostic effect of the FerRLSig. And notably, compared to TNM stage, the FerRLSig demonstrated consistently improved AUCs (5-years AUC: FerRLSig 0.756, TNM stage 0.607, Figures 4E,F) on OS. Thus through this study, we have developed and validated a robust prognostic ferroptosis-related lncRNAs signature for LUSC.
A previous retrospective study utilizing TCGA database identified 29 ferroptosis-related lncRNAs with univariate Cox regression and constructed a prognostic ferroptosis-related lncRNAs. The 1-, 2-, and 3-years area under curve (AUC) of their signature were 0.658, 0.693, and 0.687 respectively (Yao et al., 2022). In our study, the TCGA-LUSC patients were randomized into a training set and a testing set by the “caret” R package at the ratio of 7:3. The FerRLSig was established with the training set while the validation was performed with the testing set and the entire set. Univariate Cox regression, Least Absolute Shrinkage and Selection Operator (LASSO) regression and multivariate Cox regression were applied in order to establish the final FerRLSig while avoiding overfitting with cross-validation. A more concise ferroptosis-related lncRNAs signature comprising 10 ferroptosis-related lncRNAs with an AUC of 0.756 for 5-years OS was established and validated. Compared to the previous study, we applied more stringent statistical methods to identify ferroptosis-related lncRNAs to avoid overfitting. Moreover, we underwent additional internal validation, which was absent in the previous study. Therefore, we believed our FerRLSig to be more statistically stringent with better prognostic effect compared to the previous study.
More importantly, we have also evaluated the correlation between the FerRLSig and the tumor immune microenvironment. Generally, high-risk group demonstrated significantly higher immune cell infiltration in the xCell analysis, notably by dendritic cells, CD8+ T cells, M1 macrophages and M2 macrophages. On the other hand, low-risk group demonstrated significantly higher pro B cells, Th1 cells and Th2 cells infiltration. In addition, the ESTIMATE and GSEA analysis also corroborated previous results that high-risk group had significantly higher immune and tumor scores with multiple immune-related gene sets enrichment compared to low-risk group, including complement, IL2-STAT5 signaling, IL6-JAK-STAT3 signaling, interferon-alpha response, interferon-gamma response, TGF-BETA signaling and TNFA signaling via NFKB. CD8+ cytotoxic T cells and its secreted interferon gamma are central to the tumor immune elimination, and increased immune cell infiltration indicates prominent immune response, but these do not necessarily lead to better tumor control or survival (Gajewski et al., 2013; Mojic et al., 2017; Morad et al., 2021). In addition, multiple immune inhibitory factors seen in high-risk group, including M2 macrophages and IL6, might render the infiltrating CD8+ T cell dysfunction and leading to immune evasion (Xue et al., 2014; Kumari et al., 2016). To further evaluate the mechanism of the immune evasion based on the FerRLSig stratification, several immune checkpoints and immune inhibitory factors including CCL2, CD274 (PD-L1), CTLA4, CXCR4, IL6, LAG3, PDCD1 (PD-1), and TGFB1 were compared between low-risk and high-risk group, and all were significantly higher in high-risk group except PD-L1, strongly suggesting the immune evasion and inhibitory microenvironment in high-risk group.
Immune checkpoint inhibitors have made remarkable breakthroughs in LUSC and significantly improved the LUSC patients’ survival (Brahmer et al., 2015; Paz-Ares et al., 2018). Considering the immune evasion and inhibitory microenvironment in high risk group based on the FerRLSig stratification, TIDE score was utilized to estimate the immune checkpoint inhibitor sensitivity. CD8+ T cell infiltration and interferon gamma signature were significantly higher in high-risk group while no statistically significant difference was found on CD274 (PD-L1) signature, which corroborated previous results. And high-risk group was significantly less sensitive to immune checkpoint inhibitor with significantly higher TIDE score and dysfunction score compared to low-risk group. Besides the inherent limitations of the TIDE analysis, one possible explanation would likely be that the T cell dysfunction with multiple alternative immune checkpoints including CTLA-4 and LAG3 within the tumor microenvironment is beyond the salvage of the single-target immune checkpoint inhibitor (Thommen and Schumacher, 2018). Therefore, the trials of combination immunotherapy targeting multiple immune checkpoints and further innovation are needed for the future improvement of LUSC patients. Drug sensitivity screening was also performed based on the FerRLSig with drugs available from GDSC database. Low-risk group was significantly more sensitive to platinum and taxane compared to high-risk group, which might partially account for its better OS. On the other hand, high-risk group were significantly more sensitive to three representative drugs that targeting WNT signaling, MAPK signaling and PI3K signaling pathways. And intriguingly, all three pathways are known to cancer immune evasion (Sumimoto et al., 2006; Dituri et al., 2011; Martin-Orozco et al., 2019) and these kinds of drugs might be combined with immunotherapy to further improve the survival for LUSC patients. However, further investigation is needed to verify these possibilities.
Several limitations are worth mentioning in this study. Firstly, this is a retrospective study from a single database, thus external validation and further prospective study are required. Secondly, several important clinical variables including the extent of resection, resection margin, comorbidities are currently unavailable, which warrant further investigation in future studies. Thirdly, the distance to actual clinical application remains long as whole transcriptome RNA sequencing for lncRNAs identification has not been easily accessible in clinical practice yet. The last but not the least, both in vitro and in vivo experiments are required to further explore the molecular mechanism underlying the ferroptosis-related lncRNAs signature.
In conclusion, a robust prognostic FerRLSig for LUSC has been developed and validated, demonstrating a close association not only with tumor immune cell infiltration, but also with T cell dysfunction and immune evasion. Further investigation and innovation are required to validate the results from our study and better improve the survival of LUSC patients based on the FerRLSig stratification.
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Lung squamous cell carcinoma (LUSC) is one of the most lethal cancers worldwide. Traditional tumor-node-metastasis (TNM) staging system has many insufficiencies in predicting immune characteristics, overall survival (OS), and prognosis of LUSC. LncRNA is currently found involved in tumor development and effectively predicts tumor prognosis. We screened potential tumor-related lncRNAs for immune characteristics and constructed a nomogram combining lncRNA and traditional clinical indicators for prognosis prediction. We obtained the large-scale gene expression profiles of samples from 492 LUSC patients in The Cancer Genome Atlas database. SPATA41, AL034550.2, AP003721.2, AC106786.1, and AC078889.1 were finally screened to construct a 5-lncRNA-based signature. The risk score of the signature divided patients into subgroups of high-risk and low-risk with significant differences in OS. Their area under the curve (AUC) reached more than 0.70 in 1, 3, and 5 years. In addition, compared with the high-risk subgroup, the low-risk subgroup exhibited a remarkably favorable prognosis and TME score, along with a higher immune infiltration score and lower TIDE score. The signature also significantly related to chemotherapy response, especially in cisplatin, vinorelbine, and paclitaxel. Importantly, the nomogram we constructed had good reliability with the assessment of the calibration chart and consistency index (c-index). GO and KEGG enrichment analysis indicated that co-expression mRNAs of the 5 lncRNAs were mainly focused on RNA splicing, DNA replication, and protein serine/threonine kinase activity. Functional assays demonstrated that SPATA41, one of the five OS-related lncRNAs, regulated invasion, migration, proliferation, and programmed death in vitro. In summary, our 5-lncRNA-based signature has a good performance in predicting immune characteristics and prognosis of LUSC patients.
Keywords: lncRNA, lung squamous cell carcinoma, nomogram, prognosis, SPATA41
BACKGROUND
Lung cancer is the most common chest tumor in the world, with a high incidence and mortality. More than 2.2 million people in the world have been newly diagnosed with lung cancer in 2021, accounting for 11.1% of all newly diagnosed cancer (Bu et al., 2020; Xu et al., 2020). Lung squamous cell carcinoma (LUSC), deriving from chronic stimulation and injury of bronchial columnar epithelial cells, takes up a large percentage of lung cancer (Sánchez Danés and Blanpain, 2018). Although LUSC grows slowly and metastases late, it is less sensitive to radiotherapy than undifferentiated lung carcinoma. In addition, LUSC lacks effective chemotherapeutic drugs compared with lung adenocarcinoma (LUAD) and has a poor prognosis. Presently, the best treatment for LUSC is still surgical resection, which has been demonstrated to have a good 5-year overall survival (OS) rate (Bozinovski et al., 2016; Socinski et al., 2018). Therefore, studies related to LUSC immune checkpoint blockade (ICB) therapy were urgent to perform for addressing the gap in this research field.
Tumor-node-metastasis (TNM) staging was often used to evaluate tumor development and prognosis in the past. However, many clinicians found it was not accurate enough in diagnosing LUSC due to complex disease pathology and high heterogeneity between patients (Lian et al., 2020). Recent research showed that lncRNA could regulate gene expression by influencing mRNA transcription, binding nucleic acids, and participating in posttranscriptional modification, such as DNA methylation and acetylation (Quinn et al., 2014; Engreitz et al., 2016; Storti et al., 2020). LncRNAs had been found to have great importance in the diagnosis, treatment, and prognosis of LUSC.
Tumor microenvironment (TME) plays a critical role in neoplasia and tumor development. Immune cells and immune stromal cells are the core components of TME, regulating tumor differentiation, proliferation, and metastasis. For example, a continuous abundance of specific T cell subtypes in tumors contributed to a better prognosis of patients (Jiang et al., 2018). Macrophage polarization was of great importance in subverting adaptive immunity and inducing tumor metastasis (Mantovani et al., 2002). Identifying the useful lncRNAs that influence the immune cells and immune stromal cells contributes to deciphering the carcinogenic mechanism of lncRNA.
Although previous studies have predicted and identified some molecular biomarkers in LUSC patients, most of them may have limited research meaning due to small sample sizes, differences in platforms, or a lack of combining diverse variables (Friedlaender et al., 2019; Li and Guo, 2020; Ma et al., 2020; Ren et al., 2020). For these reasons, we conducted this study to integrate relevant data and identify credible prognostic biomarkers for clinical guidance.
MATERIALS AND METHODS
Workflow and Dataset Processing
The flowchart was shown in Figure 1. We downloaded lncRNA expression data, mRNA expression data, and corresponding clinical data of LUSC from The Cancer Genome Atlas (TCGA, HYPERLINK “http://cancergenome.nih.gov/”) (Kourou et al., 2015; Gibson et al., 2016; Rokavec et al., 2017).
[image: Figure 1]FIGURE 1 | Flowchart of this study.
Screening of Differentially Expressed lncRNAs and mRNAs
Differentially expressed lncRNAs (DELs) and differentially expressed mRNAs (DEMs) between LUSC samples and control samples were analyzed with the “DESeq2” package in R software. Then, we used “ggplot2” and “pheatmap” packages to draw volcanic and thermal maps of them (Robinson et al., 2010).
Identification of lncRNA Signature and Calculation of Risk score
We constructed primary dataset (n = 484) and entire dataset (n = 239) to conduct data processing. Specifically, we first used univariate Cox proportional hazard regression (CPHR) to screen the lncRNAs significantly associated with the OS of LUSC patients, making them candidates (p = 0.01) (Tibshirani, 1997). Then we continued with multivariate CPHR analysis (stepwise model) to find the most suitable OS-related lncRNAs from the aforementioned candidate lncRNAs. Akaike information criterion (AIC) was used in order to avoid overfitting. We used “pheatmap” and “survminer” packages to draw thermal maps and survival probability curves.
Sankey Diagram
We drew a Sankey diagram based on life-status, gender, TNM staging, and 5-lncRNA risk score with the "ggalluvial” package (Grazziotin et al., 2022).
Nomogram and ROC Curves for Predicting OS
We drew ROC curves for predicting OS in the primary dataset and the entire dataset with the “survivalROC” package (Zhou et al., 2020).
Generation of ImmuneScore, StromalScore, and ESTIMATEScore
The ESTIMATE algorithm was used to estimate the ratio of the immune-stromal components in TME for each sample with the “ggpubr” and “estimate” packages, exhibited in the form of three kinds of scores: Immune Score, StromalScore, and ESTIMATEScore, which positively correlated with the ratio of immune, stromal, and the sum of both, respectively (Yoshihara et al., 2013).
Nomogram Construction and Reliability Assessment
We used the “RMS” package to draw the nomogram of the primary dataset and the entire dataset (Zhang and Kattan, 2017). The calibration chart and c-index were conducted to evaluate their value in calibrating and identifying the OS of LUSC.
GSVA and Chemotherapeutic Response Prediction
We performed gene set variation analysis (GSVA) to evaluate the related immune cell and molecular pathway variation between the high-risk and low-risk groups with the “GSVA” package (Subramanian et al., 2005). Then, we conducted chemotherapeutic response prediction for LUSC based on our expression profiles with the “pRRophetic” and “ggExtra” packages. Five commonly used drugs were selected, namely, docetaxel, vinorelbine, cisplatin, paclitaxel, and gemcitabine (Reinhold et al., 2012). Moreover, tumor immune dysfunction and exclusion (TIDE) was also applied to predict the clinical response to immunotherapy of LUSC patients with the “ggpubr” package (Jiang et al., 2018).
Enrichment Analysis of Co-related mRNA of the 5-lncRNA Signature
We used the “limma” package to select the mRNA co-expressed with these 5-lncRNA signatures (Pearson correlation coefficient >0.25). Then we used the “enrichplot” package to perform Gene ontology (GO) functional annotation and Kyoto Encyclopedia of Gene and Genomes (KEGG) functional annotation to verify the biological process and potential pathway (Yu et al., 2012). We also used the GSVA enrichment analysis to investigate the underlying biological activities between the high-risk subgroups and low-risk subgroups (Subramanian et al., 2005).
Box Plots and Differential Gene Comparison
The microarray data of normal tissue and tumor tissue were downloaded from the GEO database (GSE73402) (http://www.ncbi.nih1.gov/geo). The raw data were downloaded as MINiML files. Box plots are drawn with the package “boxplot” (Zhou et al., 2020). Differential gene comparison was performed with Kruskal–Wallis rank sum test.
Cell Culture and siRNA Transfection
BEAS-2B and H520 cells were cultured in RPMI-1640 medium (GIBCO, Shanghai, China), and SK-MES-1 cells were cultured in MEM medium (GIBCO, Shanghai, China). All media were supplemented with 10% fetal bovine serum (FBS) (GIBCO, Shanghai, China) and 1% penicillin and streptomycin (Solarbio, Beijing, China). The plasmids of SPATA41 siRNA were designed by Kaiji Biological Company (Nanjing, China) and transfected into H520 and SK-MES-1 cells with Lipofectamine 8000 according to the manufacturer’s instructions.
RNA Extraction and Quantitative Real-Time PCR
The cells were lysed by Trizol. Total RNA was collected with isopropanol from Aladdin (Shanghai, China) and RNA content was determined by an enzyme labeling instrument. Total RNA was reverse-transcribed into cDNA with Hifair® II 1st Strand cDNA Synthesis Kit from Yeasen (Shanghai, China). The cDNA was amplified with Hieff Q real-time PCR SYBR Green main mixture from Yeasen (Shanghai, China) and detected through Applied Biosystems 7500 from Thermo Fisher (Massachusetts, USA) according to the manufacturer’s instructions. The expression of the target gene was normalized to GADPH expression.
Transwell Assay
The intervened cells (1 × 105 cells/well) were seeded into the upper chamber of the transwell culture plate while 500 ul medium with 20% FBS was filled with the bottom chamber. After incubation for 24 h at 37 °C in 5% CO2, the cells were fixed in cooled methanol for 30 min and were stained with hematoxylin for 1 min, and washed with 1 X PBS. The representative images were obtained under an inverted light microscope.
Wound-Healing Assay
The intervened cells (3 × 105 cells/well) were seeded into a 6-well microplate until forming a fusion monolayer. We used the 200 μL sterile pipettes to make an artificial and uniform wound and carefully cleaned the unattached cells with 1 x PBS. Then the cells were incubated in a serum-free medium at 37 °C in 5% CO2. The representative images of 0 and 24 h were obtained under an inverted light microscope.
Western Blotting
The total protein concentration was determined using the BCA protein analysis kit (Pierce, #23225). The same amount of proteins was added and separated by SDS-PAGE. Then it was transferred to PVDF membrane (microporous, IPVH00010) and blocked with 5% BSA for 1 h. The PVDF membranes were incubated with the primary antibody overnight and the secondary antibody for 2 h. Finally, the PVDF membranes were incubated with ECL (Pierce, #32109) and the strip strength was quantified by ImageJ software.
Colony Formation Assay
The cells (1 × 105 cells) were seeded into the culture chamber and the culture medium was covered. After incubation for 24 h at 37°C in 5% CO2, the cells were transfected with siRNA and then cultured for 7 days. Cell colonies suspended gradually formed in the medium on the matrix gel. The images were obtained with a common camera.
Cell Counting Kit-8 Assay
The cells (5 × 104 cells/well) were seeded into 96-well microplates and incubated for 24 h at 37°C in 5% CO2. After the intervention, cells were treated with 10 μL CCK8 reagents and incubated at 37°C for 4 h. The optical density was determined at 450 nm in a plate reader from Thermo Fisher (Massachusetts, USA).
Annexin V-FITC/PI Double Staining Assay
The intervened cells were lysed, collected, and dissolved in buffer at the density of 1.0 × 105 cells/mL. 100 μL sample solution was added with 5 μL FITC-conjugated Annexin V reagent and 5 μL Propidium iodide (PI) reagent and incubated for 15 min in a dark greenhouse. Percentages of cells within each cell death compartment (Q1, Q3, Q3, and Q4) were determined by flow cytometry. The results were analyzed by FlowJo software.
Statistical Analysis
Our data were analyzed with the deviation of mean and standard. Results related to mapping were analyzed with GraphPad Prism 7.0. Statistical significance was determined using an unpaired Student’s t test for comparisons between two groups, while one-way ANOVA followed Tukey’s post hoc test was used for comparisons among more than two groups. The difference was considered significant when the p value was less than 0.05. Each experiment was repeated at least three times.
RESULTS
Construction and Assessment of a 5-lncRNA Signature in Predicting Prognosis of LUSC Patients
In total, 510 LUSC tissue samples and 48 normal tissue samples were eventually included. After analyzing their lncRNA and mRNA expression profiles, we found that there were 6601 DEMs and 3768 DELs. Their volcanic and thermal maps were shown as Supplementary Figures S1, S2. Then, we combined clinical data with lncRNA expression and received data of 505 LUSC patients. After excluding 1 patient without survival time and 11 patients with insufficient survival data, relevant data of 492 patients were retained. 8 lncRNA were found to have a significant correlation with OS in LUSC patients (p < 0.05) (Supplementary Table S1). Kaplan–Meier curve was performed in accordance with the result of the univariate CPHR analysis (Supplementary Figure S3).
In order to further find the most suitable OS-related lncRNA, we continued to conduct multivariate CPHR. The result showed that five lncRNAs (SPATA41, AL034550.2, AP003721.2, AC106786.1, and AC078889.1) had the lowest AIC value and highest likelihood ratios (Table 1). The formula was shown as follows: Risk Score = (0.535 × Expression SPATA41) + (0.338 × Expression AC106786.1) + (−0.857 × Expression AL034550.2) + (−0.618 × Expression AP003721.2) + (−0.692 × Expression AC078889.1).
TABLE 1 | 5 lncRNAs significantly associated with the OS of 492 LUSC patients.
[image: Table 1]8 patients without TNM staging or age data were excluded. Within the remaining 484 LUSC patients, 239 patients were randomly classified into the subgroup of “primary dataset” and all 484 patients was assigned to the subgroup of “entire dataset”. The characteristics of these 484 patients in the entire dataset and 239 patients in the primary dataset are shown in Table 2. The five lncRNA expression profile, OS status, and risk score distribution of the primary dataset and the entire dataset were presented in Figures 2A–F. Patients were equally divided into a subgroup of high-risk and low-risk in accordance with median risk score. Kaplan–Meier curve also showed that patients in a subgroup of high-risk had a worse prognosis than that of low-risk in both the entire data set (p = 5.935e-11) and the primary dataset (p = 6.5790e-09) (Figures 2G, H).
TABLE 2 | Baseline clinical characteristics of LUSC patients involved in this study.
[image: Table 2][image: Figure 2]FIGURE 2 | Construction of a 5-lncRNA signature in predicting prognosis of LUSC patients in the primary dataset and entire dataset. (A) The heatmap of 5-lncRNA signature in LUSC patients of the primary dataset. (B) The OS status of 5-lncRNA signature in LUSC patients of the primary dataset. (C) The risks score distribution of 5-lncRNA signature in LUSC patients of primary dataset. (D) The heatmap of 5-lncRNA signature in LUSC patients of the entire dataset. (E) The OS status of 5-lncRNA signature in LUSC patients of the entire dataset. (F) The risks score distribution of 5-lncRNA signature in LUSC patients of the entire dataset. (G) Kaplan–Meier curves are based on the 5-lncRNA signature of LUSC patients in the primary dataset. (H) Kaplan–Meier curves are based on the 5-lncRNA signature of LUSC patients in the entire dataset. (I) Time-dependent ROC curve based on 5-lncRNA signature of LUSC patients in the primary dataset. (J) Time-dependent ROC curve based on 5-lncRNA signature of LUSC patients in the entire dataset.
We constructed a receiver operating characteristic (ROC) curve based on the primary dataset and the entire dataset. As shown in Figures 2I, J, the area under the curve (AUC) of the 5-lncRNA signature reached 0.714 at 1 year, 0.789 at 3 years, and 0.810 at 5 years in the primary dataset while 0.665 at 1 year, 0.703 at 3 years, and 0.709 at 5 years in the entire dataset. The result of univariate and multivariate CPHR analysis in the entire dataset showed that the HR of the high-risk subgroup versus low-risk subgroup was 1.142 (p < 0.001, 95% CI = 1.082-1.205) and 1.152 (p < 0.001, 95% CI = 1.094-1.213), indicating that 5-lncRNA signature was independent of traditional clinical risk factors in predicting the prognosis of LUSC patients (Table 3). The univariate and multivariate CPHR analysis in the primary dataset showed consistent results (Supplementary Table S2). Risk stratification analysis was also performed on the entire dataset in consideration of the big sample of LUSC patients. We conducted a hierarchical analysis based on gender (female or male), age (≥65 or<65), TNM staging (I, II, III, or IV), T staging (T1, T2, T3, and T4), N staging (N0, N1, and N2), and M staging (M0 or M1). Each group was further assigned into subgroups of high-risk group and low-risk group in accordance with the risk score. As shown in the Kaplan–Meier curve, except for the condition of TNM III, TNM IV, T1, T4, N2, and M1, patients in the other conditions had a worse prognosis with higher risk score (Supplementary Figure S4).
TABLE 3 | Univariate and multivariate Cox proportional hazards regression analysis of 5-lncRNA signature and clinical risk factors in the entire dataset.
[image: Table 3]Assessment of the TME Scores, Immune Characteristics, and Drug Sensitivity Related to the 5-lncRNA-Based Signature.
For determining the relationship between the TME Scores with traditional TNM staging and 5-lncRNA-based signature, we analyzed the corresponding clinicopathological information. As shown in Figure 3A, there is no significant difference in TME Scores among TNM staging, T staging, M staging, and N staging. In contrast, the low-risk subgroup showed higher StromalScore, ImmuneScore, and ESTIMATEScore in comparison with the high-risk subgroup divided by 5-lncRNA-based signature (Figure 3B). However, there seemed to be no significant difference in 5-lncRNA based risk score among patients with different TNM staging, T staging, M staging, and N staging (Figure 3C). Sankey diagram was used to visualize the relationship between life status, gender, TNM staging, and risk score. The results showed that male patients had a more terrible life status and patients in the high-risk subgroup tended to have worse TNM staging (Figure 3D).
[image: Figure 3]FIGURE 3 | Assessment of the TME Scores among TNM staging and 5-lncRNA-based signature. (A) Comparison of ImmuneScore and StromalScore in different clinicopathological staging characteristics. (B) Comparison of risk score of LUSC patients of different TNM staging, T staging, N staging, and M staging. (C) Comparison of 5 lncRNA-based riskscore between LUSC patients of different TNM staging. (D) Alluvial diagram of subgroups based on 5-lncRNA signature with different life status, gender, and TNM staging.
Due to the close relationship between tumor prognosis and immunity, we further performed GSVA immune infiltration analysis with the enrichment scores of 16 types of immune cells and 13 types of immune-related pathways between the high-risk subgroup and low-risk subgroup. As the results show, the high-risk group expressed a low level of immune cells in the mass. Except for the aDCs and mast cells, significant differences appeared in the other 11 immune cells, especially in tumor-infiltrating lymphocytes (TILs), T helper (Th) cells (Th1 and Th2 cells), pDCs, natural killer (NK) cells, neutrophils, and CD8+ T cells (Figure 4A). In terms of the immune pathway, all of them had lower activation in the high-risk group than in the low-risk group, and only the pathway of APC co-inhibition did not show a significant difference between groups (Figure 4B). Then, we conformed to the tumor immune dysfunction and exclusion (TIDE) analysis to assess the possibility of immune escape. The result showed high-risk subgroup had a higher TIDE score than that of the low-risk subgroup, indicating that immunotherapy may be less effective in high-risk patients (Figure 4C).
[image: Figure 4]FIGURE 4 | Assessment of the immune level and drug sensitivity related to the 5-lncRNA-based signature. (A) enrichment scores of 16 types of immune cells between the two risk subgroups. (B) enrichment scores of 13 immune-related pathways between the two risk subgroups. (C) Tide score predicting immunotherapy response between the two risk subgroups. (D–H) The estimated half-maximal inhibitory concentration (IC50) of docetaxel, vinorelbine, cisplatin, paclitaxel, and gemcitabine for response between the two risk subgroups.
Since the GSVA and TIDE analysis revealed that low-risk patients are more likely to have an active immune system and had a better prognosis after immunotherapy, we would like to assess the difference in chemotherapy response between the two subgroups. The five widely used drugs in clinical therapy for LUSC were included (docetaxel, vinorelbine, cisplatin, paclitaxel, and gemcitabine) (Figures 4D–H). We found that the estimated IC50 of cisplatin, paclitaxel, and vinorelbine chemotherapy was significantly higher in the low-risk group while that of docetaxel and gemcitabine chemotherapy had no significant difference, showing that LUSC patients in the high-risk group may be more resistant to chemotherapy of cisplatin, paclitaxel, and vinorelbine.
Development of the Nomogram Combining the 5-lncRNA Signature and Clinical Indicators
We drew a nomogram of the primary dataset and the entire dataset, which consisted of 5-lncRNA-based signatures and three clinical indicators (gender, age, and TNM staging) (Figure 5A). Then, we used a calibration chart to evaluate the recognition and calibration ability of the nomogram in the entire dataset (Figures 5B–D). An internal validation using bootstrap with 1000 resamplings showed that our nomogram was effective and reliable: the c-index of the primary dataset was 0.678 (95% CI = 0.613-0.743) and the c-index of the entire dataset was 0.613 (95% CI = 0.568-0.658) (Supplementary Figure S5). In addition, the AUC of the nomogram reached 0.791 at 1 year, 0.817 at 3 years, and 0.804 at 5 years in the primary dataset while 0.680 at 1 year, 0.721 at 3 years, and 0.729 at 5 years in the entire dataset, which was superior to the predictive performance of 5-lncRNA signature (Figures 5E, F). Importantly, our nomogram has a better performance (AUC = 0.828) than that of age (AUC = 0.527), gender (AUC = 0.558), TNM staging (AUC = 0.602), T staging (AUC = 0.622), N staging (AUC = 0.561), and M staging (AUC = 0.514) (Figures 5G,H).
[image: Figure 5]FIGURE 5 | Identification of reliability and accuracy of the nomogram binding the 5-lncRNA signature and clinical indicators. (A) Nomogram based on 5-lncRNA in predicting prognosis of LUSC patients. (B–D) Calibration chart valuating the survival probability of nomogram at one, three, and five years. (E,F) Time-dependent ROC curves of the nomogram in the primary and entire dataset. (G,H) Comparison of prognostic ability between nomogram and gender, age, and TNM stage in the primary and entire dataset. (I) GO enrichment of mRNAs co-expressed with 5-lncRNA signature. (J) KEGG enrichment of mRNAs co-expressed with 5-lncRNA signature.
Finally, we analyzed the co-expression mRNA of OS-related lncRNAs through GO and KEGG. 1025 DEM levels were positively correlated with the 5-lncRNA signatures (Pearson correlation coefficient >0.25). Results of GO enrichment showed that these co-expressed DEMs involved 121 biological processes, 26 cellular components, and 14 molecular functions. The mRNA functions are mainly focused on DNA replication, nuclear speck, and protein serine/threonine kinase activity (Figure 5I). Results of KEGG enrichment showed that these significantly differential co-expressed mRNAs were primarily involved in the pathway of axon guidance, Human T-cell leukemia virus 1 infection, and spliceosome (Figure 5J). GSVA enrichment analysis showed a similar result that the differential genes between high-risk and low-risk subgroups were markedly enriched in the pathway of “SPLICEOSOME”, “CELL_ADHESION_MOLECULES_CAMS” and “DNA_REPLICATION” (Supplementary Figure S6).
SPATA41 Regulated Alternative Splicing, Apoptosis and Autophagy of LUSC Cells In Vitro
We evaluated whether these OS-related lncRNAs influenced the development of LUSC. The number of DEMs co-expressed with the 5-lncRNA signature was examined, and we selected SPATA41 for further functional analysis (Supplementary Table S3). Then, two LUSC cell lines (H520 and SK-MES-1) were used to further explore the role of SPATA41 in LUSC. Quantitative real-time PCR was used to compare the expression of SPATA41 between normal lung epithelial cells BEAS-2B and that of H520 and SK-MES-1 cells. The result showed that SPATA41 expression of H520 and SK-MES-1 was higher (Figure 6A). We analyzed the differential expression of SPATA41 with LUSC related GEO database (GSE73402). Consistent with our previous result, SPATA41 expression increased significantly in tumor and adjacent tumor tissue in comparison with normal lung tissue (Figures 6B, C). We also treated H520 and SK-MES-1 cells with cisplatin, which is a special therapeutic drug for lung cancer. PCR results showed that SPATA41 was also significantly decreased by cisplatin (Figure 6D).
[image: Figure 6]FIGURE 6 | Assessment of the function of SPATA41 in cellular survival, invasion, migration, and colony. (A) Quantitative real-time PCR analysis of SPATA41 expression in BEAS-2B, SK-MES-1, and H520 cells. (B) Boxplot of the tumor, adjacent tumor, and normal lung tissue. (C) Comparison of SPATA41 expression in tumor, adjacent tumor, and normal lung tissue. (D) Quantitative real-time PCR analysis of SPATA41 expression between NC group and siRNA group in SK-MES-1 and H520 cells. (E) Quantitative real-time PCR analysis of SPATA41 expression between NC group and siRNA group in SK-MES-1 and H520 cells. (F) Results of CCK8 assays between NC group and siRNA group in SK-MES-1, and H520 cells. (G) Results of colony formation assays between NC group and siRNA group in H520 cells and SK-MES-1 cells. (H) Results of wound healing assays between NC group and siRNA group in H520 cells and SK-MES-1 cells. (I) Results of transwell assays between NC group and siRNA group in H520 cells. Data are expressed as mean ± SD (n = 3); *p < 0.05, **p < 0.01, ***p < 0.001.
We then transfected SPATA41 siRNA into H520 and SK-MES-1 cells, respectively. PCR results revealed that SPATA41 expression was significantly down-regulated in H520 and SK-MES-1 cells after transfection (Figure 6E). The results of CCK8 assays also showed that SPATA41 knockdown may impair cell viability (Figure 6F). Notably, transwell assay, wound-healing assays, and colony formation assay demonstrated that the knockdown of SPATA41 dramatically attenuated the invasive, migratory, and proliferation abilities of H520 and SK-MES-1 (Figures 6G–I). We cannot get the transwell assay result of SK-MES-1 due to its low invasion ability.
Variable splicing and programmed cell death are critical processes during tumor development. To further investigate the involvement of SPATA41 in the molecular pathological course of LUSC, we predicted the possible downstream proteins of SPATA41 by CATRAPID software (Supplementary Figure S7). Finally, four potential genes (SRSF1, SRSF9, FUS, and SFPQ) were screened, which were all related to alternative splicing. PCR and WB experiments also confirmed that SPATA41 knockdown significantly affected these four splicing-associated genes (Figures 7A, B). The sequences of genes are listed in Supplementary Table S4. In addition, the expression of autophagy protein (p62, Beclin-1, and LC3B) was also influenced (Figure 7C). Results of Annexin V-FITC/PI double staining experiments also showed that knockdown of SPATA41 could cause significant apoptosis (Figure 7D). These results indicated that SPATA41 regulated the expression of splicing-associated genes in tumor cells and further influenced cellular survival.
[image: Figure 7]FIGURE 7 | Assessment of the influence of SPATA41 on splicing factor, autophagy, and apoptosis. (A) Quantitative real-time PCR analysis of FUS, SFPQ, SRSF1, and SRSF9 expression between NC group and siRNA group in H520 cells, and SK-MES-1 cells. (B) Western blotting of FUS, SFPQ, SRSF1, and SRSF9 expression between NC group and siRNA group in H520 cells and SK-MES-1 cells. (C) Western blotting of LC3B, Beclin-1, and p62 expression between NC group and siRNA group in H520 cells and SK-MES-1 cells. (D) Results of Annexin V-FITC/PI double staining assay between NC group and siRNA group in SK-MES-1 and H520 cells. Data are expressed as mean ± SD (n = 3); *p < 0.05, **p < 0.01, ***p < 0.001.
DISCUSSION
Bioinformatics is a comprehensive subject of statistics, computer science, and biology (Friedlaender et al., 2019; Ren et al., 2020). It reveals the hidden biological mystery by collecting, counting, and analyzing numerous complex biological data. In the transcripts of the human genome, only 2% of the messenger RNAs encode proteins, while the rest 98% of the RNA molecules do not encode proteins, which are called noncoding RNAs (Rokavec et al., 2017). In the past, lncRNA was considered as “noise” in gene transcription. However, it has been found that lncRNA is involved in the physiological functions of cells with the development of the biological genome, including chromatin modification, post transcriptional regulation, and nuclear transport (Kourou et al., 2015).
At present, the prediction of survival time of patients with LUSC mainly depends on the TNM staging system. However, patients with similar TNM staging sometimes show opposite responses to the same treatment, which is considered caused by the heterogeneity between tumor genes (Pan et al., 2020). Therefore, an effective prognosis method for LUSC is urgently required, especially in the era of individual treatment (White et al., 2017). As people pay increasing attention to personalized medicine, many genetic markers related to LUSC prognosis have been screened (Guo et al., 2016; Ibrahim et al., 2018). However, most of these studies only focused on the statistical ability of molecular marker screening without considering its clinical effectiveness. Some studies found that in addition to classical TNM staging, gender and age are also important in predicting LUSC prognosis (Gauthier et al., 2019; Chen et al., 2020). Now in this study, we combined these clinical indicators (age, gender, and TNM staging) with 5-lncRNA signature and constructed a nomogram to quantify the survival probability of LUSC patients. We found that the predictive performance of the prognostic nomogram was better than the 5-lncRNA signature and traditional TNM staging. The c-index and calibration curve also verified the reliability of the nomogram. At the same time, simplicity is also one of its advantages, which can guide clinicians to evaluate the disease progression and prognosis more conveniently and accurately (Ferrè et al., 2016; Schmitt and Chang, 2016; Peng et al., 2017; Kopp and Mendell, 2018). Our prognostic model aimed to determine the association between prognosis and basic characteristics and should be accurate and economical (Iasonos et al., 2008; Balachandran et al., 2015; König et al., 2017; Goh et al., 2020). The nomogram included multiple independent variables and was easy for clinicians to evaluate the results and choose individual treatments for LUSC patients.
Although some famous lncRNAs have been widely reported, the specific mechanism of lncRNA still needs to be entirely explored (Li et al., 2014; Chen, 2016). The functional expression pattern of lncRNA is often related to its highly specific transcript abundance. In this study, we inferred the functions of main effective lncRNAs (SPATA41, AL034550.2, AP003721.2, AC106786.1, and AC078889.1) according to the functional evaluation of their co-expressed DEMs. Enrichment analysis of GO showed that the co-expressed DEMs were mainly enriched in DNA alternative splicing and nuclear speckles while KEGG enrichment indicated axon guidance, Human T-cell leukemia virus 1 infection, and spliceosome may be the downstream signaling pathway of the five related lncRNAs.
TME was of great importance in the initiation and development of tumorigenesis. Previous studies had identified that the immune microenvironment regulated tumorigenesis. Therefore, exploring TME remodeling has great development potential in tumor prediction and prognosis, and further fostering the transition of TME from tumor-friendly to tumor-suppressed. We found that the traditional TNM staging indicators could not distinguish the difference in TME score, while our lncRNA-based signature showed a great performance that Stromal score, Immune score, and ESTIMATE Score of low-risk subgroup were significantly higher than that of the high-risk subgroup. Our results showed that immune components in TME contributed to the prognosis of patients. Particularly, the proportion of immune and stromal components in TME was significantly correlated with the progression of LUSC, such as invasion and metastasis. These results exhibited the reliability and efficiency of our 5-lncRNA-based signature in immunity prediction.
Due to the immune-related pathways shown in functional analyses, we would like to further explore immune infiltration and immune escape between low-risk and high-risk groups. The result was consistent with our previous conclusion that the high-risk group had universally decreased levels of infiltrating immune cells, decreased activity of immune-related pathways, and higher TIDE score, indicating that low-risk patients may have opportunities for better prognosis when receiving immunotherapy. TIDE prediction scores were associated not only with poor efficacy of immune checkpoint inhibition therapy but also with poor survival of patients treated with anti-PD1 and anti-CTLA4 (Jiang et al., 2018). The lower the TIDE score was, the worse the effect of the ICB therapy may get. Importantly, we further performed an analysis of chemotherapy response to assess the drug sensitivity and resistance of our 5-lncRNA signature. The results showed that the estimated IC50 for cisplatin, paclitaxel, and vinorelbine was significantly higher in the low-risk group. High-risk patients may be more sensitive to chemotherapy of these drugs. A previous study reported that spliceosome-mediated RNA trans-splicing (SMaRT) could effectively overcome the obstacle that chemotherapy could not clear cancer cells with tumor specificity (Woess et al., 2022). Their study could explain that the different chemoresistance between groups may be related to alternative splicing.
In addition, further function assays were performed on lncRNA SPATA41, which is most associated with co-expressed DEMs among the 5 lncRNAs. Our results showed that knockdown of SPATA41 significantly affected the invasive, migratory, and proliferative abilities of LUSC cells and influenced the expression of splicing factors (SRSF1, SRSF9, FUS, and SFPQ). The apoptosis double staining experiment verified that SPATA41 knockdown could effectively induce apoptosis of SK-MES-1 and H520 cells. Moreover, increased expression of LC3 II/LC3 I and decreased expression of p62 indicated that autophagy may also be involved in the regulative process of SPATA41 in cancer cells. Thus, silencing SPATA41 in LUSC cells may prevent the development of tumors.
In conclusion, we identified the importance of lncRNA expression patterns in LUSC patients and confirmed our 5-lncRNA signature had a great advantage in assessing immune reaction, chemotherapy sensitivity, and the risk level of patients. The nomogram combining 5-lncRNA signature and clinical indicators provides an effective and reliable predictive model to help the individual treatment of LUSC patients.
LIMITATION
Our study had several limitations. First, we did not refer to Lasso Cox regression to screen the differential lncRNA. Second, we did not collect clinical samples from LUSC patients for comparison. Third, our study only involved two kinds of LUSC cell lines. Fourth, we did not validate the direct interaction between lncRNA and protein by RIP or pull-down assays.
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Pyroptosis-related genes GSDMB, GSDMC, and AIM2 polymorphisms are associated with risk of non-small cell lung cancer in a Chinese Han population
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Background: Pyroptosis is essential for the remodeling of tumor immune microenvironment and suppression of tumor development. However, there is little information available about pyroptosis-related gene polymorphisms in non-small cell lung cancer (NSCLC).
Methods: Six SNPs in the GSDMB, GSDMC, and AIM2 were genotyped in 650 NSCLC cases and 650 healthy controls using a MassARRAY platform.
Results: Minor alleles of rs8067378, rs2305480, and rs77681114 were associated with a lower risk of NSCLC (p < 0.005), whereas rs2290400 and rs1103577 were related to an increased risk (p < 0.00001). Moreover, rs8067378-AG/GG, rs2305480-GA/AA, and rs77681114-GA/AA genotypes were associated with a decrease in NSCLC risk (p < 0.005). In contrast, the TC/CC genotypes of rs2290400 and rs1103577 were associated with an elevated NSCLC risk (p < 0.0001). Based on the analysis of genetic models, minor alleles of rs8067378, rs2305480 and rs77681114 were related to reduced risk of NSCLC (p < 0.05); whereas rs2290400 and rs1103577 were related to increased risk (p < 0.01).
Conclusion: Our findings provided new insights into the roles of pyroptosis-related genes in NSCLC, as well as new factors to be considered for assessing the risk of developing this cancer.
Keywords: non-small cell lung cancer (NSCLC), pyroptosis, gasdermin (GSDM), absent in melanoma 2 (AIM2), polymorphisms
INTRODUCTION
The incidence and mortality of lung cancer are stubbornly high in spite of the great effort put into the related field, with approximately 1.3 million deaths worldwide each year (Siegel et al., 2021). Nearly 85% of all lung cancer patients were diagnosed with non-small cell lung cancer (NSCLC) (Jonna and Subramaniam, 2019), including the following three pathological types (Wu et al., 2021): most of lung adenocarcinoma originates from the bronchial mucosal epithelium, squamous cell carcinoma mostly originates in the larger bronchi, and large cell carcinoma often occurs in the upper lobe of the lung (Rodriguez-Canales et al., 2016). Although there are many ways to treat lung cancer, including surgery, radiotherapy, targeted drugs and chemotherapy, lung cancer is still a major challenge to human health and life around the world because of its high metastasis, high recurrence and low cure (Jones and Baldwin, 2018). According to statistics, approximately 40% and 60% of patients with stage I and II NSCLC still die from distant metastases within 5 years in patients undergoing tumor resection surgery (Torre et al., 2016). Therefore, early detection and prevention of NSCLC are crucial for improving the survival rate of the patients. Investigation of single-nucleotide polymorphisms (SNPs) in driver genes has proven to be a potential strategy to elaborate the hereditary susceptibility to NSCLC (Feng et al., 2020; Luo et al., 2021). Combination of the SNPs strategy and nowadays tumor related research hotspot might generate novel significative genotyping data and provide theoretical basis for early prevention of the disease.
Pyroptosis was first proposed to describe the process of programmed cell death caused by Salmonella infection of macrophages leading to their inflammatory death (D’Souza and Heitman, 2001). Pyroptosis can protect cells from infection by eliminating pathogen host cells and triggering an inflammatory response, with the symptoms of cell swelling, nuclear clotting, membranolysis, and the secretion of inflammatory cytokines and damage-related molecular patterns (Man and Kanneganti, 2016). Pyroptosis has been considered as a Caspase-1/11-induced programmed cell death, but the specific mechanism of Caspase-induced pyroptosis has been studied for a long time until the role of gasdermin (GSDM) family was revealed (Case et al., 2013; Li et al., 2020). It has been found several members in GSDM family, including GSDMA/B/C/D/E and DFNB59 (Broz et al., 2020). The GSDMs could be cleaved and activated by protease and then mediating pyroptosis, the GSDMB and GSDMC were processed by Caspase-3/6/7/granzyme A and Caspase-8 into their active form, respectively (Wang et al., 2017). GSDMB is high expressed in several types of cancers, and its expression level is related with poor prognosis of patients (Li et al., 2020). Overexpression of GSDMC also has relativity with a bad outcomes of lung adenocarcinoma patients (Wei et al., 2020). Moreover, inflammasome absent in melanoma 2 (AIM2) can recruit and activate Caspase-1, subsequently enhance the release of interleukin (IL)-1β and IL-18, and finally induce the pyroptosis (Sharma et al., 2019). The high expression of AIM2 has been found in NSCLC tissues, and functioned as an oncogene by influencing the formation of inflammasome (Zhang et al., 2019). However, little study focused on the SNPs in GSDMB, GSDMC, and AIM2 among patients with NSCLC.
Considering the above research background, we finally focused on six SNPs in GSDMB, GSDMC, and AIM2 based on previous studies. The rs8067378 (Li et al., 2022) and rs2305480 (Karunas et al., 2021) in GSDMB were found to be protective SNPs for cervical squamous intraepithelial lesion and asthma, respectively; while GSDMB-rs2290400 was correlated with asthma combined with allergic rhinitis (Karunas et al., 2021). Moreover, GSDMC-rs77681114 was related to reduced risk of lumbar disc herniation (Wu et al., 2020). In addition, AIM2-rs1103577 has been found protective role on risk of tuberculosis (Figueira et al., 2021), and rs2298803 in AIM2 was investigated in patients with rectal cancer and have no correlation with adverse events of postoperative chemoradiotherapy (Chen et al., 2023). We distinguished the alleles and genotypes of these SNPs in our study cohort, and made a disease risk prediction using genetic model analysis.
MATERIALS AND METHODS
Participants
We enrolled 650 patients with histopathologically diagnosed NSCLC and 650 healthy controls for this case-control study. Each of the participants was recruited from Shanxi Province Cancer Hospital. There were no previous treatments for any of the cases, and all were newly diagnosed. Blood donors without a history of cancer, immune disorders, or serious diseases were used as controls. We obtained written informed consent from each subject, and the study was approved by the Ethics Department of Shanxi Province Cancer Hospital and was carried out in accordance with the World Medical Association Declaration of Helsinki: Ethical Principles for Medical Research Involving Human Subjects.
Genotyping
Five milliliters of whole blood was collected from each subject in tubes containing ethylenediaminetetraacetic acid. DNA was extracted using a QIAamp DNA Blood Midi Kit (QIAGEN, Germany). Spectrometry (DeNovix DS-11FX Ultramicro spectrophotometer, United States) was used to measure the DNA concentration. Primers were designed using Sequenom MassARRAY Assay Design 3.0 software. The primers used for this study is listed in Table 1. SNP genotyping was performed on a Mass ARRAY iPLEX platform (Sequenom, San Diego, CA, United States) according to the manufacturer’s instructions. Assay design and mass spectrometric genotyping were performed as previously described (Gabriel et al., 2009).
TABLE 1 | PCR primers used for this study.
[image: Table 1]Statistical analyses
The statistical analyses were carried out using SPSS package version 20.0 (SPSS, Chicago, IL, United States). The chi-square test was used to compare the gender and smoking status, and the Student t-test was used to compare the age between cancer patients and healthy subjects, respectively. Controls were checked for deviations from Hardy-Weinberg equilibrium (HWE) by measuring minor allele frequencies (MAFs). SNPstats (https://www.snpstats.net/start.htm) was used to evaluate the associations between SNPs and NSCLC risk, and the results are presented in odds ratios (ORs) and 95% confidence intervals (CIs) with adjustments for sex, age and smoking status. Statistical significance was established when p < 0.05.
RESULTS
Table 2 shows the sex, age, and smoking status of the participants. Sex, age, and smoking status did not differ significantly between case and control groups (p > 0.05). Adenocarcinoma, squamous cell carcinoma, adenosquamous carcinoma, and large cell lung cancer account for 50.5%, 41.1%, 4.4%, and 4.0% of NSCLC cases, respectively.
TABLE 2 | The demographic characteristics of the participants.
[image: Table 2]The gene location information of candidate SNPs and their MAFs in cases and controls are listed in Table 3. Rs2305480 was a missense variant and led to a changed amino acid Pro > Ser, rs77681114 was a synonymous variant (Asn > Asn), other SNPs were intron, downstream or non-coding transcript variant. All SNPs matched HWE (p > 0.05). Three beneficial SNPs, rs8067378, rs2305480 and rs7768114, were significantly associated with a significantly lower risk of NSCLC after comparing the MAFs between cases and controls (rs8067378: OR = 0.666, 95% CI: 0.548–0.810, p = 0.00004; rs2305480: OR = 0.663, 95% CI: 0.549–0.802, p = 0.00002; rs77681114: OR = 0.751, 95% CI: 0.617–0.913, p = 0.00401). As well, two additional SNPs, rs2290400 and rs1103577, were linked to increased NSCLC risk (rs2290400: OR = 1.540, 95% CI: 1.296–1.830, p < 0.00001; rs1103577: OR = 1.497, 95% CI: 1.263–1.774, p < 0.00001).
TABLE 3 | The MAF and HWE of candidate SNPs between NSCLC cases and healthy controls.
[image: Table 3]Table 4 shows the genotype frequencies of candidate SNPs. It was considered that the wild type genotype was the reference genotype. On the basis of the genotype frequencies of SNPs in cases and controls, the OR and 95% confidence interval were calculated for homozygous mutation genotypes and heterozygous mutation genotypes. There was a significant decrease in risk of NSCLC for the AG and GG genotypes of rs8067378 compared to the wild type AA (p = 0.0001). Similarly, the GA and AA genotypes of rs2305480 (p < 0.0001) and rs77681114 (p = 0.0025) were also determined to be protective genotypes for NSCLC. In contrast, the TC/CC genotypes of rs2290400 and rs1103577 were associated with different levels of elevated NSCLC risk (p < 0.0001).
TABLE 4 | Genotype frequency distributions between NSCLC cases and healthy controls.
[image: Table 4]Furthermore, we introduced three classical genetic models—dominant, recessive, and log-additive—so we could better evaluate SNPs’ impact on NSCLC risk. Table 5 shows five SNPs that increase or decrease the risk of the disease. All three genetic models showed reduced risk of NSCLC for minor alleles of rs8067378, rs2305480, and rs77681114; while rs2290400 and rs1103577 showed increased risk of the disease (p < 0.01).
TABLE 5 | Association between SNPs and NSCLC risk in genetic models.
[image: Table 5]Finally, the participants were divided into four subgroups according to the age and smoking status (Table 6). The rs8067378, rs2305480, and rs2290400 remained significant in each subgroup (p < 0.05). However, rs77681114 had no protective influence on the NSCLC in smokers (p > 0.05), and rs1103577 was not linked to NSCLC risk in nonsmokers (p > 0.05). Finally, we also looked at the connection between SNPs and risk of disease in patients with adenocarcinoma and squamous cell carcinoma, respectively (Table 7). All of the SNPs remained significant except rs2305480 (p < 0.05). The rs2305480 had no protective role for risk of squamous cell carcinoma (p > 0.05).
TABLE 6 | Associations of candidate SNPs with NSCLC risk in four subgroups.
[image: Table 6]TABLE 7 | Association between Candidate SNPs and risk of Adenocarcinoma and Squamous cell carcinoma.
[image: Table 7]DISCUSSION
Pyroptosis is a new type of programmed cell death, which has been widely studied in various diseases in recent years, and the importance of this pathway to regulate tissue development and homeostasis has also received attention (Jia et al., 2023). Pyroptosis -related factors have a dual mechanism of promoting or inhibiting tumorigenesis, and can affect tumor progression by modulating malignant phenotypes such as cell morphology, proliferation, invasion, migration, and chemotherapy tolerance through multiple molecular signaling pathways, and may affect a patient’s prognosis (Frank and Vince, 2019). In our study, we identified five SNPs associated with increased or reduced risk of NSCLC associated with the pyroptosis-related genes GSDMB, GSDMC, and AIM2, which may shed light on the relationship between pyroptosis and NSCLC pathogenesis, as well as provide theoretical foundations for detecting and preventing the disease early.
GSDMB, located at 17q21, encodes the GSDMB that participate in pyroptosis as a key molecule. Ding’s group reported that GSDMB could be cut by Caspase-1 and released the N-terminus domain that induce cell pytoptosis (Ding et al., 2016), while Chen’s team demonstrated that GSDMB could not form pores on cytomembrane, but promoted non-classical pyroptosis through an enhancement of caspase-4 activity (Chen et al., 2019). With the research development, Chao’ lab argued that GSDMB could not be the substrate for human Caspase-1/4/5/11 due to lacking of the specific interdomain, but it could be cleaved by Caspase-3/6/7, which indicating that an apoptosis-pyroptosis cross-talk may be occurring (Chao et al., 2017). Also, lots of studies have shown that the genetic polymorphisms were linked to risk of autoimmune disease. Imraish et al. (2022) reported that GSDMB-rs7216389 has potential influence on IgE levels of patients with asthma in Jordanian population. Shamsi et al. (2023) reported that GSDMB-rs4795400, rs2305479, and rs12450091 were associated with risk of allergic rhinitis. As for cancer studies about GSDMB polymorphisms, Lutkowska et al. (2017) found that rs8067378 A>G variant may elevate the expression of GSDMB and increased the risk of the cervical squamous cell carcinomas in a Polish population, while Li et al. (2022) further reported that rs8067378 was a risk-reducing variant for cervical squamous intraepithelial lesion. We for the first time identified that a declined NSCLC risk was correlated with rs8067378 and rs2305480 in GSDMB, whereas an increased risk was associated with rs2290400. These results provided new evidence for the involvement of GSDMB in development and progression of NSCLC, while the molecular mechanism needed to be further explored. It is worth noting that rs2305480 is a missense variant and leads to Pro > Ser. Pro is a non-polar and hydrophobic amino acid, while Ser is a polar uncharged amino acid. We supposed that rs2305480 may has an effect on the progression of the disease through changing the conformation of GSDMB and its function in cell pyroptosis.
It has recently been revealed that GSDMC plays a role in cell pyroptosis as a member of the GSDM family. Hou’s group found that Caspase-8 can cut GSDMC in hypoxic breast cancer cells, and its expression level was mediated by the PD-L1, following by TNF-α induced pyroptosis (Hou et al., 2020). Moreover, Miguchi et al. established that an increase in GSDMC expression was linked to mutations in TGF-β receptor type II, and leading to a promotion of cell growth in colorectal cancer and xenograft tumor volum in vivo (Miguchi et al., 2016). A similar tumor-promoting role in lung adenocarcinoma was demonstrated by Wei’s Lab, upregulation of GSDMC was linked to poor outcomes, making it be a promising target for the disease (Wei et al., 2020). Furthermore, Yan’s group pointed that GSDMC functioned as an oncogene that promoting the cell proliferation and migration in pancreatic adenocarcinoma (Yan et al., 2022). In these studies, it was demonstrated that GSDMC played a crucial role in cancer development, especially in pyroptosis. However, little study focused on the genetic polymorphisms in GSDMC. Among Chinese Han, Wu et al. found that GSDMC-rs77681114 significantly decreased risk of lumbar disc herniation (Wu et al., 2020). We demonstrated that the variant rs77681114G>A is protective against NSCLC. However, smokers were not significantly affected by rs77681114 in a stratification analysis. We supposed that the protective role of this variant might be neutralized with cigarette smoking in NSCLC patients, while the hypothesis and detailed mechanisms should be verified and investigated in further studies.
AIM2 belongs to a family of inflammasomes and function as an intracellular DNA receptor that recognize double-stranded DNA released into the cytoplasm, activate downstream related effector proteins and induce cell pyroptosis (Wang et al., 2020). In addition to activating inflammasomes for immune function, studies have found that AIM2 also has the dual effects of promoting or inhibiting cancer development. Choubey et al. (2000) firstly reported the tumor suppressor role of AIM2, upregulation of AIM2 inhibited the cell proliferation and enhanced cell death in melanoma. Moreover, AIM2 was low expressed and played a tumor-inhibiting role in colon, liver, renal, breast and prostate cancers (Qin et al., 2022). In contrast, Farshchian et al. (2017) revealed a pro-tumorigenic role of AIM2, downregulation of AIM2 reduced the viability and invasion of cutaneous squamous cell carcinoma. Zhang et al. (2019) and Qi et al. (2020) also reported the oncogenic role of AIM2 in NSCLC through the inflammasome and modulation of mitochondrial dynamics, respectively. According to our understanding, few study focused on the AIM2 polymorphisms and cancer risk. We genotyped two SNPs, rs1103577, and rs2298803 in AIM2, and observed that rs1103577T>C was a risky variant for NSCLC. A subgroup analysis revealed that rs1103577T>C increased NSCLC risk in smokers but not in non-smokers, suggesting that rs1103577 may have interaction with smoking in the onset or development of NSCLC. The results provided an important detection site for early prevention of NSCLC.
In an association study, population stratification may lead to false positive or negative results. Thus, we stratified our analysis according to age and smoking status. Smokers and nonsmokers exhibited different results for GSMDC-rs77681114 and AIM2-rs1103577, suggesting that these two variants might interact with smoking in NSCLC progression. In addition, we also evaluated the association of candidate SNPs and different pathological type of NSCLC. The GSDMB-rs2305480 was a protective variant for adenocarcinoma, but not for squamous cell carcinoma, which could be explained by the different pathogenesis between the two pathological types of NSCLC.
Although the present study revealed the association between pyroptosis-related genes and NSCLC, there are also some potential limitations. Firstly, history of other lung diseases and family history of cancer might have associations with risk of the NSCLC; however, we have no related information to analyze, because the participants were collected in a very long time period, we did not design the factors from the very beginning. Secondly, the SNPs identified here could only represent the Chinese Han population, further validation study need to be done in other populations. Thirdly, our results needed to be further validated in functional studies.
In conclusion, we demonstrated that GSDMB-rs8067378, rs2305480, and GSMDC-rs77681114 were linked to a reduced NSCLC risk, while GSDMB-rs2290400 and AIM2-rs1103577 were related to an increased risk of the disease. Our findings provided new insights into the roles of pyroptosis-related genes in NSCLC, as well as new factors to be considered for assessing the risk of developing this cancer.
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Objectives: Lung cancer (LC) is one of the most prevalent cancers with the highest fatality rate worldwide. Long noncoding RNAs (lncRNAs) are being considered potential new molecular targets for early diagnosis, follow-up, and individual treatment decisions in LC. Therefore, this study evaluated whether lncRNA expression levels obtained from exhaled breath condensate (EBC) samples play a role in the occurrence of metastasis in the diagnosis and follow-up of patients with advanced lung adenocarcinoma (LA).
Methods: A total of 40 patients with advanced primary LA and 20 healthy controls participated in the study. EBC samples were collected from patients (during diagnosis and follow-up) and healthy individuals for molecular analysis. Liquid biopsy samples were also randomly obtained from 10 patients with LA and 10 healthy people. The expression of lncRNA genes, such as MALAT1, HOTAIR, PVT1, NEAT1, ANRIL, and SPRY4-IT1 was analyzed using cfRNA extracted from all clinical samples.
Results: In the diagnosis and follow-up of patients with LA, lncRNA HOTAIR (5-fold), PVT1 (7.9-fold), and NEAT1 (12.8-fold), PVT1 (6.8-fold), MALAT1 (8.4-fold) expression levels were significantly higher than those in healthy controls, respectively. Additionally, the distinct lncRNA expression profiles identified in EBC samples imply that decreased ANRIL–NEAT1 and increased ANRIL gene expression levels can be used as biomarkers to predict the development of bone and lung metastases, respectively.
Conclusion: EBC is an innovative, easily reproducible approach for predicting the development of metastases, molecular diagnosis, and follow-up of LC. EBC has shown potential in elucidating the molecular structure of LC, monitoring changes, and discovering novel biomarkers.
Keywords: lung cancer, cfRNA, lncRNA, ebc, biomarker
INTRODUCTION
Lung cancer (LC) is among the most common causes of mortality worldwide, accounting for 18.0% of all cancer deaths. The latest global cancer data indicated that the cancer burden increased to 19.3 million new cases and 10.0 million cancer deaths in 2020 and accounting for 2.21 million new cases and 1.80 million cancer deaths (Ferlay et al., 2021). LC is divided into two main classes: small-cell lung cancer (SCLC) and non-small-cell lung cancer (NSCLC). SCLC is the fastest growing and metastasizing kind of LC, accounting for 10%–15% of all cases, and NSCLC represents for 85%–90%. Adenocarcinoma, squamous cell carcinoma, and large-cell carcinoma are the most prevalent NSCLC subtypes (Hirsch et al., 2017). The adenocarcinoma subtype constitutes 40% of this group. Two-thirds of patients with LC are detected at an advanced stage, limiting the surgical therapeutic options (Shah and Masters, 2020). Immunotherapy and targeted medicines have been developed based on histology and molecular analysis in recent years, which have shown clinical benefits in patients with NSCLC (Shroff et al., 2018). Despite the development of new treatments, 5-year survival rates ranged from 15% to 20%, depending on the cancer stages (Lung Cancer Survival Rates). Drug resistance, metastasis development, and recurrence are defined as major factors that prevent the patients’ survival. Therefore, the identification of molecular mechanisms of these factors has become the main goal nowadays (Shroff et al., 2018).
While cancer has traditionally been defined as a set of diseases caused by accumulating genetic mutations as major causes of neoplasia, this paradigm has now been expanded to include the disruption of epigenetic regulatory mechanisms commonly occurring in cancer (Gutschner and Diederichs, 2012). Similar to genetic changes, epigenetic events affect almost every stage of tumor development. Understanding the epigenetic changes associated with cancer onset, progression, and metastasis is critical to improving our ability to successfully diagnose, treat, and prevent.
Noncoding RNAs are involved in epigenetic regulation through transcriptional and posttranscriptional mechanisms (Ferreira and Esteller, 2018). Long noncoding RNAs (lncRNAs) play important cellular and physiological roles, such as chromatin dynamics, proliferation, differentiation, developmental regulation, and gene expression (Li et al., 2014). The specificity of lncRNA expression attests to its essential roles in regulating organismal function and repairing pathological processes (Smolarz et al., 2021). The lncRNA properties, such as tissue or cellular specificity and regulation of gene expression at transcriptional and posttranscriptional levels, suggest that lncRNAs may be important in the formation of malignant tumors. Additionally, some lncRNAs are regulated by oncogene products or cancer transformation suppressors, indicating that they indirectly fulfill tumorigenic functions (Huarte, 2015).
Current findings have implicated aberrantly expressed lncRNAs such as MALAT1, HOTAIR, PVT1, NEAT1, ANRIL, and SPRY4-IT1 in the development and progression of numerous malignancies, including LC. Additionally, these lncRNAs can be used as biomarkers for cancer diagnosis, prognosis, and follow-up (Gutschner and Diederichs, 2012; Hu et al., 2016; Sun et al., 2016; Wang et al., 2021; Zeng et al., 2021). Identification and characterization of lncRNAs have opened a new era in cancer management. lncRNAs can serve as cancer biomarkers for developing new diagnostic tools and the prediction of prognosis and as potential targets for new cancer treatment strategies. The expression of particular lncRNAs is a distinguishing feature of different tissues and even individual cells. Although only a few lncRNAs are typically found in the body, the majority of individuals have extremely high concentrations of them. The lncRNAs that are tissue- or cell-specific have drastically reduced levels of expression (Jiang et al., 2016).
Tumor tissue biopsies, which are considered the gold standard, are crucial for detecting molecular alterations that must be examined to make the correct diagnosis and treatment decisions throughout the disease progression. However, this type of biopsies has restrictions, as they are invasive and insufficient for revealing the real-time molecular structure and monitoring changes in disease. To repeat and monitor these molecular analyses, novel noninvasive analysis methods are required. In this context, liquid biopsy is the most promising technique. Liquid biopsy samples, the first noninvasive procedure, contain nucleic acids (cell-free DNA and RNA [cfDNA and cfRNA]) that are freely circulating outside the cell. Nowadays, cfDNA and cfRNA analyses are employed as a noninvasive tool for identifying multiple genetic alterations associated with cancer, which is, therefore, being recognized as an alternative material widely used for early cancer diagnosis and targeted treatment decisions (Sorber et al., 2017). Current advances in the analysis of lncRNA processes in liquid biopsies make these molecules important clinical targets for cancer treatment (Schmitt and Chang, 2016). The introduction of personalized treatment options and immunotherapy because of advancements in molecular oncology is the driving force behind efforts to improve molecular biomarker tests and liquid biopsy, specifically in detecting these biomarkers.
Exhaled breath condensate (EBC) samples are an additional noninvasive approach investigated in recent years to determine the real-time and repeatable molecular structure of LC. EBC is a sample matrix consisting of aerosolized droplets from the alveolar fluid that are further diluted in the distal and proximal respiratory tracts and collected by condensation during tidal breathing (Davis et al., 2012). Due to its compound composition, EBC can be used to diagnose LC. EBC samples can yield components, such as protein, DNA, RNA, and volatile organic chemicals. EBC biomarkers are found in the respiratory air because of direct breathing. They are also directly implicated in the metabolic activities of cancer cells and provide the opportunity for genomics, transcriptomics, epigenomics, proteomics, and metabolomics examinations (Campbell et al., 2008). With the advancements in technologies, genetic analysis studies can be conducted using EBC samples and liquid biopsies in LC (Tetik Vardarli et al., 2020). The concordance of DNA and RNA analysis results from the liquid biopsy and EBC samples demonstrates that EBC is a promising noninvasive approach for LC molecular diagnosis and follow-up. Therefore, this study determined whether the expression profiles of certain lncRNAs, which are candidates for new molecular targets in the diagnosis, follow-up, and individual treatment decisions of LC, could be detected in EBC samples. Moreover, the use of MALAT1, HOTAIR, PVT1, NEAT1, ANRIL, and SPRY4-IT1 expression levels detected in cfRNA from EBC samples was also investigated for the molecular diagnosis and follow-up of LC.
MATERIALS AND METHODS
Study population
This case-control study included 40 primary adenocarcinoma patients (stage IIIB or IV) with 1–3 synchronous metastases and without metastases, who were being followed up in the Chest Diseases Department of Ege University Medical School between 2021 and 2022. Adenocarcinoma was diagnosed in the Pathology Department of Ege University Medical School in Izmir, Türkiye. This study also included 20 age- and gender-matched healthy individuals. The control participants were recruited from healthy volunteers without a history of cancer. The difference between two independent means (two groups) approximation was used for sample size calculation. The effect size between the two groups (cancer patients and healthy individuals) was calculated to be 0.7146, and the post hoc power was achieved to be 0.82. Detailed demographic and clinical characteristics were recorded for patients and healthy controls. The Institutional Medical Investigation Ethics Committee accepted the study protocol (21-7T/27), and all participants provided written informed consent.
Clinic sample collection
EBC samples (Visit 0) were taken from 40 patients diagnosed with advanced stage (III and IVB) lung adenocarcinoma (LA) and 20 healthy individuals in the control group. Furthermore, peripheral blood samples were obtained at Visit 0 from 10 randomly selected patients with LA and one of every two individuals in the healthy control group to demonstrate the correlation of lncRNA expression levels in cfRNA samples obtained from EBC with liquid biopsy samples. Furthermore, EBC (Visit 1) samples were also collected from 26 patients diagnosed with LA during the third month of the follow-up.
EBC sample collection
EBC samples (2 mL) were collected from patients and placed in a DNA- and RNA-free 15-mL tube with a homemade glass EBC condenser, as described in our previous study (Tetik Vardarli et al., 2020).
Liquid biopsy collection
Peripheral blood was taken from patients included in this study in tubes with 4 mL ethylenediaminetetraacetic acid. Blood samples were centrifuged at 2000 × g for 10 min at 4°C within 2 h, and plasma samples were separated and transferred to a new centrifuge tube.
RT-PCR analysis
cfRNA was extracted from EBC and plasma specimens of patients and healthy individuals using Norgen Total RNA Purification Kit (Norgen Biotek Corp.) according to the manufacturer’s instructions. cfRNA concentrations were measured using a Nanodrop 1000 instrument (Thermo Scientific). Then, cfRNAs were reverse transcribed into cDNA using the Transcriptor First Strand cDNA Synthesis Kit (Roche Applied Science) according to the manufacturer’s protocols. The quantitative real-time RT-PCR method was used to determine MALAT1, HOTAIR, PVT1, NEAT1, ANRIL, and SPRY4-IT1 lncRNA expression levels using RT2 SYBR Green qPCR Mastermix Kit (Roche) and gene-specific primers (Table 1) via LightCycler 480 Instrument II (Roche, Switzerland). GAPDH, a housekeeping gene, was used for normalization.
TABLE 1 | lncRNA primer sequences.
[image: Table 1]Statistical analysis
In lncRNA expression analysis, cycle threshold (CT) values obtained from the LC480 device were uploaded to the web-based online GeneGlobe Data Analysis Center (https://geneglobe.qiagen.com/us/analyze) software, normalized by the GAPDH gene expression, applied log2 transformation, and paired comparison of the groups. It was carried out in the same software with the 2−ΔΔCT method. After comparisons, those with significant lncRNA expression fold change ± two-fold and above and p < 0.05 with Student’s t-test were listed in the web software. Additionally, comparative heat maps of the groups and correlation between EBC and liquid biopsy were performed with linear regression analysis in GraphPad Prism v.9.2. The importance of differentiated lncRNA expression analyses during the diagnosis using EBC and in reflecting the clinical outcomes of patients with LC was evaluated. The concordance among EBCs was interpreted using clinical data.
RESULTS
Epidemiological and clinical findings of patients
The study included 20 healthy participants (10 F and 10 M) who had never been diagnosed with cancer and 40 patients with LA (11 F and 29 M). The average ages of patients diagnosed with LA and healthy control groups were 61.98 ± 9.59 (range: 40–79) and 60.20 ± 6.85 (range: 42–72) years, respectively. The patient characteristics with clinical samples collected during the study are displayed in Table 2.
TABLE 2 | Demographic and clinical characteristics of patients with lung adenocarcinoma and the control group.
[image: Table 2]cfRNAs were successfully extracted from plasma (for liquid biopsy) and EBC samples which were taken for molecular analysis from patients (Visits 0 and 1) and healthy individuals (Visit 0).
lncRNA expression analyses
The qRT-PCR method was used to investigate the role of EBC materials in determining lncRNA expression levels in the diagnosis and follow-up of LA. MALAT1, HOTAIR, PVT1, NEAT1, ANRIL, and SPRY4-IT1 lncRNA gene expression levels were evaluated in cfRNA obtained from patients with LA and healthy individuals.
Fold changes of specific lncRNAs associated with proliferation and metastasis in NSCLC were determined by comparing patients diagnosed with LA and the control group at Visits 0 and 1. These findings revealed the expression levels of some lncRNAs that function as oncogenes in the LC process, namely, HOTAIR, PVT1, NEAT1, and MALAT1, were significantly increased in EBC samples of the patient group. The lncRNAs showing the supreme increases at Visit-0 and Visit-1 in LA patients were identified as HOTAIR (5 fold, p = 0.004796), PVT1 (7.9 fold, p = 0.038149) and NEAT1 (12.8 fold, p = 0.009698), PVT1 (6.8 fold, p = 0.0493069), MALAT (8.4fold, p = 0.041893), respectively (Table 3; Figure 1).
TABLE 3 | Fold changes of lncRNA expressions detected at Visits 0 and 1 compared with the control group in EBC samples.
[image: Table 3][image: Figure 1]FIGURE 1 | The fold changes in lncRNA expression levels were compared between EBC samples from patients at Visit 0 and Visit 1, and the control group.
To determine the roles of these lncRNAs in the follow-up of LA, specific lncRNA expression levels detected in EBC samples obtained from 26 patients diagnosed with LC at Visit 1 were compared with expression levels detected at Visit 0; our results reveal that NEAT1 expression level increased two-fold from Visit 0 to Visit 1 (p = 0.017159 [Table 4; Figure 2]).
TABLE 4 | Fold changes of lncRNA expressions detected at Visit 1 compared with Visit 0 of EBC samples.
[image: Table 4][image: Figure 2]FIGURE 2 | Displaying the expressions of lncRNAs in EBC samples of patients with NSCLC at Visits 0 and 1. (A) Illustration of a heatmap representing the 2-ΔΔCT changes in lncRNA expressions of Visit 0 EBC samples compared to the control group. (B) Displaying a heatmap representing the 2-ΔΔCT changes in lncRNA expressions of Visit 1 EBC samples compared to the control group.
To evaluate the significance of lncRNAs in LA development, the expression patterns of lncRNAs in plasma samples from 10 patients with LA and 10 healthy individuals with qRT-PCR were also investigated. When we examined the lncRNA expression levels at Visit 0, only the MALAT1 expression level obtained from the plasma samples was nine-fold higher in the patient group compared with the control group (p < 0.001 [Table 5; Figure 3]). To assess whether the lncRNA expression levels in EBC and plasma samples from patients with LC are consistent with one another, the expression levels found in EBC and plasma specimens were collected during Visit 0. However, no concordance was observed in the lncRNA expression levels between the two groups (p > 0.05).
TABLE 5 | Fold changes of lncRNA expression levels at Visit 0 compared with the control group in plasma samples.
[image: Table 5][image: Figure 3]FIGURE 3 | Illustration of the fold changes in lncRNA expression levels between Visit 1 and Visit 0 of EBC specimens. (A) Presenting a comparison of lncRNA expression levels at Visit 1 in EBC samples versus Visit 0. (B) Demonstration of a comparison of 2-ΔΔCT values for lncRNA expressions at Visit 1 in EBC samples compared to Visit 0.
Specific lncRNAs are highly dysregulated in various cancers and induce tumor progression and metastasis. The expression levels of specific lncRNAs in EBC samples taken from patients with LA with and without metastasis were compared at Visit 0 to evaluate the roles of MALAT1, HOTAIR, PVT1, NEAT1, ANRIL, and SPRY4-IT1 expression in the development of metastasis. Our findings showed that PVT1 expression levels decreased by two-fold in patients with organ metastasis.
Comparison of lncRNA expression levels between patients with single or multiple organ metastases and those without metastasis revealed that HOTAIR expression level increased four-fold in patients with single organ metastasis and two-fold in those with multiple organ metastases, whereas PVT1 lncRNA expression levels decreased three-fold in those with multiple organ metastases. Changes in these lncRNA expression levels were found to be clinically significant in predicting the development of metastasis (Figure 4).
[image: Figure 4]FIGURE 4 | Depiction of the fold changes of specific lncRNAs in the plasma samples of patients with NSCLC at Visit 0. (A) Illustration of the fold changes in lncRNA expressions at Visit 0 of plasma cfRNA samples. (B) Displaying cases the 2-ΔΔCT changes in lncRNA expression of plasma cfRNA samples at Visit 0.
Comparing the lncRNA expression levels at Visit 0 based on organ involvement in patients with various organ metastases to those without metastases revealed no variation in lncRNA expression levels among patients with brain metastasis. Interestingly, we found that ANRIL and NEAT1 gene expression levels were decreased four-fold in instances with bone involvement and elevated four-fold in those with lung involvement (Figure 5).
[image: Figure 5]FIGURE 5 | Illustration of the fold changes in lncRNA expressions in organ metastasis. (A) Depiction of the fold change of lncRNA expressions in patients with different organ metastases at Visit 0. (B) Displaying fold changes of lncRNA expression according to organ involvement.
DISCUSSION
The study reveals that cfRNA extracted from EBC samples and liquid biopsy samples can be used to detect alterations in lncRNA gene expression levels for the molecular diagnosis and follow-up of LC. The development of new treatments that target molecular pathways implicated in carcinogenesis is encouraging; however, these treatments should effectively eliminate cancer cells without damaging healthy cells. To prevent difficulties associated with invasive procedures, early cancer diagnosis must depend on noninvasive, inexpensive, rapid, and reproducible techniques (You and Jones, 2012; Crowley et al., 2013; Sorber et al., 2017).
Several lncRNAs, such as MALAT1, HOTAIR, PVT1, NEAT1, ANRIL, and SPRY4-IT1, have recently been identified, particularly in cell lines, liquid biopsy, and tissue biopsy samples and have been associated with cancer pathogenesis. These findings suggest that lncRNAs provide new insights into the biology of this disease and could be used as a biomarker for early cancer detection. Consistent with other studies, we determined differentiated expression levels of lncRNAs in EBC samples from patients with LA. Additionally, HOTAIR and PVT1 (Visit 0) and NEAT1, PVT1, and MALAT1 (Visit 1) genes were overexpressed in EBC samples from patients with LA than those from healthy controls. The lncRNA gene expression profiles derived from the EBC sample can serve as both a diagnostic tool and a resource for patient follow-up. Increased HOTAIR gene expression levels have been identified as a diagnostic marker in patients with LA and lung squamous cell carcinoma in studies conducted with tumor tissue, plasma, and cell lines to determine the role of HOTAIR in NSCLC development (Wang et al., 2021; Yao et al., 2022). Yao et al. reported that HOTAIR expression is increased in LC tissues than in the control or surrounding normal tissues. Furthermore, they demonstrated an increased HOTAIR gene expression in both N and T stages. LncRNA HOTAIR has adequate diagnostic values for diagnosing LC (Yao et al., 2022). Similarly, HOTAIR gene expression was upregulated 5-fold and 5.5-fold in EBC samples from the patient group compared with the healthy control at Visits 0 and 1, respectively. HOTAIR seems to be an oncogene that plays a critical role in tumor progression. This study also shows that the HOTAIR gene expression profiles found in EBC samples are valuable for directing the molecular diagnosis of LC.
PVT1, an lncRNA, has been the focus of some preliminary studies in its potential function in NSCLC. PVT1 expression is higher in NSCLC tissue samples and cell lines, and PVT1 knockdown inhibits NSCLC cell proliferation, migration, and invasion (Wei et al., 2020; Wang et al., 2021). Additionally, Chen et al. revealed that A549 cells were made more sensitive to cisplatin after PVT1 was knocked down (Chen et al., 2019). Similarly, a higher expression pattern of the PVT1 gene in EBC samples of the patients was observed between both visits compared to healthy controls. We suggest that elevated PVT1 levels detected in EBC samples can be used as a diagnostic biomarker for NSCLC. These results lend support to the lncRNA analysis of EBC samples as a noninvasive method for detecting biomarkers in LA, as the lncRNA gene expression profile was shown to be similar to those of in vivo and ex vivo studies.
Several studies have profiled NEAT1 gene expression and its clinicopathological importance in NSCLC. Pan et al. reported that relative NEAT1 levels were considerably higher in NSCLC tissues than in nearby noncancerous lung tissues. Other studies also found a positive correlation between patient age and the presence of vascular invasion, lymph node metastases, and stage at diagnosis (Pan et al., 2015). Hu et al., (2016) reported that the levels of circulating NEAT1 were significantly higher in the plasma of patients with NSCLC. In a recent study that evaluated the effects of lncRNAs in plasma samples from 50 patients with NSCLC and 50 healthy individuals, researchers discovered 21 distinct lncRNAs and reported that SPRY4-IT1, ANRIL, and NEAT1 levels were significantly higher than those of other lncRNAs. It was emphasized that these three lncRNAs could serve as biomarkers for the early detection of NSCLC. Sun et al., (2016) also demonstrated that NEAT1 levels are elevated in patients with NSCLC, increasing cell proliferation and metastasis and inhibiting tumor cell death. Furthermore, they revealed that patients with elevated NEAT1 levels had lower overall survival than those with low NEAT1 gene expression, and that elevated NEAT1 levels accelerated NSCLC cell proliferation and metastasis in vitro and in vivo. Both the diagnosis and follow-up of patients with LA showed elevated NEAT1 gene expression levels, which is consistent with the findings of earlier studies. These data suggest that NEAT1 can be one of the recently found regulators of the NSCLC progression. The lncRNA MALAT1 is a type of lncRNA greatly overexpressed in many tumors, including NSCLC. However, the mechanism of MALAT1 in NSCLC remains unclear. Several studies have shown that MALAT1 is significantly upregulated in human NSCLC cell lines and patients with LC. The findings demonstrated that MALAT1 overexpression is closely associated with NSCLC malignancy, vascular invasion, pathological differentiation, and recurrence and can be used as a biomarker to diagnose malignant tumors (Weber et al., 2013; Rong et al., 2020). To assess MALAT1’s utility as a blood-based biomarker for NSCLC, Weber et al. compared the expression levels of MALAT1 in peripheral blood samples from patients with NSCLC and healthy individuals and discovered differences between the two groups (Weber et al., 2013). Rong et al., (2020) also suggested that MALAT1 levels in serum exosomes are higher in patients with NSCLC and that exosome-derived MALAT1 also reflect biological changes in NSCLC cells. Similarly, Zhang et al., (2017) reported that MALAT1 expression was upregulated in serum exosomes of patients with NSCLC and that exosomal MALAT1 level was positively correlated with tumor stage and lymph node metastasis. To demonstrate a correlation between variations in the lncRNA expression levels in EBC and the related plasma samples, lncRNA expression analysis was performed on liquid biopsy samples from both patients with LA and the control group. We found that the MALAT1 lncRNA expression was altered in both groups, although no concordance was noted in the expression levels. Liquid biopsy provides the opportunity to detect and monitor cancer in various body fluids by detecting free circulating tumor cells, circulating tumor DNA and RNA fragments, and exosomes (Sorber et al., 2017). It is advantageous in reducing the harm of biopsy by noninvasive sampling and is of great importance for the early detection of cancer; however, a study reported that the low lncRNA expression level in the blood may complicate sensitive analysis (Weber et al., 2013). We hypothesize that the late entry and reduced tumor cell expression in the blood circulation can cause difficulty in recognizing a significant correlation between the results. We estimate that the molecular profile obtained from EBC samples in patients diagnosed with NSCLC reflects the molecular profile of tissue specimens more accurately. These results suggest that MALAT1 gene expression levels in EBC samples, in addition to the tumor tissue, peripheral blood, and serum exosomes, can be used as a tumor biomarker for the diagnosis and follow-up of NSCLC.
Hu et al., (2016) reported that SPRY4-IT1 gene is overexpressed in the plasma of patients with NSCLC compared with healthy volunteers, and the amplification of SPRY4-IT1 in the plasma of patients with NSCLC is closely related to the tumor size. Additionally, SPRY4-IT1 can be used as a biomarker for the early diagnosis of NSCLC tumor cells with a poor prognosis because of epithelial–mesenchymal transition activation by regulating the E-cadherin and vimentin expressions. However, Sun et al. suggested that the SPRY4-IT1 expression is significantly downregulated in NSCLC tissues, and specifically, decreased SPRY4-IT1 expression may be an important independent predictive factor for patients with NSCLC. They also reported that the upregulation of SPRY4-IT1 expression significantly inhibited cell proliferation, migration, invasion, and apoptosis, whereas reduced expression of SPRY4-IT1 promoted cell migration and invasion. They revealed that increased SPRY4-IT1 expression levels significantly reduced the number of metastatic nodules in the lungs in vivo (Sun et al., 2016). Similar to this study, we also found that SPRY4-IT1 lncRNA expression levels decreased four-fold and three-fold in EBC samples obtained from patients during the diagnosis (Visit 0) and treatment (Visit 1) compared with healthy individuals, respectively. These data support the hypothesis that SPRY4-IT1 downregulation may serve as a possible diagnostic biomarker for NSCLC and may play various functions not only in the diagnostic but also in the follow-up process.
To determine the clinical significance and potential role of ANRIL, Nie et al., (2015) investigated the expression levels of ANRIL in tumor and healthy tissues of 96 patients with NSCLC. They showed that ANRIL expression was increased in tumor tissues and the expression level was significantly correlated with TNM stages and tumor size. Moreover, using loss-of-function analysis in NSCLC cells, studies demonstrated that suppressed ANRIL expression can inhibit cell proliferation and induce cell apoptosis both in vitro and in vivo. These findings revealed that the ANRIL expression is associated with survival in patients with NSCLC and is critical to NSCLC development. This study shows novel perspectives on the function of lncRNA-directed carcinogenesis. A study performed with LC and cervical cancer cells reported that silencing ANRIL stops the cell cycle at the G1/G0 checkpoint and leads the cell to apoptosis. Our data show that in EBC samples collected from patients during Visit 0 and 1, ANRIL gene expression levels were eight- and four-fold higher, respectively, than that in the control group. We also determined that ANRIL expression levels in the patient group decreased by three-fold during treatment. These findings revealed that ANRIL may be a significant biomarker of adenocarcinoma progression. Low ANRIL expression levels may be associated with a favorable prognosis, given that the survival of our patients persisted throughout the study duration and the identification of decreasing ANRIL gene expression levels during the follow-up period.
Current studies indicated that lncRNAs are closely related to metastasis cancer progression and formation of various cancer types. However, the molecular basis for this observation in NSCLC advancement has not yet been thoroughly described. Zeng et al., (2021) used primary tumor and adjacent tissues from 30 patients who had not received any local or systemic therapy preoperatively and LC cell lines to investigate how PVT1 regulates tumorigenesis and NSCLC development. They found that PVT1 is upregulated in NSCLC tissues and lung cell lines and promotes NSCLC cell proliferation, migration, invasion, and metastasis. Weber et al., (2013) demonstrated that MALAT1 knockdown in NSCLC confirmed its antiproliferation, antimetastasis, and proapoptosis activities in the loss-of-function analysis in NSCLC tumor tissue and cell line models, in addition to its tumor-promoting effects in the xenograft mouse model. Our results indicate that PVT1 expression levels were two-fold lower at Visit 0 in patients with LA with diverse organ metastases. Moreover, HOTAIR gene expression is downregulated four-fold in single organ involvement and upregulated two-fold in multiorgan involvement, whereas PVT1 gene expression is downregulated three-fold. Moreover, ANRIL gene expression increased four-fold in patients with lung involvement, whereas ANRIL and NEAT1 gene expressions decreased four-fold in patients with bone metastases. Based on these results, we hypothesize that PVT1, HOTAIR, ANRIL, and NEAT1 are useful biomarkers for monitoring the development of metastasis in patients with LA. LncRNAs, which are candidates for new molecular targets in determining the early diagnosis, follow-up, and individual treatment decisions of patients with NSCLC, can also be detected by EBC within the scope of this study. In lncRNA expression analysis conducted on EBC samples derived from patients with NSCLC and healthy controls, the expression profiles of MALAT1, HOTAIR, PVT1, NEAT1, ANRIL, and SPRY4-IT1 have been found, and an association between these expression profiles and molecular pathogenesis of LC has been established. In conclusion, molecular analysis of EBC samples from patients with LC will allow us to explore the mechanisms underlying the successful diagnosis, therapy, and prevention of cancer and identify novel therapeutic targets.
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Introduction

This study aimed to elucidate the relationship between dynamic genomic mutation alteration and pseudoprogression (PsPD)/hyperprogressive disease (HPD) in immunotherapy-treated advanced non-small-cell lung cancer (NSCLC), to provide clinical evidence for identifying and distinguishing between PsPD and HPD.





Method

Patients with advanced NSCLC who were treated with anti-PD1 were enrolled. Whole blood was collected at baseline and post image progression. Serum was separated and sequenced using 425-panel next-generation sequencing analysis (NGS).





Results

NGS revealed that not only single gene mutations were associated with PsPD/HPD before treatment, dynamic monitoring of the whole-blood genome mutation spectrum also varied greatly. Mutational burden, allele frequency%, and relative circulating tumor DNA abundance indicated that the fold change after image progression was much higher in the HPD group.





Discussion

The gene mutation profiles of PsPD and HPD not only differed before treatment, but higher genome mutation spectrum post image progression indicated true disease progression in patients with HPD. This suggests that dynamic whole-genome mutation profile monitoring as NGS can distinguish PsPD from HPD more effectively than single gene detection, providing a novel method for guiding clinical immune treatment.





Keywords: next-generation sequencing analysis, pseudoprogression, hyperprogressive disease, anti-PD1 treatment, non-small cell lung cancer




1 Introduction

The widespread application of immune-checkpoint inhibitors (ICIs) in the treatment of non-small-cell lung cancer (NSCLC) has substantially prolonged patients’ overall survival (1). However, they are not always effective for the entire population. Some studies have reported that programmed death-ligand 1 (PDL1), tumor mutational burden (TMB), mismatch repair, and CD8+T cells may be potential biomarkers for efficacy prediction, whereas Janus kinase 1 (JAK1), JAK2, and beta-2-microglobulin truncation may be predictors of primary resistance (2–4). In addition to the uncertain prediction of efficacy, the immunotherapy response also differs from that of classical radiotherapy and chemotherapy. Two distinct and atypical patterns of response to ICIs are pseudoprogression (PsPD) and hyperprogressive disease (HPD). PsPD is characterized by an increase in tumor size or the appearance of new lesions after ICI treatment, followed by tumor regression (5). HPD represents a novel pattern of progression, with an unexpected and rapid increase in both tumor volume and rate (6). The conventional imaging-based efficacy evaluation model may lead to tremendous bias, engendering confusion for clinicians. Hence, iRECIST has been redefined to differentiate response patterns between immunotherapy, chemotherapy, and radiotherapy (7). However, precise methods for distinguishing between PsPD and HPD are still lacking in clinical practice, necessitating the formulation of appropriate prediction strategies in such cases.

Next-generation sequencing (NGS), also termed high-throughput or massively parallel sequencing, is a technology that facilitates simultaneous and independent sequencing of thousands to billions of DNA fragments. This method not only detects the mutations in a single gene but also analyzes the total abundance and characteristics of all gene mutations (8). Continuous NGS of patient samples before and after treatment can provide information regarding the changes in gene profiles resulting from immunotherapy. Tissue detection is accurate, but continuous testing is encumbered by the invasiveness of the specimen acquisition procedure. Blood NGS testing can partially replace tissue sample testing, as it enables continuous testing owing to the ease of obtaining specimens (9, 10).

To date, no study has examined the relationship between dynamic genomic alterations in blood and the occurrence of PsPD and HPD in patients with NSCLC who undergo immunotherapy. To date, no study has examined the relationship between dynamic genomic alterations in blood and the occurrence of PsPD and HPD in patients with NSCLC who undergo immunotherapy. It provides a transformative and practical method for predicting the clinical response of NSCLC to immunotherapy and offers individualized scheme selection of immunotherapy based on dynamic NGS detection.




2 Materials and methods



2.1 Patients

This study enrolled 14 Chinese patients who were diagnosed with NSCLC based on histopathological examination at Union Hospital, Tongji Medical College, Huazhong University of Science and Technology, between October 2018 and December 2021 and received anti-PD1 monoclonal antibody treatment. The inclusion criterion was a negative past history of cancer. An informed consent form was obtained from each participant. All patients underwent a follow-up. The clinical data were collected from the Union Hospital medical records database. The stage was classified according to the 8th edition of TNM Staging of NSCLC by the International Association for the Study of Lung Cancer. The overall study protocol was approved by the Ethics Review Board of Wuhan Union Hospital, Huazhong University of Science and Technology, and the research was conducted in accordance with relevant ethical guidelines (2018-S271).




2.2 Study design

See Figure 1.




Figure 1 | The design of this study.






2.3 Blood sample collection

A 10 mL blood sample was drawn and stored in a Cell-Free DNA Storage Tube (Streck 218962) at 25°C. Blood was centrifuged at 1,600 ×g for 10 min at 25°C to obtained plasma. Plasma was centrifuged at 1,600 ×g for 10 min at 4°C, and the supernatant was placed in a new tube. Plasma was separated from blood (no apparent hemolysis) within 72 h after blood collection and stored at −80°C until DNA isolation.




2.4 Sample preparation, DNA isolation, and sequencing


Circulating free DNA was extracted using the QIAamp Circulating Nucleic Acid Kit (QIAGEN, Hilden, Germany). Genomic DNA obtained from buccal swabs was prepared using the DNeasy Blood & Tissue kit (QIAGEN) as a control for germline mutations. DNA was quantified using the dsDNA HS Assay Kit (Life Technologies, Eugene, Oregon), according to the manufacturer’s recommendations. Sequencing libraries were prepared using the KAPA Hyper Prep Kit (KAPA Biosystems, Cape Town, South Africa), according to the manufacturer’s instructions for different sample types. Customized xGen lockdown probes (Integrated DNA Technologies, Coralville, IA, USA) targeting 425 tumor-related genes were used for hybridization enrichment (425 genes, Supplementary Table 1).

NGS was performed, followed by CLIA-certified and CAP-accredited assay validation at a centralized clinical testing center (Nanjing Geneseq Technology, Inc., Nanjing, China). The libraries were sequenced on a HiSeq 4000 NGS platform (Illumina, San Diego, CA, USA), and the sequencing data were analyzed to detect genomic alterations. The mean coverage depth was ~100X for controls and ~3,000X for circulating free DNA samples. The resultant sequences were analyzed for base substitutions, small insertions and deletions, copy number alterations (focal amplifications and homozygous deletions), and gene fusions/rearrangements.




2.5 Analysis of DNA sequences

Sequencing data were processed as described previously (11, 12). Briefly, the data were first subjected to demultiplexing and FASTQ file quality control to remove low-quality data or N bases. Qualified reads were mapped to the reference human genome GRCh37/hg19 using the Burrows-Wheeler Aligner (13) and default parameters to create Sequence Alignment/Map (SAM) files (14). Picard was used to convert the SAM files to compressed Binary Alignment Map (BAM) files, which were then sorted according to the chromosomal coordinates. The Genome Analysis Toolkit (15) was used to locally realign the BAM files at intervals with insertion/deletion (indel) mismatches and recalibrate the base quality scores of the reads in the BAM files. VarScan2 (16) was employed to detect single-nucleotide variations (SNVs) and indel mutations. The resulting mutation lists were further filtered through an internally collected list (1,000 normal samples) of recurrent artefacts on the same sequencing platform. SNVs and indels were further filtered based on the following parameters: (1) minimum read depth=20, (2) minimum base quality=15, (3) minimum variant supporting reads=5, (4) variant supporting reads mapped to both strands, (5) strand bias no greater than 10%, (6) if present in >1% population frequency in the 1000G or ExAC database, and (7) through an internally collected list of recurrent sequencing errors using a normal pool of 100 samples. Copy number variations (CNVs) were analyzed with the CNVkit (17) Depth ratios above 2 and below 0.6 were considered as gains and losses in CNVs, respectively. Variants that are predicted to shift the translational reading frame should be described using either a short or a long form p.(Arg97fs) and p.(Arg97Profs*23), respectively. For 'fsTer#'/'fs*#', it is specified that '#' indicates at which codon number the new reading frame ends with a stop codon. The number of the stop in the new reading frame is calculated starting at the first amino acid that is changed by the frame shift, ending at the stop codon (*#) (18).




2.6 TMB calculation

TMB was defined as the total number of missense mutations. In addition, we profiled TMB of these samples by a targeted NGS panel (Geneseeq) to evaluate its correlation with whole-exome sequencing (WES) results. Panel TMB was counted by summing all base substitutions and indels in the coding region of targeted genes, including synonymous alterations to reduce sampling noise and excluding known driver mutations as they are over-represented in the panel, as previously described (19, 20).




2.7 Response assessment

Treatment efficacy was assessed by the treating physician and another independent physician and classified according to the Response Evaluation Criteria in Solid Tumors (RECIST) version 1.1. Radiological evaluation of treatment efficacy by computed tomography (CT) was performed before treatment and on a schedule determined by each treating physician during treatment. HPD was defined as time-to-treatment failure <2 months, >50% increase in the tumor burden compared with that of pre-immunotherapy imaging, and >2-fold increase in the speed of progression. PsPD was defined as a partial response (PR) following RECIST-defined progressive disease (PD) during ICI treatment. The definition of PR in PsPD was assessed according to the changes observed from the time of PD and not from treatment initiation.




2.8 Statistical analysis

Figures were drawn using R-3.5.3 for Windows (32/64 bit), GraphPad Prism 8, and EXCEL. The difference for AF% of mutation gene between PsPD and HPD were analyzed by unpaired t test.





3 Results



3.1 Patient characteristics

Fourteen patients underwent eligibility assessment as described above, and eight patients were enrolled in this trial. The participants’ baseline characteristics are listed in Supplementary Table 2. All patients received anti-PD1 therapy, and their median age was 56 years (range, 27–72 years). Five of 14 (62.5%) received pembrolizumab (Keytruda®) treatment, while the others received sintilimab (Tyvyt®). The majority of patients were men (6/8, 75.0%) and had stage IV disease (7/8, 87.5%). Adenocarcinoma (6/8, 75.0%) was the predominant histopathological type, followed by squamous (1/14, 12.5%) or adenosquamous carcinoma (1/14, 12.5%). Four out of eight patients (50.0%) had a history of smoking, and 2/8 (25.0%) patients were non-smokers. Blood samples were collected from all patients at baseline and after image progression. NGS screening of plasma was performed for all patients (N=14), but only 8/14 were enrolled in the final analysis. Six patients were excluded owing to the poor quality of the blood sample. The median follow-up time was 4.0 months (range, 0.8–14.9 months), and the cut-off date was February 23, 2021. Till the cut-off date, 6/8 (75%) patients experienced disease progression, 4/8 (50%) had PsPD, and the others had HPD (Supplementary Table 3).




3.2 Mutational landscape

All enrolled patients underwent a 425-panel NGS at baseline and after image progression. We identified a list of frequently mutated genes in NSCLC on the basis of these data; the 20 most common genes are illustrated in Supplementary Figure 1. Upon segregation of the PsPD and HPD groups, the mutational landscape of patients with the two responses showed a differential pattern. As shown in Figure 2A, the most frequently mutated genes in the PsPD group were TP53 (8.8%), NOTCH2 (5.9%), SMARCA4 (5.9%), LRP1B (4.4%), and STAG2 (4.4%), while TP53 (10.8%), EGFR (6.0%), ARD2 (3.6%), ATM (3.6%), and PIK3CA (3.6%) were the top 5 genes in the HPD group (Supplementary Table 4).




Figure 2 | (A) Heat map of the top 20 mutant genes screened by plasma NGS in patients with PsPD/HPD (pooled data of baseline and after treatment). Left: PsPD, right: HPD. (B) Heat map of the 12 representative mutant genes at baseline in patients with PsPD/HPD. (C) Heat map of the top 20 mutant genes in patients with PsPD. Left: baseline, right: after PsPD. (D) Heat map of the top 20 mutant genes in patients with HPD. Left: baseline, right: after HPD. PsPD: pseudoprogression, HPD: hyperprogressive disease, NGS: next-generation sequencing.



We compared the differences in the most common mutant genes between PsPD and HPD at baseline and the results were consistent with those of previous findings (Figure 2B). TP53, SMARCA4, and KRAS were positively related to immunotherapy efficacy, while JAK2 was negatively related to immunotherapy efficacy. We also observed EGFR and DNMT3A mutations in patients with HPD but not in those with PsPD, akin to the results of a previous study. Subsequently, we explored the genomic alterations after PsPD/HPD (Figure 2C, D). The top mutant gene frequency did not change considerably in patients with PsPD (Table 1), whereas the top mutant gene frequency increased significantly in patients with HPD (Table 2). As TP53 increased from 75.0% to 100.0%, ATM and EGFR increased from 25% to 50%.


Table 1 | Gene mutation frequency change in PsPD.




Table 2 | Gene mutation frequency change in HPD.



Herein, we investigated the single gene mutation pattern in PsPD and HPD before treatment and after image progression, as well as the variation tendency. It provided insights suggesting that alterations may reveal more information than a single mutation alone. Thus, the whole genomic spectrum was further analyzed.




3.3 Spectrum analysis of gene mutation

The aforementioned results provided a clue that the frequency of top mutational gene remained stable in patients with PsPD, while it increased significantly in patients with HPD. It also illustrated that the total number of mutated genes was elevated after HPD compared with that after PsPD. Based on the co-mutation gene data, we discovered that the frequency of co-mutated genes was higher in the PsPD group than in the HPD group (84.21% vs 38.33%) (Supplementary Figure 2A-C). The detailed gene spectrum is presented in Figure 3A, B, indicating that a higher co-mutation gene spectrum may indicate stable disease, while a lower co-mutation gene spectrum may suggest disease progression.




Figure 3 | (A) Gene co-mutations in patients with PsPD at baseline and after imaging progression. (B) Gene co-mutations in patients with HPD at baseline and after imaging progression. (C) bTMB change from baseline to imaging progression in patients with PsPD/HPD left: connection diagram, middle: individual dotted diagram of bTMB at baseline, right: individual dotted diagram of bTMB after imaging progression. (D) Maximum AF% change from baseline to imaging progression in patients with PsPD/HPD left: connection diagram, middle: individual dots diagram of Max AF% at baseline, right: individual dotted diagram of maximum AF% after imaging progression. (E) Relative ctDNA abundance change from baseline to imaging progression in patients with PsPD/HPD. left: connection diagram, middle: individual dots diagram of relative ctDNA abundance at baseline, right: individual dots diagram of relative ctDNA abundance after imaging progression. Unpaired t test was used here. ct: circulating tumor, AF: allele frequency, bTMB: blood-based tumor mutational burden, PsPD: pseudoprogression, HPD: hyperprogressive disease, NGS: next-generation sequencing.



Several studies have found no association between blood-based TMB (bTMB) and the efficacy of immunotherapy. However, the association between change in the bTMB and the clinical outcomes of immunotherapy remains to be explored. Herein, we compared each patient’s bTMB at baseline and after image progression. The data revealed that bTMB was elevated in 75% and 50% of patients with HPD and PsPD, respectively (Figure 3C). In the HPD group, the greatest elevation reached 538.1%, whereas the highest value in the PsPD group was merely 24.7%. Interestingly, the maximum allele frequency (AF) increased significantly in 75% of patients with HPD, whereas only a mild elevation was observed in 25% of patients with PsPD (Figure 3D). The same pattern was also observed in circulating tumor DNA (ctDNA) abundance (Figure 3E). These results indicated that spectrum analysis of gene mutation data possessed greater efficacy in distinguishing between PsPD and HPD than single mutant gene analysis.




3.4 Alterations in gene mutation abundance

Based on the NGS results, we discovered that the maximum AF for the top mutated genes decreased significantly in patients with PsPD (Figure 4A). On the contrary, it increased in patients with HPD (Figure 4B). The mutational abundance of the top three mutant genes, viz. TP53, KRAS, and SMARCA4, declined in patients with PsPD. These genes were also previously reported to be positive prognostic factors for immunotherapy. On the other hand, the mutational abundance of the top mutant genes such as EGFR, JAK2, and DNMT3A were elevated after progression in patients with HPD, which were previously reported to be negative prognostic factors of immunotherapy.




Figure 4 | (A) AF% change in the total genomic mutation in patients with PsPD at baseline and after PsPD. The abbreviations represent different patients. (B) AF% change in the total genomic mutation in patients with HPD at baseline and after HPD. The abbreviations represent different patients. AF: allele frequency, CNV: copy number variation, PsPD: pseudoprogression, HPD: hyperprogressive disease.



Thus, these data suggested that the genomic alteration after imaging progression can be a promising biomarker for distinguishing between PsPD and HPD in patients undergoing immunotherapy for NSCLC.





4 Discussion

ICIs confer tremendous survival benefits, especially in patients with NSCLC (1). However, they also pose great challenges for clinicians. In contrast to chemotherapy and radiotherapy, whose treatment response is evaluated using conventional radiographic methods, immunotherapy sometimes presents with unique treatment response patterns, such as PsPD and HPD (21). PsPD manifests with confusing imaging features, which may result in the loss of the potential benefits from ICIs. HPD, an extremely poor outcome of ICI therapy, often results in fatality, necessitating urgent attention. However, these atypical responses cannot be easily distinguished on conventional imaging, as the early stages of PsPD and HPD are both characterized by short-term enlargement of the tumor lesion (22). Some studies revealed that specific gene mutations may be associated with a corresponding unique response in patients (23); however, no single gene can accurately predict the efficacy of ICIs. NGS reveals more information about genomic mutation, whereas the evidence to link the whole genomic alteration and PsPD/HPD is lacking. Here, we have, for the first time, revealed the significant role of bTMB and shift in the mutational abundance before treatment and after imaging progression in the determination of PsPD/HPD in NSCLC. It highlights the clinical value of dynamic blood NGS monitoring to better understand the unique response patterns elicited by ICIs.

The incidence of HPD in NSCLC with ICIs treatment is reported to be 13.8%, highlighting a considerable variation in cases due to different causal factors (24). It is not triggered by a single factor, but by a series of events that occur simultaneously. T-regulatory cells lacking PD-1 signaling or tumor cells lacking PD-L1 have been shown to accelerate tumor development in HPD models (25, 26). Accumulating data demonstrate that high TGF-β is correlated with resistance to anti-PD-1/PD-L1 therapy, thus anti-TGF-β/PD-L1 bispecific antibodies such as YM101 and BiTP confer the resistance and exhibit enhanced antitumor activity in cancer treatment (27, 28). MDM2/MDM4 amplification may be associated with HPD (29, 30) as it promotes tumorigenesis directly or indirectly through the inhibition of p53. Pharmacological inhibitor results in an improvement in the antitumor immunity to anti-PD-1 treatment (31). EGFR is involved in immunotherapy-related resistance and HPD due to upregulation in the number of immunosuppressive receptors and induction of the secretion of cytokines (32–34). DNMT3A mutation is also related to poor outcomes with ICIs treatment in clinical research as well as EGFR and MDM2/4 mutations (35, 36). Loss-of-function mutations in JAK1/2 may play an important role in the lack of response to PD-1 inhibitors due to the reduced ability of immune T cells to recognize tumor cells. These mutations may result in the deficiency of T-cell infiltrates due to a deficit of chemokine production (37–39). PsPD is a rare phenomenon observed in <5% of cases of NSCLC (40). It is defined as the appearance of new lesions or tumor enlargement during therapy, followed by disease regression or stabilization at subsequent imaging (40). It indicates the true benefit of ICIs treatment, albeit with early pseudoprogression. Genetic studies investigating PsPD are even rarer, with most studies focusing on possible immunotherapy sensitivity. SMARCA4 mutation is reportedly associated with a favorable response to ICIs treatment in NSCLC. SMARCA4-mutant NSCLCs overlap genetically with frequent TP53 and KRAS mutations and a high TMB (41, 42). TP53 mutation has been proven to significantly increase the expression of immune checkpoints and activate the T-effector and interferon-γ signature, which contribute to the benefit conferred by ICIs. Specifically, the TP53/KRAS co-mutation subgroup manifested an exclusive increase in the expression of PD-L1 and mutational burden in the lung adenocarcinoma database, which also implies ICIs preference (43, 44). On the contrary, co-mutation of KRAS with STK11/LKB1 or KEAP1 indicated worse outcomes when ICIs are used for NSCLC therapy (44). Our study also found that EGFR, DNMT3A, and JAK2 were the most commonly mutated genes in the HPD group, while TP53, SMARCA4, and KRAS were the most commonly mutated genes in the PsPD group, consistent with previous research. Our study is rendered distinct by the fact that we used blood NGS to derive these results, which implies that blood gene testing could partly replace tissue detection.

However, some peculiarities were also observed during the course of this study. ATM belongs to the DNA damage repair pathway (DDR). Deficiency in the DDR activates innate immunity as well as tumor recognition of the adaptive immune system, leading to sensitivity to ICIs (45). However, our data showed that ATM mutation is observed in HPD, contrary to the previous hypothesis. Similarly, we discovered PIK3CA mutation in HPD, but other studies have shown that it leads to an elevation in the level of public neoantigens, indicating sensitivity to ICI treatment (46). These differences may be attributed to the different genetic backgrounds of various neoplasms and also the limited sample size of the current study. Moreover, previous evidence about the role of ATM and PIK3CA in immunotherapy has been derived from basic research, which stands in stark contrast to clinical practice. More studies are needed on this topic in the future.

As regular lung cancer gene testing recommended by the guidelines does not fully cover the above-mentioned genes, NGS can comprehensively detect gene mutations in patients who may receive immunotherapy to predict the effect of ICIs. However, the prediction and identification of specific response patterns such as PsPD and HPD by a single gene is still inaccurate. A vast amount of data suggest that TMB could be another predictor of ICI efficacy (47). Studies have discovered that the tissue TMB (tTMB) was not correlated with PD-L1 expression, but both are associated with the clinical benefits from ICIs (48). The TMB can be evaluated using various techniques with different thresholds and can be determined using tissues and blood (49). Evidence on its predictive value is conflicting. In the CheckMate 227 study, tTMB was proven to be a prospective biomarker for PFS. However, other randomized controlled trials have failed to show a survival benefit upon stratifying patients by tTMB, and their findings do not currently support the prognostic or predictive value of tTMB in NSCLC (9, 50). On the contrary, bTMB is valuable in predicting the ICI response (10, 51, 52). To date, the prognostic and predictive value of tTMB or bTMB remains elusive, and evidence of their direct association with PsPD and HPD is lacking.

Our data showed that the bTMB before treatment partly represents the specific ICIs response, consistent with a previous study. Surprisingly, the absolute bTMB after imaging progression shows a vast difference between PsPD and HPD. More interestingly, comparison of the pre- and post-treatment values revealed that bTMB elevation was significantly higher in the HPD group than that in the PsPD group. Not only does it yield the bTMB, but also provides information about AF and ctDNA abundance. The fold change differences between PsPD and HPD were even more significant with respect to the changes in AF% and relative ctDNA abundance. In the HPD group, P08 progressed rapidly after treatment, and the interval between the two tests was only 3 weeks; therefore, the data may not represent the actual situation. If this patients’ data are excluded, it can be seen that the ratios of bTMB, maximum AF%, and relative ctDNA abundance increased significantly in all patients with HPD after progression. Patients with PsPD showed the opposite result. These results may indicate the association of the decrease in gene mutation abundance with predicting the decrease in the tumor burden; additionally, these findings underscore the potential value and superiority of dynamic blood genomic alteration in predicting the outcomes of ICIs treatment.

This study provides a novel method to distinguish HPD and PsPD in NSCLC patients receiving anti-PD1 treatment. To the best of our knowledge, this is the first study to illustrate a dynamic comparison of the whole genomic alteration by blood NGS to differentiate PsPD and HPD, thereby providing clinical evidence to evaluate the outcome of immunotherapy. The scarcity of eligible patients meeting our criteria posed a challenge in this study. However, given the clinical significance of our findings, we are committed to expanding our sample size for validation. We are currently employing ambulatory blood NGS detection on patients undergoing treatment at our center, and the preliminary results align with those presented here. We are also exploring cost-effective prediction methods, such as dynamic monitoring of ctDNA and CTC as other previous studies (53). Existing research has indeed highlighted disparities in gene mutation frequencies among different racial groups, particularly in targeted therapy for lung cancer (54). Immunotherapy has also shown the different efficacy across ethnicities (55). We acknowledge that racial differences in genetic testing evaluation warrant attention. It is important to note that our study focused on overall gene-level changes rather than specific gene mutations, which may not be clinically significant in this context. Nonetheless, we eagerly anticipate the accumulation of data from diverse regions and research centers to validate our findings, with the aim of benefits to lung cancer patients globally, transcending geographical boundaries, and not limited to the Chinese population. Genomic change may be associated with the adverse effects of ICIs, which is also a difficult problem. Unfortunately, the adverse effects were not included here. It is a practical issue that needs to be addressed in future research.

In conclusion, for patients with NSCLC receiving anti-PD1 treatment, the PsPD group showed a significant reduction in the bTMB, AF%, and relative ctDNA abundance in the whole genome as well as a decrease in the expression of all mutational genes, while the opposite was observed in the HPD group. For the patients with image progression shortly after receiving anti-PD1 treatment despite better symptoms, a second blood NGS was preferred. These results broaden the scope of the dynamic genome-wide spectrum in differentiating PsPD from HPD and provide preliminary data to support the continuous blood-based NGS detection during ICI therapy for NSCLC.
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Pearson correlation
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Cell type

B cell

CD8" T cell

Th1

Th2

Tho

Th17

Th22

Treg

T cell exhaustion

Macrophage

M1

M2

TAM

Monocyte

Neutrophil

Natural kiler cell

Dendritic cell

Gene marker None Purity Tumor Normal
Cor P Cor P R P R P
coig 09410 0004 9210 -0085 0063 041 00011
CDR20(KRT20) 05440 0021 06440 0071 012 -0.039 077
coss 02720 0,064 01560 -0.0043 092 014 029
CD8A 0231 0078 0085 011 041
coes 0202 012 00082 0085 052
BOL6 0.6600 0024 05960 0056 022 013 031
1c0S 00002 0.202 0.069 013 032 0014
CXCRS5 0.7760 -0.005 09150 -0.098 0032 04 00017
T-bet (TBX21) 0.0004"* 0.184 0035 044 -0.033 08
STAT4 00646 0098 0.0291 0033 047 031 0.18
IL12RB2 0.483 022 0.14 029
WSX1(L27RA) 02900 -0.043 03410 -0.058 021 024 0071
STAT1 0472 03 0.12 036
IFN-y(FNG) 0337 0.19 0.000026™ 0075 057
TNF-a(TNF) 00194* 0.124 0.0056™ 0055 023 033 0011+
GATA3 0.0001*** 0.204 0.19 0.000026™ 003 082
COR3 06430 0001 09890 -0.015 074 011 041
STATE 01120 -0.077 0.0858 -0.028 055 027 0.042"
STATSA 02140 0076 0.0025 -0.0088 085 0.44 0.00056"
TGFBR2 0.0032" -0423  0.0064" -0.12 00077 -0.19 014
IRF4 0.1620 0077 0.0858 -0.068 013 0.44 0.00053"*
PU.1(SPI1) 03770 -0.038 0.4040 -0.11 0015* 024 0071
STAT3 0.5980 0021 06350 0021 064 012 038
IL21R 0.0007** 0.183 0037 041 026 005
IL-23R 09580 0008 09010 -0033 047 011 039
ILA7A 0.0436* 0.089 0.0494 0073 041 017 0.19
CCRI10 00321 008 00774 011 0013 -0.086 052
AHR 0.7550 -0.014 0.7500 -0.012 079 0003 098
FOXP3 0.0004* 0183 004 038 042 0001
CDR5(L2RA) 0271 0.15 0.00068 011 039
CCR8 i 0.214 i 0.064 0.16 021 o011
PD-1(PDCD1) 0259 0083 0068 038 0.0029"
CTLA4 - 0.29 - 0.14 0.0029 0.27 0.04
LAG3 0286 0.12 00086 043 000071
TIM-3(HAVCR2) 00951 0088 00516 -0033 046 0097 046
cDes 0.4350 0044 03340 -0.082 049 015 026
CD11b (TGAM) 0.9000 0019 06670 -0026 057 023 0074
INOSNOS2) 03420 0029 05260 0048 029 -0.25 0058
IRF5 0.0045" 0.134 0.0028 0087 0057 04 00016
COX2(PTGS2) 07150 0 09920 002 066 -0.048 072
cp16 03440 0055 02230 -0.0086 085 0.065 062
ARG 09830 -0011 08150 0059 019 -0.038 077
MRC1 00588 -0.079 00786 -0.075 0.1 038 00031
MS4AIA 0.9860 0007 08760 -0.083 0069 025 0.06
coL2 00021 0081 00739 0.0014 097 -0.015 091
CD8o 00033 0.153 0.0006 0079 0082 0.15 025
cD86 00755 0095 00355 -0.028 054 022 0.1
CORS 00014 0477 0.0001 0056 022 027 0.04*
cp14 03530 0058 0.1960 -0.06 0.19 -0.12 035
CD16(FCGR3B) 03440 0055 02230 -.0086 085 0.065 062
CD115(CSF1R) 0.8050 0026 05690 -0.047 03 034 0.00088"
CDB6b (CEACAMS) -0.229 -0.1 0025 -0.013 092
CD15(FUT4) 0.1890 0047 02940 015 00013 015 026
CD11b (TGAM) 0.9000 0019 06670 -0.026 057 023 0074
XCL1 0261 02 0.0000058 -047 019
cor 0219 0063 047 0.16 022
KIR3DL1 04270 0042 03560 000052 099 -019 0.16
CD1C({BDCA-1) -0.344 -0.23 000000028 011 043
CD141 (THBD) i -0.188 il -0.075 0.1 -0.12 0.38
cbtic 0.133 0.0026" 0.154 0.0006 0011 081 035 00071+

correlation without adjustment, Purity: correlation adjusted by purity, Cor. correlation coefficient. "p < 0.05, *'p < 0.01, and **'p < 0.001.
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Clinical factors

Age, n (%)

Gender, n (%)

Smoker, n (%)

T stage, n (%)

N stage, n (%)

M stage, n (%)

Pathologic stage, n (%)

0S event, n (%)
DSS event, n (%)

PFl event, n (%)

Median (IQR)
<65
>65
Female
Male
No

Yes

m

]

3

T4

No

N1

N2

N3

Mo

M1
Stage |
Stage I
Stage Il
Stage IV
Alve
Dead
Alve
Dead
Alve
Dead

LUAD LusC
Low High p Value Low High p Value
67 (59, 74) 64 (59, 72) 0036 69 (63, 74) 67 (60, 79) 0033
115 (22.3%) 140 (27.1%) 0043 87 (17.6%) 104 (21.1%) 0170
142 (27.5%) 119 (23.1%) 158 (329%) 144 (29.2%)
158 (29.5%) 128 (23.9%) 79 (15.7%) 52 (10.4%) 0008
109 (20.4%) 140 (26.2%) 172 (34.3%) 199 (39.6%)
47 (9%) 28 (5.4%) 0018 8 (1.6%) 10 (2%) 0797
210 (40.3%) 236 (45.3%) 238 (48.6%) 234 (47.8%)
98 (18.4%) 77 (14.5%) 0031 61 (12.2%) 53 (10.6%) 0416
127 (23.9%) 162 (30.5%) 138 (27.5%) 156 (31.1%)
29 (5.5%) 20 (3.8%) 40 (8%) 31 (6.2%)
12.1%) 8 (1.5%) 12 (2.4%) 11 2.2%)
175 (33.7%) 173 (33.3%) 0580 167 (33.7%) 153 (30.8%) 0321
4 (8.5%) 51 (2.8%) 58 (11.7%) 73 (14.7%)
38 (7.3%) 36 (6.9%) 17 (3.4%) 23 (4.6%)
0 (0%) 2 (0.4%) 3(0.6%) 2(0.4%)
187 (48.4%) 174 (45.1%) 0088 197 (47%) 215 (51.3%) 0270
8 (2.1%) 17 (4.4%) 5 (1.2%) 2(0.5%)
147 (27.9%) 147 (27.9%) 0455 128 (25.7%) 117 (235%) 0.491
61(11.6%) 62 (11.8%) 76 (15.3%) 86 (17.3%)
44 (8:3%) 40 (7.6%) 41.(8:2% 43 (8.6%)
9 (1.7%) 17 3.2%) 5(1%) 2 (0.4%)
180 (33.6%) 163 (30.5%) 0134 144 (28.7%) 142 (28.3%) 0928
87 (16.3%) 105 (19.6%) 107 (21.3%) 109 (21.7%) 0777
198 (39.7%) 181 (36.3%) 0079 183 (40.7%) 178 (39.6%)
51(10.2%) 69 (13.8%) 43 (9.6%) 46 (10.2%)
162 (30.3%) 147 (27.5%) 177 (35.3%) 177 (35.3%) 1.000
105 (19.6%) 121 (22.6%) 74 (14.7%) 74 (14.7%)
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Covariate

Age, no (%)

Gender, no (%)

T stage, no (%)

N stage, no (%)

M stage, no (%)

Pathologic stage, no (%)

LUAD, fung adenocarcinoma.

<65
>65
unknown
female
male
-2
T3-4
unknown
NO
N1-3
unknown
Mo
M1
unknown
-
1%
unknown

Training
set (n = 252)

117 (46.43)
131 (51.98)
4(1.59)
129 (51.19)
123 (48.81)
217 (86.11)
34 (13.49)
1(04)
161 (63.89)
85(33.73)
6(2.38)
169 (67.06)
13 (5.16)
70 (27.78)
191 (75.79)
56 (22.22)
5(1.98)

Testing
set (n = 252)

121 (48.02)
125 (49.6)
6(2.38)
141 (55.95)
111 (44.05)
220 (87.9)
30 (11.9)
2(0.79)
164 (65.08)
82 (32.54)
6(2.38)
166 (65.87)
12 (4.76)
74 (29.37)
198 (78.57)
51 (20.24)
3(1.19)

TCGA set (n = 504)

238 (47.22)
256 (50.79)
10 (1.98)
270 (53.57)
234 (46.43)
437 (86.71)
64 (12.7)
3(06)
325 (64.48)
167 (33.13)
12 (2.38)
335 (66.47)
25 (4.96)
144 (28.57)
389 (77.18)
107 (21.29)
8(1.59)

p-value

0721

0.326

0.701

0.849

0.629
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Variable

Training set (n = 252)
Age
Gender
Stage
Risk score
Testing set (1 = 252)
Age
Gender
Stage
Risk score
TCGA set (1 = 504)
Age
Gender
Stage
Risk score

HR. hazard ratio: Cl. confidence interval.

Univariate model

Multivariate model

HR

1.030
0.957
1.464
2.008

0.992
1.296
1.879
1.369

1.008
1.102
1.629
1.510

95% CI

1.006-1.055
0.628-1.460
1.201-1.784
1.529-2.878

0.973-1.012
0.856-1.960
1.536-2.300
1.127-1.662

0.993-1.023
0.820-1.479
1.417-1.872
1.297-1.759

p-value

0.016
0.840
<0.001
<0.001

0.451
0.221
<0.001
0.002

0.309
0.520
<0.001
<0.001

HR

1.081

1.289
1.804

1.869
1.376

1.650
1415

95% CI

1.007-1.056

1.044-1.502
1.265-2.573

1.626-2.289
1.116-1.698

1.349-1.782
1.188-1.684

p-value

0.012

0.018
0.001

<0.001
0.003

<0.001
<0.001
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Gene Name

GPL6480
GSE31210 GPL570
GSE30219 GPL570
GSE3141 GPL570
GSE50081 GPL570

117 (49/68)
226 (35/191)
278 (188/90)

111 (58/53)
181 (75/106)

58 (33/25)
113 (28/85)
139 (115/24)

55 (33/22)

91 (48/42)

59 (16/43)
113 (7/106)
139 (72/66)
56 (25/31)
90 (27/64)
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Characteristic

n (Dead/Alive)
Age, n (%)

Gender, n (%)

N stage, n (%)

M stage, n (%)

T stage, n (%)

Pathologic stage, n (%)

Levels

>=65
<65
Male
Female
NO

N1

N2

N3

Mo
M1
MX
T
i
)
T4

Stage |
Stage I
Stage Il
Stage IV
NA

Overall

382 (149/233)
218 (55.76%)
169 (44.24%)
170 (44.50%)
212 (65.50%)
249 (65.18%)
65 (17.01%)
56 (14.65%)
1(0.26%)
11 (2.90%)
241 (63.08%)
21 (5.49%)
120 (31.43%)
132 (34.55%)
196 (51.30%)
40 (10.47%)
13 (3.40%)
1(0.28%)
209 (54.71%)
87 (22.77%)
59 (16.44%)
21 (5.49%)
6 (1.59%)

High-Risk

204 (103/101)
114 (53.52%)
90 (44.12%)
78 (45.88%)
126 (59.43%)
129 (51.80%)
40 (61.53%)
27 (48.21%)
1 (100%)
7 (63.63%)
124 (51.45%)
8(38.09%)
72 (60.00%)
75 (66.82%)
97 (49.49%)
22 (55.00%)
9(69.23%)
1(100%)
107 (51.20%)
53 (60.92%)
33 (55.93%)
8(38.10%)
3 (50.00%)

Low-Risk

178 (46/132)
98 (46.48%)
90 (55.88%)
92 (54.12%)
86 (40.57%)
120 (48.20%)
25 (38.47%)
29 (51.79%)
00
4(36.37%)
117 (48.55%
13 (61.91%)
48 (40.00%)
57 (44.18%)
99 (50.51%)
18 (45.00%)
4(30.77%)
0(0%)
102 (48.80%)
34 (39.08%)
26 (44.07%)
13 (61.90%)
3 (50.00%)
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Gene Name

AURKB
BIRCS
BUB1
BUB1B
CCNB1
CCNE1
CDC20
CDC6
CDCA2
CDCA5
CDCA8
CDT1
CENPE
CENPF
CENPK
DLGAPS
EME1
ESPL1
FAM83D
HJURP
KIF14
KIF18B
KIF23
KIF2C
KIF4A
KIFC1
KNTC1
MAD2L1
MKIB7
NCAPG
NCAPH
NDC80
NEK2
NUF2
NUSAP1
OIP5.
PLK1
PRC1
SKA1
SKA3
SPAGS
SPC24
SPC25
TOP2A
TRIP13
TTK
UBE2C
ZWINT

Risk_Score

Correlation (spearman)

036
041
045
0.49
0.48
034
043
042
0.46
046
041
038
045
043
036
0.5944
026
0.3928
043
0.5546
05192
0.3933
05
043
045
04
021
0.46
05
0.46
045
045
045
0.354
047
0.5075
0.6434
051
045
0.48
038
0356
045
038
037
041
034
039

p-Value

<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<4.4e-15
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
2.8e-09

<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
3.2e-06

<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
2.3e-15

<2.2e-16
<2.2e-16
<2.2e-16
<2.2e-16
2.9e-15

<2.2e-16

T™B

Correlation (spearman)

0.46
0.43
0.45
0.40
0.38
0.38
0.47
0.41
0.38
045
0.45
0.37
0.39
0.40
0.30
0.42
0.45
0.43
0.36
0.46
043
0.43
0.44
0.48
0.40
047
0.39
0.36
0.36
0.43
0.47
0.46
0.47
0.52
0.39
0.40
0.42
0.40
0.44
0.45
0.46
0.39
0.40
045
0.45
047
0.47
0.39

p-Value

3.31e-27
2.04e-24
5.99%-6
4.84e-21
2.92¢-18
1.33e-18
1.12e-28
6.12e-22
8.74e-19
2.7¢-26
8.53e-26
6.67¢-18
7.37e-20
6.8e-21
153e-11
5.64e-23
1.4e-26
1.61e-23
2.19¢-16
2.7e-28
8.08e-24
217e-24
5.55e-25
5.13e-30
4.16e-21
1.29e-28
3.31e-19
4.73e-17
1.44e-16
1.49e-23
1.06e-28
6.56e-26
4.71e-29
1.2e-34
1.12e-19
5.67e-21
1.35e-22
1.43e-20
2.32e-25
8.21e-27
9.98e-28
258e-19
6.9e-21
6.78e-25
5.54e-27
1.48e-29
1.04¢-28
2.54-19
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Ferroptosis-related Genes in Lung Adenocarcinoma: Prognostic
signature and immune, drug resistance, mutation analysis
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mlcroenvlmnmen(

Independent Prognosis.

10 genes as potential
treatment targets

KD ing Cohort, TCGA-LUAD. RNA-sequencing. Including 535
tumor samples and 59 normal samples
(https://portal.gde.cancer.gov/repository)

(@) validation Cohort1, GSE68465. Microarray. Including 443 tumor

and 19 normal samples, were retrieved from the GEO database
(https: ncbi.nlm.nih. gi?a :Gszssassb

~

@ Online database, Prognoscan. Used to validate the survival analysis
bio.kyutech index.html )

@ Functional analysis. R packages “limma” was utilized to extract DEGs
between high-and low-risk groups.
GO and KEGGs enrichment were performed by R package "clusterProfiler”.

(3) validation Cohort2, GSE72094. Microarray.

$5SGSEA was utilized to score by R package "gsva."

and 19 normal samples, were retrieved from the GEO database
https:, bi.nim.nih.

(@) Ferroptosis database, FerrDb. Download the FRGs. 173 FRGs (108
dri d 69

/as used to detect the difference between 2 groups.
(#) TcGA pan- i conducted, which was downloaded from Xena

platform (https://xenabrowser.net/datapages/)

pped)
(http://www.zhounan org/ferrdb/index.htmi)

(8) Online PPI database, STRING (Search Tool for the Retrieval of
Interacting Genes) (version 11.0), was used to plot the PPI network
based on prognostic FRDEGs (https://string-db.org/)

Open-source software platform, Cytoscape, with its plug-in
“cytohubba," for visualizing complex networks, was utilized to extract
"hub genes" by calculating the hub degree of each prognostic FRDEGS

(2) Online bioinformatics tool, GEPIA (Gene Expression Profiling

Interactive Analysis). was used to perform survival analysis of these

FRPSGs based on TCGA and GTEx data (http://gepia.cancer-pku.cn/)

@or

Drug ivity ar

NCI (National Cancer Institute) was also performed
of the nci.nil

ESTIMATE data (Estimation of STromal and Immune cells in MAlignant Tumor
tissues using Expression ) was performed in TME analysis to calculateimmune
ard 0 h "

@ R package “RCircos” to visualize the location on a chromosome and the most
common CNV status of the 15 FRPSGs.
Online bioinformatics tool, cBioPortal to explore the alteration rate (including
somatic mutation and CNV), type, and site. Survival analysis by Kaplan-Meier

curve and log-rank test. TMB status visualized by radar plots using the R

package “ggplot”. (https://www.cbioportal.org/)
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Conclusion

To conclude, our study established a ferroptosis-related
gene signature for LUAD, and identified 15 FRPSGs.
These genes had a close relationship with tumor
immunity, drug resistance, tumor microenvironment (TME)
infiltration, and cancer stemness. With further checking
the mutation status of these genes, we provided new
insights for ferroptosis in tumor behavior.
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Subgroups Total, n = 473 Training set, n = 332 Testing set, n = 141 p Value
Age, mean(SD) 67 (9) 67 (8) 67 (9) 0.807
Gender, n (%) Female 122 (258) 83 (25.0) 39 (27.7) 0.624
Male 351 (742) 249 (75.0) 102 (723)
Race, n (%) Caucasian 336 (71.0) 228 (68.7) 108 (76.6) 0.104
Other ethnicities 137 (29.0) 104 (313) 33 (23.4)
Stage, n (%) 51 320 (67.7) 217 (65.4) 103 (73.0) 0.260
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v 79 (167) 59 (17.8) 20 (14.2)
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w2 276 (58.4) 200 (60.2) 76 (53.9)
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T4 21 (44) 15 (4.5) 6(43)
N, n (%) No 300 (63.4) 204 (614) 96 (68.1) 0.320%
NI 125 (264) 89 (26.8) 36 (25.5)
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Genotype Adenocarcinoma Squamous cell carcinoma
OR (95% Cl) p OR (95% Cl) p
158067378 Dominant AA 1 0.0007* 1 0.0001%
AG-GG 061 (0.46-0.82) 053 (0.39-072)
Recessive AA-AG 1 0.03* 1 057
GG 043 (0.19-098) 082 (0.40-1.66)
Log-additive = 0.63 (0.49-0.82) 0.0003* 0.62 (0.47-0.81) 0.0003*
152305480 Dominant GG 1 <0.0001* 1 0.67
GA-AA 054 (0.40-0.72) 093 (0.68-129)
Recessive GG-GA 1 0.0079* 1 018
AA 034 (0.14-083) 061 (0.28-1.30)
Log-additive - 0.56 (0.43-0.72) <0.0001* 089 (0.68-1.16) 04
2200100 Dominant ey 1 0.0002* 1 0.024*
TC-CC 167 (1.27-2.19) 140 (1.05-1.88)
Recessive TT-TC 1 0073 1 0.0023*
cc 159 (0.96-2.62) 224 (134-373)
Log-additive - 149 (121-1.84) 0.0002* 143 (114-1.79) 0.0021%
177681114 Dominant GG 1 0.0003* 1 014
a-an 0.59 (0.44-0.79) 125 (093-1.69)
Recessive GG-GA 1 [ oon it 0012*
AA 039 (0.15-1.04) 021 (0.05-092)
Log-additive - Lot 047-0.79) 0.0001* 1.09 (0.83-1.44) 052
151103577 Dominant T 1 00047 1 <0.0001%
TC-CC 149 (1.13-1.96) 191 (141-2.59)
Recessive TT-TC 1 0026 1 0012
cc 1.80 (1.08-3.00) 2,03 (1.18-3.50)
Log-additive - 143 (115-1.79) 00013+ 170 (1.34-2.16) <0.0001%
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SNP Model Genotype Control Case

OR (95% ClI)

18067378 Dominant AA 385 (59.2%) | 54 (69.8%) 1 <0.0001*
AG-GG 265 (40.8%) 196 (30.1%) 061 (049-0.77)
Recessive AA-AG 617 (94.9%) 631 (97.1%) 1 0.041%
GG 33 (5.1%) 19 (2.9%) 0.5 (0.31-0.99)
Log-additive - - - 0.65 (0.54-0.80) <0.0001*
152305480 Dominant GG 362 (55.7%) 433 (66.6%) 1 <0.0001%
GA-AA 288 (44.3%) 217 (334%) 0.61 (0.48-0.77)
Recessive | coaa 616 (94.8%) 634 (97.5%) 1 0.0076*
AA 34 (5.2%) 16 (2.5%) 045 (0.25-0.83)
Log-additive - - - 0.63 (0.52-0.78) <0.0001*
152290400 Dominant 1 379 (58.3%) | 292 (a49%) 1 <000
TC-CC 271 (41.7%) 358 (55.1%) 172 (138-2.15)
Recessive TT-TC 611 (94%) 585 (90%) 1 0.0056*
cc 39 (6%) 65 (10%) 1.78 (1.18-2.70)
Log-additive - - - 156 (1.30-1.85) <0.0001*
77681114 Dominant GG 392 (60.3%) | 435 (669%) 1 0.013*
GA-AA 258 (39.7%) 215 (33.1%) 0.75 (0.59-0.94)
Recessive | Goca 627 (96.5%) 642 (98.8%) 1 0.0047*
AA 23 (35%) 8 (12%) 033 (0.15-0.75)
Log-additive - - - 072 (0.59-0.89) 0.0023*
11103577 Dominant 1 351 (54%) 279 (42.9%) 1 <0.0001*
TC-CC 299 (46%) 371 (57.1%) 162 (1.30-2.03)
Recessive | 1rc 616 (94.8%) 585 (90%) 1 0.0009*
cc 34 (52%) 65 (10%) 204 (132-3.14)
Log-additive - - - 154 (1.29-1.85) <0.0001*
12298803 Dominant T 298 (45.9%) 294 (45.2%) 1 088
TC-CC 352 (54.1%) 356 (54.8%) 102 (0.82-127)
Recessive TT-TC 593 (91.2%) 575 (88.5%) 1 0.088
e 57 (8.8%) 75 (115%) 137 (095-197)
Log-additive - - - 108 (091-128) 037

SNP, single nucleotide polymorphism; OR, odds ratios Cl, confidence interval; p < 0.05

icates statistical significance.
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SNP Genotype Control Case OR (95% CI) P

18067378 AA 385 (59.2%) 454 (69.8%) 1 00001
AG e 177 (27.2%) 0.63 (0.50-0.80)
GG 33 (5.1%) 19 (2.9%) 047 (026-0.85)

2305480 GG 362 (55.7%) 433 (66.6%) 1 <0.0001%

GA 254 (39.1%) 201 (30.9%) 064 (0.50-0.82)
AA 34 (52%) 16 (2.5%) 0.38 (0.21-0.70)

152290400 T I 292 (44.9%) IR <0.0001*
TC 232 (35.7%) 293 (45.1%) 164 (1.30-2.07)
cc Y 65 (10%) 221 (144-339)

177681114 cc 392 (603%) 435 (66.9%) 1 00025
GA 235 (36.1%) 207 (31.9%) 0.79 (0.62-1.00)
AA 23 (3.5%) 8 (12%) 0.30 (0.13-0.68)

151103577 TP 351 (54%) 279 (429%) 1 <0.0001*
TC 265 (40.8%) 306 (47.1%) 151 (1.20-1.90)
cc 34 (5.2%) 65 (10%) 249 (159-389)

152298803 ™ 298 (45.9%) 294 (45.2%) 1 0220
C 295 (45.4%) 281 (432%) 0.95 (0.76-1.20)
cc 57 (8:8%) 75 (115%) 134 (091-196)

SIP. sincls audsatide pelvimmliem: OI: odis sbe £ corihdines inteval 3+ (08 ndicates setisticnl sprilicanse:





OPS/images/fgene-14-1212465/fgene-14-1212465-t003.jpg
SNP Gt n Allele  Reg HWE p  OR (95% CI) p

158067378 GSDMB  chrl7:39895095 = A>G Downstream 017 023 091 0.666 (0.548-0.810) | 0.00004*
Variant

152305480 GSDMB | chrl7:39905043 | G>A Missense 018 025 025 0663 (0.549-0.802) | 0.00002*
Variant

152290400  GSDMB | chrl7:39909987 | T>C Intron 033 024 0.67 1,540 (1.296-1.830) | <0.00001*
Variant

177681114 | GSDMC  chr8:129750045  G>A Synonymous Variant | 0.17 022 01 0751 (0.617-0.913) | 0.00401*

1103577 AIM2 chrl:159130525 | T>C Intron Variant 034 0.26 0.081 1.497 (1.263-1.774) | <0.00001*

152298803 AIM2 chrl:159076640 | T>C Non Coding 033 031 02 1.080 (0.917-1.274) | 0.35622

SNP, single nucleotide polymorphism; MAF, minor allele frequency; HWE, Hardy-Weinberg equilibrium.

p < 0.05 indicates statistical significance.

Transcript Variant
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Case (n = 65 Control (n = 6!

Sex (%)
Male 426 (65.5) 403 (62.0) len 0204
Female 224 (345) | 217 G80) 0.934 0350
Age |
mean £ SD 56.98 + 10.17 56.45 £ 1025 1,603 0205
Smoking (%)
Yes 423 (65.1) 400 (61.5)
No 227 (34.9) 250 685) |
Pathological types
Adenocarcinoma 328 (50.5)
Squamous cell carcinoma 267 (41.1)
Adenosquamous carcinoma 29 (44)
Large cell lung cancer 26 (4.0)
Tumor staging
Torll 236 (36.3)
T or IV 414 (63.7)
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SNP 1st-PCR primer sequences nd-PCR primer sequences UEP sequences

158067378 ACGTTGGATGCTGTGAGTGGAAAGCTTGAC ACGTTGGATGACCTGGCAGTGATATAAACG GATATAAACGTTTTTCCC ‘
152305480 ACGTTGGATGCTAGGTATCTGAGGTCCTGA [ ACGTTGGATGAAAAGGCTGCTTAGGAGAGG AGGAGAGGCTTGTCTG
152290400 ACGTTGGATGGTTTTCCAGTCTCAGAAGCG ACGTTGGATGTAAGGATCTCAGGGCCTTAC CTCCCACTGACTCTT
1577681114 ACGTTGGATGCCCATTATGGCTTCAAGGAG [ ACGTTGGATGCCTAAAGAAACTTCAACAGG TTCAACAGGATTCAAA
51103577 ACGTTGGATGTACTTCCACTACCTATCCCC ACGTTGGATGGATGATTCCCGGCTTTCTG CTTTCTGGCTTGAGC

152298803 ACGTTGGATGGTCCTCTGCTAGTTAAGCTC ACGTTGGATGAGCTCCTCTATGGTGCTTAC TGGTGCTTACCTCCTGA
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Characteristic
Age, n (%)
Gender, n (%)

T stage, n (%)

N stage, n (%)

M stage, n (%)

Pathologic stage, n (%)

Residual tumor, n (%)

Smoking, n (%)
DNASE1L3, n (%)
OS event, n (%)

DSS event, n (%)

Abbreviations: OS, overall survival: DSS, disease-free survival.

Levels

<65
>65
Female
Male
T
Pl
3
T4
No
N1
N2
N3
Mo
M
Stage |
Stage Il
Stage Il
Stage IV
RO
R1
R2
No
Yes
High
Low
Alve
Dead
Alve
Dead

Overall

255 (49.4%)
261 (50.6%)
286 (53.5%)
249 (46.5%)
175 (32.9%)
289 (54.3%)
49 (9.2%)
19 (3.6%)
348 (67.1%)
95 (18.3%)
74 (14.3%)
2(0.4%)
361 (93.5%)
25 (6.5%)
294 (55.8%)
123 (23.3%)
84 (15.9%)
26 (4.9%)
355 (95.4%)
13 (3.5%)
4(11%)
75 (14.4%)
446 (85.6%)
268 (50.1%)
267 (49.9%)
343 (64.1%)
192 (35.9%
379 (76%)
120 (24%)
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Characteristic

T stage

N stage

M stage

Pathologic stage

Gender

Age

Residual tumor

Smoker

OS event

Variable

Alive
Dead

Expression of DNASE1L3

Low, n (%)

60 (11.3%)
166 (31.2%)
28 (5.3%)
11(2.1%)
166 (32%)
53 (10.2%)
40 (7.7%)
2(0.4%)
180 (46.6%)
17 (4.4%)
131 (24.9%)
70 (13.3%)
47 (8.9%)
18 (3.4%)
134 (25%)
133 (24.9%)
134 (26%)
123 (23.8%)
186 (50%)
8(2.2%)
2(0.5%)
39 (7.5%)
220 (42.2%)
148 (27.7%)
119 (22.2%)

High, n (%)

115 (21.6%)
123 (23.1%)
21 (3.9%)
8(1.5%)
182 (35.1%)
42 8.1%)
34 (6.6%)
0(0%)
181 (46.9%)
8 (2.1%)
163 (30.9%)
53 (10.1%)
37 (7%)

8 (1.5%)
152 (28.4%)
116 (21.7%)
121 (23.4%)
138 (26.7%)
169 (45.4%)
5 (1.3%)
2(0.5%)
36 (6.9%)
226 (43.4%)
195 (36.4%)
73 (13.6%)

< 0.001

0.214

0.122

0.013

0.154

0.253

0.806

0.762

< 0.001

25.15

4.48

24

10.82

2.04

131

043

0.09

16.71
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Characteristic

Age (265 vs. <65)
Gender (male vs. female)

TNM stage (II-V vs. )

Tumor stage (T3-T4 vs. TO-T2)
Lymph node metastass (yes vs. no)
Distant metastasis (yes vs. no)

Risk score (igh vs. low)

Univariate analysis

HR (95%Cl)

1.415 (0.996-2.010)
1.256 (0.858-1.838)
1.248 (1.035-1.506)
1.268 (1.033-1.557)
1.432 (0.895-2.291)
1.837 (0.583-5.784)
1.142 (1.082-1.205)

p-Value

0.053
0.241

0.020
0.023
0.134
0.299
< 0.001

Multivariate analysis

HR (95%Cl)

1.547 (1.079-2.219)
1.271 (0.865-1.867)
1.128 (0.821-1.550)
1.268 (0.932-1.600)
1.344 (0.727-2.486)
1.161 (0.307-4.387)
1.162 (1.094-1.213)

p-Value

0.018
0.222
0.458
0.148
0.345
0.826
< 0.001
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Characteristic

Age (years)
>65

Tumor stage
T0-T2

T3-T4

Lymph node metastasis
Nx

No

Yes

Distant metastasis

Mx

No

Yes

Primary Dataset

n =239

157 (65.69%)
82 (34.31%)

59 (24.69%)
180 (75.31%)

115 (48.12%)
82 (34.31%)
39 (16.32%)
3 (1.26%)
197 (82.43%)
42 (17.57%)

2(0.84%)
154 (64.44%)
83 (34.73%)
37 (15.48%)
199 (83.26%)

3(1.26%)

Entire Dataset

n =484

317(65.50%)
167 (34.50%)

127 (26.24%)
357 (73.76%)

238 (49.17%)
157 (32.44%)
82 (16.94%)
7 (1.45%)
393 (81.20%)
91 (18.80%)

5(1.03%)
309 (63.84%)
170 (36.12%)

77 (15.91%)

400 (82.64%)
7 (1.45%)

p value

0.917534

0.642574

0.987752

0.719912
0.944372

0.830401
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Gene Name

SPATA41

AC106786.1
AL034550.2
AP003721.2
AC078889.1

Coefficient

0.535264763
0.337590814
-0.857359527
-0.617768427
-0.692738229

Type

Risky
Risky

Protect
Protect
Protect

Down/up-Regulated

Up
Up
Down
Down
Down

HR

1.707900371
1.401566884
0.424280907
0.53914624
0.500204517

95%Cl

1.239-2.364
1.067-1.841
0.231-0.778
0.353-0.822
0.334-0.749

P Value

0.001080441
0.015266432
0.005690659
0.004127988
0.000781794
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Characteristics Total (N) Univariate analysis Multivariate analysis

HR (95% CI) p Value Hazard p Value
ratio (95% CI)

DNASE1L3 526 0.550 (0.410-0.739) <0.001 0.680 (0.484-0.956) 0.027
T stage 523 2.317 (1.591-3.375) <0.001 1.653 (1.020-2.680) 0.041
N stage 510 2.321 (1.631-3.303) <0.001 1.313 (0.631-2.732) 0.467
M stage 317 2.136 (1.248-3.653) 0.006 1.094 (0.483-2.476) 0830
Pathologic stage 518 2.664 (1.960-3.621) <0.001 1.879 (0.858-4.113) 0.115
Gender 526 1.070 (0.803-1.426) 0.642 - =
Age 516 1.223 (0.916-1.635) 0.172 - -
Smoker 512 0.894 (0.592-1.348) 0.591 - -

Abbreviations: HR, hazard ratio; Cl, confidence interval. Bold values indicate p < 0.05.
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Ontology

BP

BP

BP

BP

BP

cc

cc

cc

cc

cc

MF

MF

MF

MF

MF

KEGG

GO:
0003341
GO:
0007586
GO:
0042391
GO:
0060078
GO:
0001976
GO:
0098889
GO:
0099240
GO:
0099056
GO:
0099699
GO:
0042734
GO:
0030594
GO:
0005230
GO:
0099529
GO:
0098960
GO:
0015464

hsa04080

Description
Giium moverment

Digestion

Regulation of membrane potential

Regulation of postsynaptic membrane potential

Neurological system process involved in reguiation of systemic arterial blood pressure
Intrinsic component of presynaptic membrane

Intrinsic component of synaptic membrane

Integral component of presynaptic membrane

Integral component of synaptic membrane

Presynaptic membrane

Neurotransmitter receptor activity

Extracelular ligand-gated ion channel activity

Neurotransmitter receptor activity involved in regulation of postsynaptic membrane potential
Postsynaptic neurotransmitter receptor activity

Acetyicholine receptor activity

Neuroactive ligand-receptor interaction

Gene ratio

mar

8/127

18/127

7/127

3127

10/187

12/187

9137

117187

10/137

6/126

5/126

4/126

4/126

3/126

12/62

p value

3.92e-07
4.91e-06
8.33e-06
4.85e-05
4.87e-05
2.63e-10
1.66e-09
1.93e-09
9.14e-09
1.88e-07
1.90e-04
1.96e-04
4.38e-04
5.00e-04
5.62e-04

8.49e-06

p.adjust

7.81e-04
0.005
0.006
0.016
0.016
6.19e-08
1.516-07
1.516-07
5.37e-07
8.82e-06
0.083
0.083
0.038
0.038
0.038

9.09e-04

Note: BP. bialogical process: CC. Calutar Camponent: ME: Molecular Function. P adjust value < 0.05 and g-value <0.25 were considersd as significantly enriched.

q value

7.15e-04
0.004
0.005
0.015
0.015
4.77¢-08
1.16e-07
1.16e-07
4.14e-07
6.79e-06
0.029
0.029
0.033
0.033
0.033

8.49e-04
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Dataset ID

Discovery set
GSE19188
GSE30219

GSE31210

GSE31546

GSE37745

GSE50081

GSEB8465
Validation set
TCGA-LUAD

Number of samples

1042
40
85

226

106
127

442
535
535

Brief introduction about the dataset

A genome-wide gene expression analysis on early-stage NSCLC
Identification of a group of metastatic-prone tumors in lung cancer
according to “Off-context” gene expression defined by the authors
Gene expression analysis on pathological stage 11 lung
adenocarcinomas
Development of an EGFR mutation gene expression signature to
predict response and clinical outcome, and identification of genes
associated with the EGFR-dependent phenotype
Biomarker discovery in NSCLC
Validation of a histology-independent prognostic gene signature for
early-stage NSCLC, including stage IA patients
Gene expression-based survival prediction in LUAD

The LUAD cohort of TCGA, a landmark cancer genomics program,
molecularly characterized over 20,000 primary cancer and matched
normal samples spanning 33 cancer types.

Number of deaths

45

35

7T
51

236

187

Number of relapses

27 (83)

64 (226)

37 (124)

178 (178)
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Gene

ARHGEF6
SKAP2
AFDN
SPP1
GJB3
CDH4
GJCH
LAMB1

Coef

—0.17981
0.16016
0.14339
0.14827
0.16105
0.12437
0.09287
0.09022

Encoded protein

Rho guanine nucleotide exchange factor 6
Src kinase-associated phosphoprotein 2
Afadin, adherens junction formation factor
Secreted phosphoprotein 1
Gap junction beta-3 protein
Cadherin 4
Gap junction gamma-1 protein
Laminin subunit beta-1
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IncRNA Fold change p

HOTAIR 15311 0262673
ANRIL 0.5558 0274300
NEAT1 1w 0337700
SPRY4-IT1 26781 0730624
PVT1 8.4650 0315780
MALATI 8.9890 0.000001
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IncRNA Fold nge P

HOTAIR 0.5460 0.048808
ANRIL ~3.6439 0.185442
NEAT1 25705 0017159
SPRY4-IT1 [ 10181 | 0.063224
PVTI ~1.0589 0154379
MALAT1 [ 08156 | 0994734

The ifeanini of bold:valiics emphadizes the povaliies with significint
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EBC visit 0 EBC visit 1

Fold change Fold change
HOTAIR 49588 | 0.004796 55008 | 0.085956
ANRIL 80700 | 0.101209 43349 | 0306083
NEAT1 97075 | 0.154621 122778 | 0009698
SPRY4-IT1 -43219 | 0060601 -23959 | 0397520
PVTL 78550 | 0038149 67884 | 0.049306
MALAT1 7.6095 | 0200276 84285 | 0.041893
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ng adenocarcinoma n %) Healthy control n
Gender Female 11 (27.5) 10 (50.0)
Male 29 (72.5) 10 (50.0)
Age (year) Female 611073 57.8+73
Male 623 % 104 62657
Diagnosis Stage IIIB 18 (45.0)
Stage IV 22 (55.0)
Treatment cr 8(200)
CT and IT 10 (25.0)
CT and RT 10 (25.0)
CT, RT and IT 7(17.5)
T 4(100)
RT and IT 1(25)
No Metastasis 18 (45.0)
Metastasis 22 (55.0)
Oligometastases 1 10 (45.0)
2 7(31.8)
3 5(27.7)
Location of Oligometastases Lung. T 14 (54.6)
Bone 8(312)
Brain I 5(195)
Liver 3(117)
Surrenal 3(117)
Plevra 2(78)
Soft tissue 2(78)
Kidney 1(39)
MSL 139
Treatment duration (weeks) Female 1159 £ 1191
Male 1546 + 11.87

T e N T ] A ——
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ANRIL

F:5'-CCA TCA GAG GTA ACA GTA GAG AC-3'

R5'-GAG GCA GGA GAA TCG CIT G-3'

MALATL F:5'-CAG CAG TTC GTG GTG AAG ATA G-3'
R55'-GCC TCC TCC GTG TGG TTG-3'
PVTL E:5'-ATA TGG ACT GTG ATG CGG AAG-3'
R:5'-ATA ACC TGT GAT GAA CCA ATA AGC-3'
NEAT1L E:5'- TAC ACA GCG AGG CAC CAC-3'
R: 5-GTC AGC ACA GGA GCA GAG G-3'
SPRYAITI | F-GAG GGG TTC TTA AAT AGG CAG .3
Rs5'-GAG GTT CIT TAA AAA CAG CCC A-3'
HOTAIR E:5'- CTG ACT CGC CTG TGC TCT G-3'

R:5'-CCG CCG TCT GTA ACT CTG G-3'
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