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Lung adenocarcinoma: from genomics to immunotherapy


INTRODUCTION
Lung cancer is the second most common type of cancer and is the leading cause of cancer death globally. In 2018, almost 2.1 million new cases were diagnosed, accounting for ∼12% of the cancer burden worldwide (Sung et al., 2021). The malignant stage of lung cancer is known as lung adenocarcinoma, which is the most common and is diagnosed in both smokers and non-smokers.
There are two main types of lung cancer, the non-small cell lung cancer (NSCLC) and the small cell lung cancer (SCLC). Genomic studies have indicated that more than 80% of lung malignancies are classified as NSCLC, of which adenocarcinoma is the predominant subtype. In metastatic patients, although significant progress has been made for tumors harboring druggable mutations such as EGFR, the majority of those is lacking of such mutations and the prognosis remains poor. Platinum doublet chemotherapy has been the mainstay first-line treatment for patients who are diagnosed with metastatic lung adenocarcinoma without a targetable mutation (Bodor et al., 2018).
In recent years, immunotherapy has emerged as a treatment option that has shown a strong response in a subset of patients. The immune agents block crucial checkpoints and regulate the immune response, but the tumor cells evade the patient’s immune system. By blocking these receptor–ligand interactions, a particular subset of T cells is activated to recognize and respond to tumor cells. While such responses to immunotherapy are promising, they have only been effective in ∼20% of patients (Murciano-Goroff et al., 2020).
Therefore, there is an urgent need to understand the underlying mechanism of lung adenocarcinoma from genome to immunotherapy. To address this unmet need, this Research Topic will focus on advancements related to lung adenocarcinoma (LUAD) and the identification of novel biomarkers as new therapy-determining or companion prognostic tools for the development of precise mechanism-based treatments.
NOVEL PROGNOSTIC BIOMARKERS FOR LUNG ADENOCARCINOMA
The original articles published in the present Research Topic updated about novel prognostic biomarkers in lung adenocarcinoma patients through in silico approaches. In particular, Wang et al. F’s group assessed the roles of unlocking phenotypic plasticity (UPP) in immune status, prognosis, and treatment in patients with LUAD based on the cancer genome atlas (TCGA) database (https://www.frontiersin.org/journals/genetics/articles/10.3389/fgene.2022.941567/full). They proposed UPP as a new and reliable prognosis indicator to predict the patient’s overall survival and help the clinician to predict therapeutic responses and make individualized treatment plans.
Similarly, Zhou X et al. investigated the expression of indolethylamine N-methyltransferase (INMT) and its clinical value as a prognostic biomarker in LUAD based on TCGA and Gene Expression Omnibus (GEO) databases (https://www.frontiersin.org/journals/genetics/articles/10.3389/fgene.2022.946848/full). They found that INMT expression was significantly downregulated in LUAD, and the low expression of INMT was associated with poor prognosis but favorable immunotherapy response in LUAD.
Song Y et al. highlighted the association of necroptosis with LUAD and its potential use in guiding immunotherapy based on transcriptomic and clinical data of patients from TCGA and GEO databases (https://www.frontiersin.org/journals/genetics/articles/10.3389/fgene.2022.1027741/full). They analyzed 902 samples and identified a prognostic signature of five necroptosis-related genes that could be used to predict the prognosis of LUAD patients.
Additionally, Zhu X’s group focused their attention on the role of basement membranes (BMs) and their related genes for prognosis prediction in LUAD patients from TCGA and GEO databases (https://www.frontiersin.org/journals/genetics/articles/10.3389/fgene.2023.1100560/full). They used a training set of data and a verification cohort and identified a prognostic signature of ten BM-associated genes that could be used to predict the prognosis of LUAD patients and guide personalized treatment.
Zhang et al. investigated the relationship between cuproptosis and long non-coding RNAs (lncRNAs) in carcinogenesis and prognosis/treatment of LUAD patients based on transcriptomic data of 507 samples from TCGA database (https://www.frontiersin.org/journals/pharmacology/articles/10.3389/fphar.2023.1236655/full). They constructed a prognostic model associated with the prognosis of patients with LUAD undergoing therapy and confirmed their results through in-vitro experiments.
Finally, Liu R’s group has dedicated its work to studying the correlation between neutrophils and tumor development in LUAD based on data from the TCGA database and in-vitro experiments, identifying 30 hub genes that were significantly associated with neutrophil infiltration and developing a neutrophil scoring system associated with prognosis, and tumor immune microenvironment.
RELEVANT CASE REPORTS
The present Research Topic also contains interesting, unusual, and noteworthy case reports that can help clinicians and scientists identify new trends, evaluate new therapeutic effects, as well as create new research questions. In particular, Hodges A et al. presented a 62-year female with Lynch syndrome, who developed an EGFR-positive lung adenocarcinoma highlighting the complex interplay of genetic cancer predisposition syndromes and the development of spontaneous driver mutations in the disease course and the subsequent management of tumors arising (https://www.frontiersin.org/journals/oncology/articles/10.3389/fonc.2023.1193503/full).
Li H et al. presented a 35-year female with a rare lung cancer exhibiting choriocarcinoma features demonstrating the potential of chemo-immunotherapy in treating this aggressive subtype of lung cancer (https://www.frontiersin.org/journals/oncology/articles/10.3389/fonc.2024.1324057/abstract).
Last but not least, Quanqing L et al. presented a 67-year female with a squamous cell carcinoma (NSCLC) that transforms into small cell carcinoma (SCLC) after five cycles of immunotherapy targeting PD-1 treatment (Sintilimab) of NSCLC (https://www.frontiersin.org/journals/oncology/articles/10.3389/fonc.2024.1329152/full). This histological transformation could represent a potential mechanism of cancer therapeutic resistance.
CONCLUSION
In conclusion, this Research Topic highlights the importance of good prognostic biomarkers in determining the most effective treatment and revolutionizing cancer precision medicine. The Research Topic of articles provides a comprehensive overview of current advancements in prognostic and therapeutic lung cancer biomarkers offering a substantive framework that informs ongoing scientific inquiry and clinical practice, aiming to improve the understanding and management of LUAD patients.
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Background: Unlocking phenotype plasticity (UPP) has been shown to have an essential role in the mechanism of tumor development and therapeutic response. However, the clinical significance of unlocking phenotypic plasticity in patients with lung adenocarcinoma is unclear. This study aimed to explore the roles of unlocking phenotypic plasticity in immune status, prognosis, and treatment in patients with lung adenocarcinoma (LUAD).
Methods: Differentially expressed genes (DEGs) and clinical information of UPP were selected from the cancer genome atlas (TCGA) database, and the GO, KEGG enrichment analyses were performed. The independent prognostic genes were determined by univariate and multivariate Cox regression, and the UPP signature score was constructed. Patients with LUAD were divided into high- and low-risk groups according to the median of score, and the immunocytes and immune function, the gene mutation, and drug sensitivities between the two groups were analyzed. Finally, the results were validated in the GEO database.
Results: Thirty-nine significantly DEGs were determined. Enrichment analysis showed that UPP-related genes were related to protein polysaccharides and drug resistance. The prognostic results showed that the survival of patients in the high-risk group was poorer than that in the low-risk group (p < 0.001). In the high- and low-risk groups, single nucleotide polymorphism (SNP) and C > T are the most common dissent mutations. The contents of immune cells were significantly different between high- and low-risk groups. And the immune functions were also significantly different, indicating that UPP affects the immunity in LUAD. The results from TCGA were validated in the GEO.
Conclusion: Our research has proposed a new and reliable prognosis indicator to predict the overall survival. Evaluation of the UPP could help the clinician to predict therapeutic responses and make individualized treatment plans in patients with LUAD.
Keywords: unlocking phenotype plasticity (UPP), LUAD, drug sensitivities, immune, prognostic
INTRODUCTION
Lung cancer is a malignancy with the highest mortality and the second high incidence worldwide (Al-Dherasi et al., 2021; Zheng et al., 2021). Lung cancer mainly includes non-small cell lung cancer (NSCLC) and small cell lung cancer (SCLC). LUAD is one of the main subtypes of lung cancer. However, most patients with LUAD were usually diagnosed at advanced stages. EGFR-TKIs were the primary treatment for patients with EGFR sensitive mutation. However, about 20–30% of patients with EGFR mutant NSCLC have immediate resistance to EGFR-TKIs (Shi et al., 2022). The mechanism of the EGFR-TKI immediate resistance is still not fully clarified. LUAD is a group of mutant types of diseases, and patients in the same pathological stage may have different prognoses, so it is necessary to explore accurate and hopeful biomarkers to help clinicians promote the accuracy and early diagnosis of LUAD and improve the survival of and guide personalized therapy (Yoshizawa et al., 2011; Gandhi et al., 2018).
Phenotype plasticity means that genotypes produce different phenotypes under different environmental conditions and is a crucial mechanism to adapt to environmental heterogeneity. Although researchers have always believed that these biological characteristics have been plaguing this biometric character. However, this point of view has been controversial. Traditionally, phenotype plasticity is considered to be decentralized and differentiated during tissue regeneration or wound healing. Although the degeneration process is the main link of the organization, the decentralization itself has the risk of cancer. Therefore, phenotype plasticity provides a new paradigm to understand the occurrence, development of cancer, and resistance to treatment.
Plasticity exists in various fields of life, and the role of phenotypic plasticity is still seldom studied in mammalian (Matesanz et al., 2021). Recently, in January 2022, the Cancer Discovery released the third edition of Hallmarks of Cancer to explain the mechanism of occurrence, development, and treatment of response characteristics in malignant tumors (Haan, JC et al., 2022). Four new tumor iconic features were introduced based on the previous version, including unlocking phenotypic plasticity, which contributed to a unique point of view. In this study, we aimed to use the clinical, genomic, and transcriptome data of TCGA for prognosis and bioinformatics analysis, to clarify the predictive significance of UPP on the prognosis of LUAD patients and the relationship between UPP and immunity and treatment. This study provided a new insight for the prognosis and treatment of LUAD.
MATERIALS AND METHODS
Patient and data acquisition
The LUAD tissue sample was downloaded in the TCGA dataset (https://cancergenome.nih.gov/). TCGA provides 522 clinical, 569 genomes and mutated data, and the Illumina Hi-SEQ RNA SEQ platform provides 594 RNA sequencing (RNA SEQ) data. First, the expression of the unlocked phenotype plasticity-related gene is screened from the gene expression files for differential expression analysis. Then, the differentially expressed genes (DEGs) were analyzed by GO and KEGG. Finally, the data were analyzed for prognosis, immunity, drug resistance, and so on.
Analysis of DEGs
The key step is to obtain DEGs of the unlocking phenotype plastic-related genes between tumors and normal samples. This study used “limma” package (http://www.bioconductor.org/) to calculate the DEGs (Liu et al., 2021). Wilcox test was performed to obtain DEGs between tumor and normal samples with the standard of | logFC | > 1 and false discovery rate (FDR) value <0.05. Then, the heatmap of DEGs was obtained to visualize their expression in different samples through the “ggplots” package in R. The longitudinal axis is displayed, and the color is used to distinguish between different differential expressions.
The verification of unlocking phenotypic plasticity-related genes by quantitative real-time polymerase chain reaction
To validate the expression profiles of UPP-related genes in LUAD, we performed quantitative real-time polymerase chain reaction (qRT-PCR) using the A549 cells and normal human bronchial epithelial (NHBE) cells. First, cells were cultured in DMEM (high glucose) + 10% fetal bovine serum +1% penicillin–streptomycin solution. Second, the A549 and NHBE cells were harvested when the confluence of cells is more than 90%. Then, cells were lysed with TRIzol reagent (Invitrogen, CA, United States). The concentrations of the total RNA of A549 and NHBE cells were measured by the NanoDrop 2000 spectrophotometer (Thermo Fisher Scientific, United States), and were synthesized into cDNA using the PrimeScript™ RT reagent kit (Takara, Japan). The qRT-PCR was conducted in the PCR apparatus (Applied Biosystems, Singapore) following the conditions: predenaturation at 95°C for 2 min, 95°C for 15 s, 60°C for 30 s, and 72°C for 30 s. Finally, the gene expression levels were calculated by the 2–Δ Ct method. The primers of genes were designed and synthesized by Sangon Biotech (Shanghai) Co., Ltd., and are available in Supplementary Table S1.
GO and KEGG enrichment analysis
The DEGs were analyzed by GO analysis through the “ClusterProfiler” package in R software. GO aims to solve the problem of inconsistent gene description in different databases with strictly defined concepts. GO function annotation mainly annotates and classifies differential genes according to the biological process (BP), molecular function (MF), and cellular component (CC). The p < 0.05 and FDR <0.05 of the DEGs were used as the localization conditions to obtain the GO item with the highest correlation with the DEGs. The KEGG path with p-value <0.05 and at least five genes were selected as the enrichment condition of DEGs. Finally, the bubble map is drawn by the “ggplot”s package in the R software.
Prognosis-related analysis
We use univariate and multivariate Cox regression analyses to analyze the overall survival (OS) to determine the significant correlation phenotype plasticity-related gene prognosis significantly associated with LUAD. Survival analysis was performed between high- and low-risk groups, and the results were visualized by the Kaplan–Meier curve. To explore the two groups of genetic mutations, we also draw a waterfall map.
Unlocking phenotypic plasticity and immunity and drug sensitivity prediction
SsGSEA was used to evaluate the difference of immune cell content and function between high- and low-risk groups. p-value <0.05 and FDR <0.05 are considered statistically significant. “c2. cp.kegg.v7.1. Symbol” was set as the reference. “McPCounter” is an R-Package that quantifies the absolute abundance of eight immunocytes and two matrix cells using transcription group data. The Genomics of Drug Sensitivity in Cancer database (GDSC; https://www.cancerrxgene.org/) was used to estimate the sensitivity of each patient to chemotherapeutic drugs. The half-maximal inhibitory concentration (IC50) was quantified via the “pRRophetic” package in R (Geeleher et al., 2014).
Statistical analysis
OS is defined as the time from the diagnosis of LUAD to the patient’s death or last follow-up. “Survival” package was used to draw the Kaplan–Meier survival curve, calculate the hazard ratio (HR), and evaluate the 95% confidence interval (CI) in R. Comparisons between two groups were calculated via Wilcoxon rank-sum test. Chi square test or Fisher exact test was used to compare categorical variables. p < 0.05 was considered to be statistically significant. All statistical analyses were performed in R (version 4.1.1).
RESULTS
DEG screening and heat map
At present, there are a few researches about the unlocking phenotype plasticity genes. In order to clarify the difference of the gene transcription level of unlocking phenotypic plasticity, we obtained DEGs between tumor samples and normal samples using the data of expression profile. A total of 39 significant DEGs were retrieved, of which 20 genes were significantly up-regulated in tumor samples; 19 genes were significantly up-regulated in normal samples. Then, we cluster DEGs and visualize them in the heat map (Figure 1).
[image: Figure 1]FIGURE 1 | Identification of the UPP-related DEGs. The heatmap analysis of the top 39 DEGs between the tumor and normal samples.
To further validate the UPP expression levels in LUAD, we selected the top 10 genes with the most significant expression differences to perform qRT-PCR, as described above. The results showed that ACAN (Figure 2A), CDKN3 (Figure 2C), GRIN2A (Figure 2D), IL17A (Figure 2E), KCNQ2 (Figure 2F), TIMP1 (Figure 2I), and UCHL1 (Figure 2J) were significantly up-regulated in lung adenocarcinoma cells. However, BMP2 (Figure 2B), SELP (Figure 2G), and SLC6A4 (Figure 2H) were significantly down-regulated in lung adenocarcinoma cells compared with NHBE cells. Collectively, these findings strongly suggested that UPP-related gene expressions were disturbed in LUAD.
[image: Figure 2]FIGURE 2 | qRT-PCR results for the top 10 genes with the most significant expression differences. The mRNA expression levels of ACAN (A), BMP2 (B), CDKN3 (C), GRIN2A (D), IL17A (E), KCNQ2 (F), SELP (G), SLC6A4 (H), TIMP1 (I), and UCHL1 (J). Expression levels of the 10 genes were normalized against GAPDH expression. *p < 0.05, **p < 0.01, ***p < 0.001.
GO and KEGG enrichment analyses
We use the gene expression of the ClusterProfiler in the R software to perform GO enrichment analysis. The results of BP analysis of GO enrichment suggest that DEGs are mainly enriched in the positive regulation of anion transport, the positive regulation of secretion, and the positive regulation of proteolysis. The CC results showed that DEGs are mainly enriched in the ion channel complex, transmembrane transporter complex, and cation channel complex; MF results showed that DEGs are mainly related to ubiquitin-like protein ligase binding, signaling receptor activator activity, histone acetyltransferase binding, ion transport, cell cycle regulation, and cell adhesion (Figure 3A).
[image: Figure 3]FIGURE 3 | Analysis of DEG distribution and function in LUAD patients. (A) GO enrichment analysis of biological process (BP), cellular component (CC) and molecular function (MF) results ranked by the adjusted p-value. (B) KEGG enrichment analysis results showed that DEGs were strongly associated with the AGE-RAGE signaling pathway and EGFR tyrosine kinase inhibitor resistance pathways.
Subsequently, the KEGG pathway enrichment analysis was carried out, and we only showed the first 10 pathways (Figure 3B). These DEGs are strongly correlated with the AGE–RAGE signaling pathway, EGFR tyrosine kinase inhibitor resistance, and other signaling pathways. It has an important impact on cancer progression through important biological processes related to drug resistance.
Survival analysis
Eleven unlocked phenotype plastic-related genes (Figure 4A) were screened by univariate Cox analysis. Next, multivariate Cox analysis results showed that ABCB1, ADIPOQ, NGF, F9, CDKN3, ACAN, and CEBPB are independent prognostic genes. According to the expression level and coefficient of the separate prognostic gene, we constructed the signature following the formula: Risk Score = (1.267 × ADIPOQ) - (0.523 × ABCB1) - (0.233 × NGF) + (12.988 × F9) + (0.281 × CDKN3) + (0.605 × ACAN) + (0.168 × CEBPB). The samples were divided into two groups according to the median of the risk score (Table 1). Survival analysis was conducted for high- and low-risk groups. Compared to the low-risk group, patients in the high-risk group had worse prognoses (p < 0.01) (Figures 4B–D).
[image: Figure 4]FIGURE 4 | Landscape of UPP and prognosis in LUAD. (A) 11 UPP-related genes were obtained by univariate Cox analysis. (B) Survival analysis between high- and low-risk groups. (C) The risk score curve of all LUAD patients in the TCGA. (D) The scatter plot of LUAD survival time periods in the TCGA. (E) The Oncoplot of the low-risk group in LUAD. (F) The Oncoplot of the high-risk group in LUAD. Oncoplot shows the list of top 20 genes ordered by the number of samples with the gene variants, and the percentage represents the ratio of samples with gene variation to total samples.
TABLE 1 | Independent prognostic genes and coefficients.
[image: Table 1]Mutations in high and low groups
In order to explore the cases of the genetic mutation of the two groups, the waterfall map was drawn. High- and low-risk groups are shown in Figures 3E,F, respectively (Figures 4E,F). TP53, TTN, and MUC16 also have a higher mutation rate. The top 20 mutation genes, PCDH15, MUC17, RPIL1, DAMTS12, and PAPPA219 mutations, exist only in the high-risk group, while ANK2, NAV3, ZNF536, APOB, and DANH9 mutations exist only in the low-risk group. Single nucleotide polymorphism (SNP) was responsible for such variants, and single nucleotide variants (SNVs) mostly occurred as C > A and C > T in the high- (Figures 5A–F) and low-risk (Figures 5G–L) groups.
[image: Figure 5]FIGURE 5 | Distributions of mutant genes in high- and low-risk groups. (A) Variant classification and frequency of gene mutations in the high-risk group. (B) Variant type in the high-risk group. (C) Frequency of SNV classes in the high-risk group. (D) Median of variants per sample in the high-risk group. (E) Variant classification summary in the high-risk group. (F) List of top 10 mutated genes in the high-risk group. (G) Variant classification and frequency of gene mutations in the low-risk group. (H) Variant type in the low-risk group. (I) Frequency of SNV classes in the low-risk group. (J) Median of variants per sample in the low-risk group. (K) Variant classification summary in the low-risk group. (L) List of top 10 mutated genes in the low-risk group.
Unlocking phenotypic plasticity and immune correlation
Immunocytes in tumor environments play important roles in tumor progression. We use ssGSEA to assess the correlation between immunocytocytes and related functions. The immune cells aDCs, B_cells, DCs, iDCs, Mast_cells, Neutrophils, T_helper_cells, and TIL have significant differences between two groups. The immune function is significantly different in HLA, MHC_class_I, and Type_II_IFN_Reponse (Figures 6A,B). The absolute abundance of eight immune cells and two stromal cells was evaluated using MCPcounter. The results showed that the abundance of B lineage, endothelial cells, myeloid dendritic cells, neutrophils, and T cells was higher in the low-risk group (Figures 6C–G), while the abundance of fibroblasts was higher in the high-risk group (Figure 6H).
[image: Figure 6]FIGURE 6 | The landscape of immune infiltration in LUAD. (A) Differences of immune cells in the high- and low-risk groups. (B) Differences in the immune function between high- and low-risk groups. (C) Violin plot of B lineage. (D) Violin plot of endothelial cells. (E) Violin plot of myeloid dendritic cells. (F) Violin plot of neutrophils. (G) Violin plot of T cells. (H) Violin plot of fibroblasts. The horizontal line in the Violin plot represents the median, and blue and red represent the high-risk and low-risk groups, respectively. p < 0.05 shows the significant statistical difference between two groups.
Relations between unlocking phenotypic plasticity and therapeutic sensitivity
We compare the commonly used chemotherapy drugs, including paclitaxel (Figure 7A), cisplatin (Figure 7B), docetaxel (Figure 7C), etoposide (Figure 7D), gefitinib (Figure 7E), gemcitabine (Figure 7F), methotrexate (Figure 7G), sorafenib (Figure 7H), and sunitinib (Figure 7I)-estimated IC50 levels. Our data showed that the IC50 level of methotrexate in the low-risk group is significantly lower than that in the high-risk group, indicating that patients in the low-risk group are more sensitive to methotrexate. On the contrary, paclitaxel, cisplatin, docetaxel, etoposide, gefitinib, gemcitabine, sorafenib, and sunitinib were more sensitive in the high-risk group.
[image: Figure 7]FIGURE 7 | Box plots depicted the differences in the estimated IC50 levels of (A) Paclitaxel; (B) Cisplatin; (C) Docetaxel; (D) Etoposide; (E) Gefitinib; (F) Gemcitabine; (G) Methotrexate; (H) Sorafenib; (I) and Sunitinib between the high- and low-risk groups.
External verification
In the GSM72094 dataset of GEO database, we further verified the effectiveness of unlocking phenotypic plasticity score in predicting prognosis and drug sensitivity. Consistent with the results of the TCGA database, the prognosis of the high-risk group was significantly worse than that of the low-risk group in GSM72094 dataset (Figure 8A). In addition, the drug sensitivity of the prognostic score was further evaluated to speculate on the therapeutic benefits of LUAD patients. The results showed that the low-risk group was more sensitive to methotrexate, while the high-risk group was more sensitive to paclitaxel, docetaxel, and sorafenib (Figures 8B–E), which was consistent with the drug sensitivity results in the TCGA database.
[image: Figure 8]FIGURE 8 | Verify the results in the GEO database. (A) Survival analysis between high- and low-risk groups. Box plots depicted the differences in the estimated IC50 levels of (B) Paclitaxel; (C) Docetaxel; (D) Methotrexate; (E) and Sorafenib between the high- and low-risk groups.
DISCUSSION
Previous findings have shown that phenotypic plasticity is directly related to the origin, progression, and treatment response of cancer cells (Healy and Schulte, 2015). The environmental factors affecting phenotype can be continuous or discontinuous, and the influence of environment can last for the whole life cycle of organism. Tumor heterogeneity stems, in part, from the ability of cancer cells to switch between phenotypic states, but the genetic of this cellular plasticity is still poorly understood.
In this study, we excavated the public database TCGA to explore the influence of unlocking phenotypic plasticity on the survival of LUAD patients, which proves that there is a worse clinical outcome in patients with unlocked phenotype plastic-related genetic mutations. The effect mechanism of unlocking the phenotypic plasticity on LUAD was discussed by bioinformatics for the first time. In what ways does unlocking the phenotypic plasticity affects the prognosis of LUAD patients? In this study, we were analyzed by the differential expression of the unlocked population plasticity and obtained 39 DEGs. GO and KEGG analyses were performed on DEGs to find the possible functions of DEGs and the metabolic and signaling pathways mainly involved.
The results of GO showed that the DEGs were related to the positive regulation of anion transport, positive regulation of secretion, positive regulation of proteolysis, and histone acetyltransferase binding. Studies have found that the most distinct group of protein modifiers is histone acetyltransferase (HATS). Most groups of histone acetylationase have substrate specificity to guide the acetylation of a particular residue within one or more core groups (Salutari et al., 2022). However, these substrate specificities are not fixed and can be changed by catalytic subunits and protein complexes. The presence of many of HAT complexes expands the modified state of the chromosome template. Therefore, more and more evidence suggests that specific cellular processes are related to the precise model of histone modification (Zhao et al., 2022). Ion transport, protein catabolism, and other functions are also indispensable physiological mechanisms for tumor cell proliferation and metastasis. Tumor microenvironment is very important for the heterogeneity and the plasticity of tumor cells of LUAD.
We found that DEGs were mainly enriched in AGE-RAGE signaling pathway, and EGFR tyrosine kinase inhibitor resistance. The AGE-RAGE signal pathways promote autophagy flux while inhibiting apoptotic signals in cancer cells (Waghela, BN et al., 2021). The activation of autogenesis, such as beclin-1 passes through autophagy to promote cancer cell survival (Chhipa et al., 2019). The activation of the AGE-RAGE signal also produces oxygen-free radicals, leading to oxidative stress and activation of NF-κB. The latter secretes proinflammatory cytokines, growth factors, and adhesion molecules, such as intercellular adhesion molecule-1 and vascular cell adhesion molecule-1, which eventually lead to cancer progression. AGEs may change the extracellular matrix (ECM) through the production of cell surface receptors and proinflammatory cytokines. The overexpression of RAGE increases the migration, invasion, and epithelial mesenchymal transformation of human lung adenocarcinoma cells through the ERK signaling pathway (El-Far et al., 2020). Recent reports show that AGEs also promote cell proliferation and migration of breast cancer cells (Chen et al., 2020). Bhargav N. Waghela et al.'s recent studies have shown that AGE-RAGE signaling pathways are related to programmed cell death signal, apoptosis, and autophagy (Waghela, BN et al., 2021).
Although TKI-induced or selected genetic changes can drive drug resistance, drug resistance occurs in tumor cells without genetic changes. In the case of no gene changes, tumor cells are plasticity; from tumors, the various components of the microenvironment causing a change in tumor phenotypes may be the driving factor of drug resistance (Tsai and Nusinov et al., 2019; Gkountakos et al., 2022). A tumor microenvironment (TME) is a mixture of active ingredients and dynamic components, including a large number of metabolites, which interact to promote carcinogenic survival and proliferation. In particular, EGFR-TKI-resistant cell-secreted lactic acid is swallowed by cancer-related fibroblasts (CAFs), triggering the excess secretion of hepatocyte growth factor (HGF) and subsequent MET signal activation, indicating that there is a non-cellular autonomous metabolic EGFR-TkI drug resistance mechanism (Zhao et al., 2019). Recent studies have shown that extracellular matrix (ECM) has played a new role in malignant cancer progression and targeted therapeutic resistance (Levy et al., 2016; Chen W. et al., 2022). Yanan Yang et al. studied ECM as a unique role in obtaining EGFR TKIS drug resistance (Wang, et al., 2018).
Phenotype plasticity in the tumor process is also driven by the activation of the developmental differentiation procedure—epithelial–mesenchymal transition (EMT); an EMT is the broadest example of phenotype plasticity. Its role in tumor progression and metastasis has been fully confirmed. A transfer is the cause of most cancer patients (Yang et al., 2018). Recently, researchers have discovered several transition conditions that occurred during skin squamous cell carcinoma and breast tumors (Rubin, MA et al., 2020). Tumor cells in different differentiation stages, from epithelial to complete mesenchymal cells, exhibited similar tumor proliferation capabilities through intermediate hybridization. Tumor cell subsets show other cell plasticity and invasiveness.
We divide patients into high- and low-risk groups through univariate and multivariate Cox regression analyses, and the results show that the high-risk groups are poorer than the low-risk groups. After the differential expression gene is submitted to the associated prognostic gene, seven intersection genes are obtained, namely, ABCB1, ADIPOQ, NGF, F9, CDKN3, ACAN, and CEBPB. ABCB1 is a member of the ABCB subfamily located on chromosome 7q21. It consists of 28 exons, encoding 1280 amino acid glycoproteins (MDR1/PGP). MDR1/PGP produces different interactions with different drugs (Manna et al., 2015). In addition to a wide range of substrate specificity, the unique feature of MDR1/PGP is its base ATPase activity. MDR1/PGP can output most neutral and cationic hydrophobic compounds, and cancer cells can efficiently utilize this mechanism as the main barrier to chemotherapy. Cells with higher MDR1/PGP levels have selective advantages in adapting to harsh environments such as hypoxia or inflammation. The study found that MDR1/PGP confers cancer cell resistance by inhibiting caspase-dependent apoptosis (Yang et al., 2022). The effectiveness of these interesting conjectures is to be further confirmed and confirmed by experiments such as the knockout model.
Human CDKN3 gene encodes cyclin-dependent kinase inhibitor 3, which is a bispecific protein tyrosine phosphatase of the CDC14 group. CDKN3 is used as CDK1 and CDK2 inhibitory proteins, which are conventionally considered a negative regulatory factor of the cell cycle process (Li et al., 2022). Although CDKN3 has a negative adjustment effect on CDK1 and CDK2, the carcinogenic effect of CDKN3 is abnormally expressed, which is related to a variety of human cancers. In esophageal cancer, CDKN3 affects the progress of cancer by promoting cell cycle and chemotherapy. Chao Fan found that CDKN3 has increased in NSCLC, and the CDKN3 high expression is always related to the total survival of these patients (Fan et al., 2015). There is also evidence to support that CDKN3 in cervical cancer (CC) can not only be used as a useful marker that survives and selects additional chemotherapy or specific targeted cancer treatment but also as a specific small drug for developing anti-CC potential target.
CCAAT/enhancer binding protein (CEBPS) is a leucine zipper transcription factor family to participate in cell proliferation and differentiation (Huang et al., 2020). Although it is well known that CEBPB is a transcription factor involved in adipocytes and immunocyte differentiation. Still, the function of CEBPB in NSCLC has been controversial, which may be because CEBPB depends on the synergistic transcription factor and/or the apparent genetic state of the respective gene sites in the intracellular environment. Studies have shown that under the transcription of CEBPB, long-coded RNA LOC102724169 can enhance cisplatin on the therapeutic effect of ovarian cancer cells (Lynch and May. 2011). CEBPS enhances the drug resistance of cisplatin to cisplatin by enhancing nasopharyngeal carcinoma cells in combination with the serine protease inhibitor Kazal 5-type promoter region. There is also evidence to support CEBPB-NRF2 synergies to drive cancer malignancy by improving the initial tumor activity and drug resistance (Perino et al., 2014).
Introduction to the mutation of high- and low-risk groups, in the top 20 mutation genes, PCDH15, MUC17, RPIL1, DAMTS12, and PAPPA219, exists only in the high-risk group, while ANK2, NAV3, ZNF536, APOB, and DANH9 exist only in the low-risk group. In the high- and low-risk groups, the most common mutation is missense mutation, followed by nonsense mutation. Single nucleotide polymorphism (SNP) was responsible for such variants, and single nucleotide variants (SNVs) mostly occurred as C > A and C > T. However, the role of PCDH15, MUC17, RPIL1, DAMTS12, and PAPPA219 expressed in a tumor microenvironment remains to be studied.
The anti-PD-1 and anti-PD-L1 antibodies have proven effective for certain LUAD patients (Zhang et al., 2020). Their therapeutic response is related to immune infiltration and related gene expression in the tumor environment. Therefore, it is very important to identify immune-related cells in the tumor environment. We found that aDCs, B_cells, DCs, iDCs, Mast_cells, Neutrophils, T_helper_cells, and TIL infiltration levels are related to the low-risk group. The immune function is different in HLA, MHC_class_I, and Type_II_IFN_Reponse. MCPcounter results show that B lineage, endothelial cells, myeloid dendritic cells, neutrophils, and T cells have higher abundance in the low-risk group, while fibroblasts are high in the high-risk groups. These results indicate that patients with the low-risk group may benefit from immune checkpoint inhibitors. Phenotype plasticity may be related to the adjustment of tumor microenvironment into fibroblast abundance, thereby affecting tumor growth and progression.
Although there are more and more treatment programs, in modern cancer medicine, the development of drug resistance is a major challenge and the cause of failure and disease recurrence. LUAD usually has chemotherapy to resist drug resistance (Dokla, EME et al., 2019). Our data show that low-risk patients are more sensitive to methotrexate. Methotrexate combined immunosuppressive treatment may alleviate the drug resistance mechanism. High-risk groups are more sensitive to paclitaxel, cisplatin, docetaxel, etoposide, gefitinib, gemcitabine, sorafenib, and sunitinib. Lowering the abundance of fibroblasts in a tumor microenvironment may be a targeted treatment direction (Chen J. et al., 2022).
Cancer cells have obtained two important malignant characteristics of metastasis and drug resistance during differentiation. The differentiation state of the tumor is a key determinant of therapeutic resistance. It was studied in an experiment that induced EMT or degeneration in a cancer cell line and mouse model (ScheelWeinberg. 2011). The results show that the deplified promotes drug resistance to various chemotherapeutic drugs, and the decimalization increases about 10 times the IC50 dose of chemotherapeutic drugs. This requires further in vitro and in vivo studies. In addition, further clinical research is needed to determine if phenotype plasticity is of independent prognostic biomarker, as well as their relationship with the therapeutic effect.
We first link the unlocked phenotype plasticity with LUAD. Our study shows that ABCB1, ADIPOQ, NGF, F9, CDKN3, ACAN, and CEBPB may be potential genes for resistance to drug resistance. It may be a useful biomarker that affects the plasticity of the phenotype. Phenotype plasticity may provide potential biomarkers between tumor microenvironments, ICIS, and treatment reactions, which may be valued for LUAD treatment and prognosis.
Similar to previous studies (Yi et al., 2021), we successfully divided patients with lung adenocarcinoma into high-risk and low-risk groups by constructing the UPP-related model through gene signatures. This model can predict the prognosis and evaluate the content of immune cells. In addition, the model also evaluated the function of immune cells, the abundance of stromal cells, and drug sensitivity. Immune cells and this model can predict the sensitivity of patients to chemotherapy drugs and help clinical patients formulate personalized treatment plans.
However, our research still has some limitations: first, the lack of experiments to verify the association between ingredients such as immune cells and prognosis in microtumor environments. Second, the lack of large clinical samples to forward the predictive value of prognosis characteristics of LUAD patients. In addition, the experimental exploration of potential functions and mechanisms in the signal and immunization infiltration of unlocking phenotype plasticity-related genes in LUAD progression. Therefore, further study is required in a clinical trial of larger sample quantities to verify the value of unlocking phenotype plasticity in LUAD prognosis.
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Low expression of INMT is associated with poor prognosis but favorable immunotherapy response in lung adenocarcinoma
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Background: The expression of INMT (indolethylamine N-methyltransferase) has been reported to be downregulated in non-small-cell lung cancer (NSCLC). However, the role of INMT in NSCLC remains elusive. We aim to investigate the underlying mechanisms and clinical value of INMT in NSCLC, especially in lung adenocarcinoma (LUAD).
Methods: Gene expression cohorts from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) were analyzed to assess the effect of INMT on NSCLC. Gene expression data from an immunotherapy cohort were used to investigate the association of INMT with immunotherapy in NSCLC.
Results: INMT expression was significantly downregulated in NSCLC compared with adjacent normal tissues. Downregulated INMT was associated with poor overall survival in LUAD, but not in lung squamous carcinoma. Multivariate Cox regression analysis suggested that INMT was an independent prognostic marker in LUAD. INMT had a reference value in the diagnosis and prognostic estimation of LUAD. Gene set enrichment analysis showed that pathways of the cell cycle and DNA damage response were enriched in the INMT low-expression group. The top 10 hub genes upregulated in the INMT low-expression group mainly activated the cell cycle pathway. In addition, more frequently mutated TP53 genes, higher aneuploidy scores, a fraction of genomes altered, MANTIS scores, and tumor mutation burden were found in tumors with low expression of INMT. Furthermore, patients with low expression of INMT showed favorable clinical benefits to anti-PD-1 treatment with higher enrichment scores of immune-related signatures.
Conclusion: The low expression of INMT was associated with poor prognosis but favorable immunotherapy response in LUAD. INMT may affect the progression of LUAD by regulating the cell cycle and may serve as a valuable independent prognostic biomarker in patients with LUAD.
Keywords: INMT, lung adenocarcinoma, prognosis, immunotherapy, cell cycle
INTRODUCTION
Non-small-cell lung cancer (NSCLC) is a malignant cancer that has the highest mortality rate of all cancers worldwide (Siegel et al., 2020; Sung et al., 2021). Lung adenocarcinoma (LUAD) is the largest subtype of NSCLC (Little et al., 2007). Advances in recent years, such as the identification of multiple oncogenic drivers and the use of immunotherapies, have changed the treatment of LUAD (Kleczko et al., 2019). However, the survival rates remain low. Therefore, it is urgent to find more effective biomarkers to smooth the way for novel therapeutic methods.
In recent years, immunotherapy, especially immune checkpoint inhibitors (ICIs) targeting programmed cell death-1 (PD-1) and its ligand PD-L1, has revolutionized cancer treatment and substantially improved patient outcomes in NSCLC (Suresh et al., 2018). However, only a limited subset of patients could benefit from immunotherapy, and immunotherapy lacks precise biomarkers to predict efficacy (Brahmer et al., 2012). Therefore, identifying biomarkers to screen dominant populations for ICI efficacy is particularly important. Multiple factors associated with the clinical outcome of immunotherapy are discovered, such as PD-L1 expression (Herbst et al., 2014; Shukuya and Carbone, 2016), tumor mutation burden (TMB) (Rizvi et al., 2015), DNA mismatch repair deficiency (Le et al., 2015), the degree of cytotoxic T-cell infiltration (Tang et al., 2016), mutational signature (Miao et al., 2018), antigen presentation defects (Chowell et al., 2018), interferon signaling (Ayers et al., 2017), and tumor aneuploidy (Davoli et al., 2017). These biomarkers show different accuracies and utilities, and identifying robust ICI-response biomarkers remains a critical challenge in the field (Nishino et al., 2017).
Indolethylamine N-methyltransferase (INMT) is a methyltransferase that regulates the tryptophan metabolic pathway by catalyzing the N-methylation of tryptamine and structurally related compounds (Chu et al., 2014; Torres et al., 2019). As a thioether S-methyltransferase, it also plays an important role in the detoxification of selenium compounds (Kuehnelt et al., 2015). It is specifically expressed in the lung and expressed as supplemental in the liver, kidneys, prostate, and other tissues (Fukumoto et al., 2020). It has been reported that the expression of INMT is downregulated in lung cancer, prostate cancer, and meningioma (Kopantzev et al., 2008; Larkin et al., 2012; Schulten et al., 2016). However, the role of INMT and its molecular mechanism in cancer, especially lung cancer, remain unknown. The study of the molecular mechanism of INMT would help us better understand the process of tumorigenesis and development and find new targets in cancers. Herein, using data from The Cancer Genome Atlas (TCGA) project and the Gene Expression Omnibus (GEO) database, we performed a secondary analysis to thoroughly analyze the INMT expression level, determine its prognostic role, and explore its potential functions in NSCLC.
MATERIALS AND METHODS
Genomic data sources
The transcriptome sequencing data (including 962 NSCLC samples and 103 adjacent nontumor samples), somatic mutation data (including 486 LUAD samples), and clinical information of TCGA data were downloaded from the Genomic Data Commons (GDC) data portal (https://portal.gdc.cancer.gov/). The samples from primary lesions that had a follow-up time of more than 1 month were included in this study. The following gene expression profiles were downloaded from GEO (www.ncbi.nlm.nih.gov/geo/): GSE19188 (including 65 tumor samples and 72 adjacent nontumor samples), GSE72094 (including 398 LUAD samples), and GSE41271 (including 183 LUAD samples); these were used to further validate our results. The PD-1 immunotherapy gene expression profiling dataset GSE135222 (including 27 NSCLC samples) was downloaded from GEO and used to analyze the association between INMT expression and immunotherapy response. The detailed data sources used in this study are summarized in Supplementary Table S1.
Establishment and evaluation of the nomogram for lung adenocarcinoma survival prediction
In this study, all independent prognostic factors were selected using multivariate Cox regression analysis and used to construct the nomogram to evaluate the 3- and 5-year overall survival (OS) probabilities of LUAD patients. Covariates in the nomogram were assessed for the patient and given a point. A higher total number of points represented a lower expected survival. By comparing the predicted probability of the line chart with the observed actual probability through a calibration curve, the accuracy of the line chart was verified. The overlapping reference lines show that the model is accurate.
Differential gene expression analysis
The “limma” package (version 3.46.0), using R software, was used to screen differentially expressed genes (DEGs) between INMT low- and high-expression groups. INMT-related DEGs were identified when the adjusted p-value < 0.05 and |log2(Fold Change) | > 1.
Gene set enrichment analysis and functional annotation
Gene set enrichment analysis (GSEA) was performed to explore the biological functions of INMT in LUAD (Subramanian et al., 2005). First, we ranked all the mRNAs according to the fold change between INMT high- and low-expression groups. Then, the ordered mRNAs were imported to the R package “clusterProfiler” (version 3.18.1) for GSEA, containing KEGG and Reactome pathways from a Molecular Signatures Database (MSigDB) (https://software.broadinstitute.org/gsea/msigdb). Benjamini–Hochberg standard false discovery rate correction was used for multiple testing corrections. The gene set was considered significantly enriched when the adjusted p-value < 0.05.
Protein–protein interaction network construction and hub gene identification
The protein–protein interaction (PPI) data were extracted from the Search Tool for the Retrieval of Interacting Genes (STRING) database (https://string-db.org/), an online tool allowing users to upload the data of DEGs. It is used to analyze the PPI information and to evaluate the interaction relationships among DEGs (Szklarczyk et al., 2015). After downloading INMT-related DEG interactions, the PPI network was visualized using Cytoscape (3.7.2) software (http://www.cytoscape.org/). In Cytoscape, module screening and connection degree computation were performed using the maximal clique centrality (MCC) method in the cytoHubba plugin. Nodes with a higher degree of connection were more essential for maintaining the stability of the entire network; usually, nodes with a degree of connection ≥10 were considered to be core candidate genes. In this study, the top 10 hub genes were selected for further functional analysis. The GeneMANIA database (http://www.genemania.org) was also applied to construct the INMT interaction network.
The relationship between gene expression and pathway activity in GSCALite
Gene Set Cancer Analysis (GSCALite) (http://bioinfo.life.hust.edu.cn/web/GSCALite/) is a web-based platform for dynamic analysis and visualization of gene sets from the point of view of the expression of malignant tumor genes correlations with drug sensitivity (Liu et al., 2018). The correlation between gene expression and pathway activity groups (activation and inhibition) defined by pathway scores was analyzed in GSCALite. Pathway activation (red) represents the percentage of cancers in which the pathway may be activated by given genes, and inhibition in a similar way is shown as pathway inhibition (blue).
The relationship between gene expression and drug sensitivity in GSCALite
The drug sensitivity analysis of GSCALite has collected 481 small molecules from the Cancer Therapeutics Response Portal (CTRP) (https://portals.broadinstitute.org/ctrp/) (Rees et al., 2016). Drug sensitivity and gene expression profiling data on cancer cell lines in CTRP are integrated for investigation (Garnett et al., 2012). The expression profiling of each gene in a given gene set is performed by Spearman’s correlation analysis with small molecule/drug sensitivity (IC50). The Spearman correlation represents the gene expression that correlates with the drug. A negative correlation means that the gene’s high expression is sensitive to the drug and vice versa.
Mutational analysis
The R package “maftools” (version 2.6.05) was used to analyze the frequently mutated genes in the TCGA-LUAD cohort. Aneuploidy scores, a fraction of genome altered, MANTIS scores, and TMB scores were downloaded from cBioPortal (https://www.cbioportal.org/study/clinicalData?id=luad_tcga_pan_can_atlas_2018). TMB scores of the immunotherapy cohort were downloaded from GEO (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE135222). The aneuploidy score is the total number of arm-level gains and losses for a tumor, adjusted for ploidy. The fraction of genome altered is the percentage of copy number-altered chromosome regions out of measured regions. The MANTIS score is a score that predicts a patient’s microsatellite instability (MSI) status (Bonneville et al., 2017). TMB is broadly defined as the number of nonsynonymous somatic mutations per megabase of the interrogated genomic sequence as previously described (Chalmers et al., 2017).
Immune gene signature calculation
Immuno-Oncology Biological Research (IOBR) is a tool for leveraging multi-omics data to facilitate immuno-oncology exploration and unveil tumor–immune interactions (Zeng et al., 2021). The gene sets utilized for the immune signature score in this study are defined as previously reported (Ayers et al., 2017; Charoentong et al., 2017; Mariathasan et al., 2018) and are presented in Supplementary Table S2. The enrichment scores of these immune gene signatures were calculated using the “IOBR” R package (version 0.99.9).
Statistical analysis
The Student t-test or Wilcoxon rank-sum test was used to compare two groups of continuous variables, depending on whether the data were normally distributed. The Chi-squared test or Fisher’s exact test was used to compare categorical variables. The Spearman correlation test was applied to evaluate the correlation between sample factors. Receiver operating characteristic (ROC) analysis was performed to assess the diagnostic value of INMT expression in NSCLC. The Kaplan–Meier method was applied for survival analysis, and the log-rank test was used to estimate statistical significance. Multivariate Cox regression analysis was used to screen potential prognostic factors. The level of significance was set at p < 0.05, and all statistical tests were two-sided. All statistical data analyses were implemented using R software, version 4.0.2.
RESULTS
Indolethylamine N-methyltransferase was significantly downregulated in patients with NSCLC
A brief flowchart of our study is shown in Figure 1. We first used the TCGA-NSCLC database to evaluate the mRNA expression levels of INMT in NSCLC patients and adjacent normal tissues. The result showed that the expression level of INMT in NSCLC was significantly lower than that in normal tissues (p < 0.001) (Figure 2A). This result was verified in GSE19188 and CPTAC-LUAD cohorts at a transcription level and protein level, respectively (Figure 2B and Supplementary Figure S1A). According to ROC curve analysis, INMT was a robust predictor of NSCLC, with an area under the curve (AUC) = 0.976 (Figure 2C). Furthermore, we found that the expression of INMT in LUSC was significantly lower than that in LUAD (Figure 2D). Additionally, based on the TCGA cohort, we used the Spearman rank correlation test to analyze the correlation of INMT expression with a pathological stage in LUAD and LUSC. We observed a weak but significant negative correlation between INMT expression and pathological stage in both LUAD and LUSC, i.e., INMT expression decreases as the stage increases (Supplementary Figures S1B, S1C). These results showed that INMT was significantly downregulated in patients with NSCLC and was a robust predictor of NSCLC.
[image: Figure 1]FIGURE 1 | Study flowchart. INMT, indolethylamine N-methyltransferase; NSCLC, non-small-cell lung cancer; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; TCGA, The Cancer Genome Atlas; K-M curve, Kaplan–Meier survival; GSEA, gene set enrichment analysis.
[image: Figure 2]FIGURE 2 | Expression of INMT in normal lung and NSCLC tissues. (A,B) Differential expression of INMT in normal lung and NSCLC tissues in TCGA dataset (A) and the GSE19188 dataset (B). (C) Evaluation of the sensitivity and specificity of NSCLC diagnosis by ROC curves in TCGA dataset and the GSE19188 dataset. (D) Differential expression of INMT in normal lung, LUAD, and LUSC tissues in TCGA dataset (left) and the GSE19188 dataset (right), respectively. NSCLC, non-small-cell lung cancer; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; ROC, receiver operator characteristic; AUC, area under the curve; TPM, transcripts per million mapped reads.
Low indolethylamine N-methyltransferase expression is associated with poor prognosis of patients with lung adenocarcinoma
To identify whether INMT expression affects patient survival, Kaplan–Meier survival analysis was conducted on the TCGA-NSCLC cohort. As shown in Figure 3A, low INMT expression was associated with poor prognosis in LUAD patients. At the cutoff value of a quantile of 30%, the survival difference between the low-INMT group and the high-INMT group was the most significant in LUAD patients. So, we used this cutoff to classify LUAD patients into a low INMT expression group (30% of samples with the lowest expression) and a high INMT expression group (the remaining 70% of the samples) in this study. The Kaplan–Meier survival analysis showed that the low expression of INMT was significantly related to the poor OS of LUAD patients [Hazard ratio (HR), 1.54; 95% CI, 1.14-2.08; p-value = 0.005] (Figure 3B). Multivariate Cox regression analysis results suggested that INMT expression was an independent prognosis factor in the TCGA-LUAD cohort, after adjusting age, gender, and pathological stage (Figure 3C). Similarly, we also checked the association between INMT expression and survival in LUSC patients. However, the Kaplan–Meier survival analysis failed to show a significant difference between low and high INMT expression groups in LUSC patients (Supplementary Figures S2A, S2B). Furthermore, we validated the relationship between INMT expression and OS using two GEO-LUAD cohorts (GSE72094 and GSE41271) and demonstrated that INMT was an independent prognosis factor in LUAD patients through multivariate Cox analysis (Figures 3D–G).
[image: Figure 3]FIGURE 3 | Prognostic significance of INMT in LUAD patients. (A) Hazard ratio (HR) and statistical results of the INMT high-expression group versus low-expression group at different cutoffs in TCGA-LUAD cohort. The blue dashed line represents the HR value, the red dashed line represents the p-value, and the solid red line represents p = 0.05. (B) Kaplan–Meier curve analysis of the prognostic significance of high- and low-expression of INMT in TCGA-LUAD cohorts. (C) Multivariate Cox analysis of the clinical characteristics and INMT associated with overall survival (OS) in TCGA-LUAD cohort. (D,E) Kaplan–Meier curve analysis of the prognostic significance of high and low expression of INMT in two GEO-LUAD cohorts (GSE72094 and GSE41271), respectively. (F,G) Multivariate Cox analysis of the clinical characteristics and INMT associated with OS in two GEO-LUAD cohorts (GSE72094 and GSE41271), respectively. The cutoff of 30% quantile was used to divide patients into low- and high-expression groups. LUAD, lung adenocarcinoma; HR, hazard ratio; OS, overall survival.
Prognostic nomogram model for lung adenocarcinoma overall survival
To better predict the prognosis of LUAD patients in the clinic, we developed a prognostic nomogram model by integrating two independent predictors of mortality from the aforementioned analyses, INMT expression and pathological stage, into a multivariate Cox regression model, which was evaluated and validated using TCGA, GSE72094, and GSE41271 data (Figures 3C, F, G). A score based on the nomogram developed in the current study was calculated to predict the 3- and 5-year survival probabilities for individual patients (Figure 4A). The calibration plot showed that the nomogram performed well in predicting patient OS according to an ideal model (Figure 4B).
[image: Figure 4]FIGURE 4 | Nomogram for the prediction of survival in LUAD. (A) Nomogram by multivariate Cox regression analysis for predicting the proportion of patients with overall survival (OS). (B) Plots depict the calibration of the model in terms of the agreement between predicted and observed OS. Model performance is shown by the plot, relative to the 45-degree line, which represents perfect prediction. OS, overall survival.
Low indolethylamine N-methyltransferase expression is closely related to the cell cycle, DNA replication, and DNA damage response pathways
To investigate the possible signaling pathways in which INMT might be involved, GSEA was performed on the TCGA-LUAD cohort. Supplementary Tables S3 and S4 illustrate GSEA results of KEGG and Reactome gene sets between high- and low-INMT groups, respectively. As shown in Figure 5A, KEGG gene sets of the cell cycle, DNA replication, and DNA damage response (DDR) pathways, such as mismatch repair, Fanconi anemia pathway, and homologous recombination, were enriched in the INMT low-expression group. GSEA of Reactome gene sets showed similar results that the INMT low-expression group was closely associated with cell cycle, DNA replication, and DDR pathways (Figure 5B).
[image: Figure 5]FIGURE 5 | GSEA of samples between high- and low-INMT groups in TCGA-LUAD cohort. Ridge plot of gene sets of KEGG (A) and Reactome (B) enriched in the high- or low-INMT group in TCGA-LUAD cohort. The X-axis represents the normalized enrichment score (NES), and the color represents the p-value adjusted by FDR. The top enriched signaling pathways are shown in the figures. GSEA, gene set enrichment analysis.
Hub genes upregulated in the indolethylamine N-methyltransferase low-expression group are associated with cell cycle, apoptosis, and DDR pathways
Considering that downregulated INMT was associated with the worse prognosis in LUAD, we further explored the functions of hub genes that were upregulated in the INMT low-expression group of the TCGA-LUAD cohort to find the potential drugs that were inhibitors of hub genes for these INMT-related high-risk patients. As shown in Figure 6A, 111 upregulated genes in the INMT low-expression group were used to construct a PPI network based on the STRING database and thus formed 56 nodes and 553 edges. The top 10 hub genes were identified from these complex interactomes using the MCC method in Cytoscape, namely, ASPM, BUB1, BUB1B, TTK, CDC20, CDK1, CCNA2, CCNB2, DLGAP5, and KIF2C (Figure 6B). The chord plot result confirmed that the expression of each hub gene was negatively correlated with the expression of INMT (Figure 6C). Furthermore, pathway activity analysis of hub genes indicated that the pathways of the cell cycle, apoptosis, and DDR, the vital steps in tumor progression, were mainly activated by these 10 hub genes (Figures 6D,E). In addition, high expression of each hub gene was significantly associated with a worse OS in LUAD (Figure 6F), which was consistent with the association of low INMT with poor OS. Additionally, we used CTRP IC50 drug data from the GSCALite database to analyze the correlation between the expression of these 10 hub genes and the sensitivity of the small-molecule drugs in LUAD cell lines. We found that LUAD cell lines with hub gene overexpression were sensitive to the cell cycle and DNA replication-related drugs, such as topotecan, etoposide, doxorubicin, and gemcitabine (Figure 6G). Our aforementioned results found that these hub genes upregulated in the INMT low-expression group were mainly involved in the activation of the cell cycle, apoptosis, and DDR pathways and might provide the basis for drug-targeted therapy for these INMT-related high-risk LUAD patients.
[image: Figure 6]FIGURE 6 | Biological function analysis of hub genes that were upregulated in the INMT low-expression group of TCGA-LUAD cohort. (A) Protein–protein interaction (PPI) network of upregulated genes in the INMT low-expression group constructed based on the STRING database. (B) Top 10 hub genes identified using the MCC method in the cytoHubba plugin of Cytoscape. (C) Chord plot for the correlation of INMT and its hub genes. (D) Pathway activity analysis of hub genes. Pathway activation (red) represents the percentage of cancers in which pathways may be activated by given genes, and inhibition in a similar way showed as pathway inhibition (blue). (E) Interaction map of hub genes and pathway conducted. A solid line indicates that the hub gene activates the pathway, and a dashed line indicates that the hub gene inhibits the pathway. (F) Survival difference between the high and low expression of hub genes. (G) Correlation between the expression of hub genes and CTRP drug sensitivity. The analyses of Figures 5D–G were performed online in GSCALite. LUAD, lung adenocarcinoma; PPI, protein–protein interaction.
Low indolethylamine N-methyltransferase indicates high-frequency somatic alterations
It has been reported that somatic mutations were involved in the development of cancer (Martincorena and Campbell, 2015). Here, we used the TCGA-LUAD cohort to investigate the difference in somatic mutations between low- and high-INMT groups in LUAD. Common tumor-related mutations were shown in the waterfall plot and stratified by the INMT expression level (Figure 7A). Somatic mutation profiles revealed that the tumor-suppressor gene TP53 was more frequently mutated in the low INMT expression group (Figure 7B). We then compared the differences in the distribution of aneuploidy scores, a fraction of genome altered scores, MANTIS scores, and TMB scores between low- and high-INMT groups. We found that the low INMT expression group had higher aneuploidy scores, a fraction of genome altered scores, MANTIS scores, and TMB scores (Figures 7C–F).
[image: Figure 7]FIGURE 7 | Association between INMT and gene alterations in TCGA-LUAD cohort. (A) Common tumor-related gene mutation information illustrated in the somatic mutation spectrum in low- and high-INMT groups, respectively. The genes in the top 20 of the population mutation frequency are shown in the figure. (B) Forest plot examined the difference in the population frequency of mutant genes between the high- and low-INMT groups. (C–F) Distribution of the aneuploidy score (C), a fraction of genome altered score (D), MANTIS score (E), and TMB score (F) between low- and high-INMT groups. TMB, tumor mutation burden.
Low indolethylamine N-methyltransferase is associated with a favorable immunotherapy response
We previously found that mutated TP53 genes and higher TMB and MANTIS scores were enriched in tumors with the low expression of INMT, and we therefore speculated on whether these high-risk patients would benefit from immunotherapy. We then investigated the correlation between INMT expression and immunotherapy response in a GEO public PD-1 immunotherapy cohort of advanced NSCLC (GSE135222). As shown in Figures 8A, B, patients with low INMT expression had a higher durable clinical benefit (DCB) rate (50% vs. 0%, p = 0.008) and more improved progression-free survival (PFS) (HR, 0.14; 95% CI, 0.05–0.40; p < 0.001) than those with high INMT expression, with median PFS of 5.70 months vs. 1.73 months. We also checked the distribution of TMB in low-and high-INMT groups and found that tumors with low INMT expression had higher TMB (Figure 8C). Previous studies have confirmed that CD8 effector T cells, MHC Class I, IFN-gamma signaling, and T-cell-inflamed gene expression profiling (GEP) play roles in anticancer immunity and immunotherapeutic effects (Ayers et al., 2017; Charoentong et al., 2017; Mariathasan et al., 2018). Here, we analyzed the relationship between INMT and these immune signatures and found that the signature scores of CD8 effector T cells, IFN-gamma signaling, and MHC Class I signature were significantly higher in the INMT low-expression group (Figure 8D).
[image: Figure 8]FIGURE 8 | Association between INMT and immunotherapy response in a PD-1 immunotherapy cohort of NSCLC (GSE135222). (A) Clinical benefit rate among INMT low-and high-expression groups. Fisher’s exact test was used for the analysis. (B) Kaplan–Meier curve for progression-free survival according to an INMT expression status. The log-rank test was used for the analysis. (C) TMB distribution between INMT low- and high-expression groups. The Wilcoxon rank-sum test was used for the analysis. (D) Boxplot of enrichment scores of immune-related signatures among INMT low- and high-expression groups. The Wilcoxon rank-sum test was used for the analysis. DCB, durable clinical benefit; NDB, non-durable clinical benefit; HR, hazard ratio; TMB, tumor mutation burden.
DISCUSSION
In this study, we used data from TCGA and GEO to thoroughly analyze the INMT expression level, determine its prognostic role, and explore its potential functions in NSCLC. We found that INMT expression was significantly downregulated in NSCLC, and downregulated INMT was associated with poor OS in LUAD, but not in LUSC. Multivariate Cox regression analysis further demonstrated that INMT is a promising independent prognostic biomarker in LUAD in three independent datasets. In addition, INMT has a certain reference value for the diagnosis and prognosis of LUAD. GSEA results found that pathways of the cell cycle, DNA replication, and DDR were enriched in the INMT low-expression group. The top 10 hub genes upregulated in the INMT low-expression group mainly activated the cell cycle pathway, and LUAD cell lines with hub gene overexpression were sensitive to the cell cycle and DNA replication-related drugs. More mutated TP53 genes and higher aneuploidy scores, a fraction of genome altered scores, MANTIS scores, and TMB scores were found in the INMT low-expression group. Furthermore, a GEO public PD-1 immunotherapy cohort of NSCLC suggested that patients in the INMT-related high-risk group could benefit from immunotherapy. Our study has provided new insights into INMT that could be a potential prognostic marker of survival and a potential predictive marker of immunotherapy in LUAD patients.
As a methyltransferase, INMT detoxifies selenium compounds and regulates the tryptophan metabolic pathway by catalyzing the N-methylation of tryptamines and structure-related compounds (Kuehnelt et al., 2015). INMT is downregulated in NSCLC and prostate cancer (Kopantzev et al., 2008; Larkin et al., 2012; Jianfeng et al., 2022). To the best of our knowledge, no previous study has assessed the relationship between INMT and prognosis in cancers. In this work, using TCGA-NSCLC data, we found that the low expression of INMT was associated with poor OS in LUAD, but not in LUSC. We further demonstrated that INMT was an independent prognostic biomarker in LUAD using multivariate Cox regression analysis in TCGA-LUAD and another two GEO cohorts. We found that INMT expression decreased as the pathological stage increased; this supported that there was a correlation between low INMT and poor prognosis in LUAD. ROC curve analysis and the nomogram model showed that INMT had a certain reference value in the diagnosis and prognostic estimation of LUAD. Our work is the first report on the association between INMT and the prognosis of patients with LUAD, providing new insights into INMT as a potential prognostic marker in LUAD.
Previous studies on INMT have mainly focused on its role in regulating the tryptophan metabolic pathway and detoxifying selenium compounds by catalyzing the methylation of several substrates (Chu et al., 2014; Kuehnelt et al., 2015; Torres et al., 2019). Only a few studies have reported on its biological function in prostate cancer but not in lung cancer. For instance, Zhong et al. (2021) found that INMT was highly increased in castration-resistant prostate cancer, and further in vitro experiments suggested that INMT might promote prostate cancer castration resistance through detoxification of anticancer metabolites. Wang et al. found that INMT may inhibit proliferation and promote apoptosis of human prostate cancer cells (Jianfeng et al., 2022). In our study, we showed that the cell cycle and DNA replication pathways were enriched in the INMT low-expression group. Cell cycle disorder is one of the key features of cancer that cause genomic instability (Hanahan and Weinberg, 2011). Our GSEA results indicated that downregulated INMT may lead to an acceleration of cell cycle and DNA replication to increase the probability of genome instability. Further hub gene analysis also showed that the top 10 hub genes that were upregulated in the INMT low-expression group played key roles in the control of the cell cycle, including mitotic spindle regulation and G1/S and G2/M transition. The drug sensitivity analysis revealed that LUAD cell lines with hub gene overexpression were sensitive to the cell cycle and DNA replication-related drugs, indicating that these INMT-related high-risk patients might benefit from cell cycle-related drugs. Our results revealed that INMT may affect the progression of LUAD by regulating the cell cycle and might provide the basis for drug-targeted therapy for these INMT-related high-risk LUAD patients. However, our results are only analyzed based on the public data, and further molecular experiments on cancer cell lines are needed to explore the mechanism of INMT in tumorigenesis and the development of LUAD.
Our analysis of the relationship between INMT expression and immunotherapy response found that NSCLC patients with low INMT expression showed favorable clinical benefits to anti-PD-1 treatment. More mutated TP53 genes, higher TMB, and higher enrichment scores of immune-related signatures of MHC Class I, CD8+ effector T cells, and IFN-gamma signaling were found in the INMT low-expression group. A TP53 gene mutation has been reported to boost PD-L1 expression, facilitate T-cell infiltration, and augment tumor immunogenicity and is a potential predictive marker for response to ICIs in LUAD (Dong et al., 2017). TMB reflects cancer mutation quantity. The more mutations there are, the higher the number of neoantigens and the higher the chances that one or more of the neoantigens will be immunogenic and trigger a T-cell response. Many studies have reported a connection between higher TMB and ICI efficacy across a wide variety of cancer types (Snyder et al., 2014; Goodman et al., 2017; Cristescu et al., 2018; Samstein et al., 2019). A number of predicted MHC Class I-associated neoantigens have been shown to be correlated with a cytolytic activity (Rooney et al., 2015), and the anti-tumor activity of ICIs is dependent on MHC Class I presentation of specific tumor-derived peptides (Gubin et al., 2014; Tran et al., 2015). CD8+ T cells are primed and activated toward CD8+ T effector cells in a process called the cancer immunity cycle to make durable and efficient anti-tumor immune responses (Chen and Mellman, 2013). It has been reported that the IFN-γ–related mRNA profile could predict clinical response to a PD-1 blockade in many types of cancers (Ayers et al., 2017). The higher scores of biomarkers in the INMT low-expression group may explain why patients in the INMT low-expression group have a better response to immunotherapy in NSCLC. Although our result is based on a small cohort, it provides these INMT-related high-risk patients with a treatment option.
There are several limitations to our work. First, we did not investigate the exact mechanisms of INMT with in vivo/in vitro experiments, and further experiments are required to demonstrate the effect of INMT on the tumor cell cycle to improve the reliability of our results. Second, we obtained data on the anti-PD-1 response in a small NSCLC cohort from a public database, and further immunotherapy data on LUAD are needed to verify the role of INMT.
CONCLUSION
In summary, INMT is downregulated in LUAD, and the low expression of INMT is closely associated with poor prognosis in LUAD. INMT has a certain reference value for the diagnosis and prognosis of LUAD. Furthermore, INMT may affect the progression of LUAD by regulating the cell cycle. With further exploration, patients with low INMT expression showed favorable clinical benefits to anti-PD-1 treatment. This is the first study to reveal that INMT influences prognosis and immunotherapy responses in LUAD. These findings provide a new perspective on LUAD progression and treatment.
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Background: Necroptosis is a phenomenon of cellular necrosis resulting from cell membrane rupture by the corresponding activation of Receptor Interacting Protein Kinase 3 (RIPK3) and Mixed Lineage Kinase domain-Like protein (MLKL) under programmed regulation. It is reported that necroptosis is closely related to the development of tumors, but the prognostic role and biological function of necroptosis in lung adenocarcinoma (LUAD), the most important cause of cancer-related deaths, is still obscure.
Methods: In this study, we constructed a prognostic Necroptosis-related gene signature based on the RNA transcription data of LUAD patients from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases as well as the corresponding clinical information. Kaplan-Meier analysis, receiver operating characteristic (ROC), and Cox regression were made to validate and evaluate the model. We analyzed the immune landscape in LUAD and the relationship between the signature and immunotherapy regimens.
Results: Five genes (RIPK3, MLKL, TLR2, TNFRSF1A, and ALDH2) were used to construct the prognostic signature, and patients were divided into high and low-risk groups in line with the risk score. Cox regression showed that risk score was an independent prognostic factor. Nomogram was created for predicting the survival rate of LUAD patients. Patients in high and low-risk groups have different tumor purity, tumor immunogenicity, and different sensitivity to common antitumor drugs.
Conclusion: Our results highlight the association of necroptosis with LUAD and its potential use in guiding immunotherapy.
Keywords: lung adenocarcinoma, necroptosis, gene signature, prognosis, immunotherapy, chemotherapy
INTRODUCTION
As the most important cause of cancer death, lung cancer has been a major research topic for clinicians and researchers (Sung et al., 2021). Non-small cell lung cancer (NSCLC), the most important type of lung cancer, accounts for 85% of the total incidence of the disease (Chen et al., 2014). Slow-growing, insidious-developing lung adenocarcinoma (LUAD) is the most common pathological type of NSCLC. It is prone to hematogenous metastasis, so some patients are often diagnosed at a late stage, which deprives them of the opportunity for surgery and their clinical prognosis is poor (Devarakonda et al., 2015). The advent of targeted therapies and immunotherapy has brought better options for such patients, but most of them have no mutation in the driver gene or do not respond to a single immune checkpoint inhibitor (ICI) (Matter et al., 2020; Santarpia et al., 2020). In recent years, with the development of RNA sequencing, microarrays, and other “Omics” technologies, a series of new potential markers driving tumor cell formation have been identified and progressively applied in the clinic. The average 5-year survival rate of LUAD patients, although significantly improved, is still less than optimal.
Necroptosis is a phenomenon of cellular necrosis resulting from cell membrane rupture by the corresponding activation of Receptor Interacting Protein Kinase 3 (RIPK3) and Mixed Lineage Kinase domain-Like protein (MLKL) under programmed regulation (Degterev et al., 2005). It has a proper regulatory mechanism. With the advancement of basic research, necroptosis has been found to be not only involved in the inflammatory pathological mechanism of the body (Khoury et al., 2020) but also closely related to the development of tumors and drug resistance. Preliminary studies suggest that necroptosis has a “double-edged sword” role in tumor pathology, which can exert either tumor-suppressive or tumor-promoting effects (Raposo et al., 2015; Liu et al., 2016; Hänggi et al., 2017). On the one hand, inducing necroptosis can remove chemotherapy-resistant tumor cells; on the other hand, it may also kill normal cells and lead to inflammatory responses that promote tumor progression and metastasis (Gong et al., 2019).
Immunotherapies, represented by ICIs such as various antibodies against cytotoxic T lymphocyte-associated antigen 4 (CTLA-4), programmed cell death 1 (PD-1), and programmed cell death ligand 1 (PD-L1), are designed to stimulate the patient’s immune system to trigger an effective anti-tumor immune response (Rosenberg, 2014). Despite its emerging and encouraging results, increased immune tolerance is frequently documented in many cancer types (Bonavida and Chouaib, 2017). Furthermore, a large proportion of studies have also highlighted the potentially enormous impact of necroptosis-driven immunogenic features in tumor immunology, for example, the induction of necroptosis can act synergistically with ICIs to enhance their antitumor activity in drug-resistant tumors (Tang et al., 2020). These close and complex relationships suggest that necroptosis may be an important target for tumor progression and may provide new strategies for tumor immunotherapy and prognosis (Philipp et al., 2016). However, to date, the mechanism of the role of necroptosis in LUAD is unclear, and its relationship with immunotherapy and prognosis has been little studied.
The aim of this study was to construct a robust prognostic model of Necroptosis-Related Genes (NRGs) by bioinformatics algorithms to predict the survival probability of LUAD patients at different periods. We will also explore the functional pathways and signaling pathways involved in key genes and their relationship with immune cell infiltration, tumor mutation burden, immunotherapy, and drug sensitivity, to assist in individualized and precise treatment.
MATERIALS AND METHODS
Data acquisition
RNA transcriptome information and clinical information of LUAD patients were obtained from The Cancer Genome Atlas (TCGA) database and the GSE72094, GSE50081 datasets in Gene Expression Omnibus (GEO) database, respectively. The RNA-seq transcriptome data were converted to transcript volume per million (TPM) values, and the R “limma” and “sav” packages were applied for batch correction and normalization of RNA-seq from both platforms. After excluding samples with incomplete clinical information or gene expression data, 504 patients from TCGA and 398 patients from the GSE72094 dataset with LUAD were included in the downstream analysis, and 127 patients from the GSE50081 dataset were used for external validation. 17 NRGs (RIPK1, RIPK3, MLKL, TLR2, TLR3, TLR4, TNFRSF1A, PGAM5, ZBP1, NR2C2, HMGB1, CXCL1, USP22, TRAF2, ALDH2, EZH2, NDRG2) were obtained from literature reviews of previous related studies (Petersen et al., 2015; Choi et al., 2019; Lou et al., 2019; Malireddi et al., 2019; Wen et al., 2020; Xia et al., 2020; Zhu et al., 2020; Cheng et al., 2021; Roedig et al., 2021). The relative position of these genes to the chromosomes was visualized using the R “RCircos” package. The Human Protein Atlas database (https://www.proteinatlas.org/) was used to display the expression of proteins encoded by NRGs.
Construction and validation of a necroptosis-related prognostic signature
Sample data from the TCGA and GSE72094 dataset was combined, including expression data of NRGs and patients’ survival data. A univariate Cox regression analysis was performed to obtain genes significantly associated with prognosis. After that, we randomly divided the patients into Train and Test sets (632 in the Train set and 270 in the Test set). The R “glmnet” package was used to perform LASSO regression analysis on the prognostic data and to optimize the penalty function using cross-validation. A prognostic signature consisting of genes related to necroptosis was developed to predict the prognosis of LUAD patients. The formulae are as follows:
[image: image]
Using the “CatPredi” software package, an R package allows the user to categorize a continuous predictor variable in a logistic or a Cox proportional hazards regression setting by maximizing the discriminative ability of the model, we determined the optimal two cut-off values for the Train and Test sets separately, splitting each set into a low-risk group and a high-risk group. Kaplan-Meier analysis was used to plot the overall survival (OS) curves for each set. In this study, OS was defined as the duration from the date of diagnosis to death or last follow-up, with no restriction on the cause of death. The R “timeROC” package was used to generate subject operating characteristic (ROC) curves, and the area under the curve (AUC) of the ROC curves was measured to show the sensitivity and specificity of the model.
In addition, we performed univariate and multivariate Cox regression analyses of the validity of the risk score as an independent prognostic indicator. The clinical characteristics of high and low-risk patients were compared using the R “pheatmap” package to explore the correlation between risk scores and clinicopathological variables.
Nomogram construction and verification
We constructed a nomogram based on 902 samples from all TCGA + GSE72094 datasets to predict the survival rate of patients at 1, 2, and 3 years using pathological staging and risk score information. We then plotted ROC curves and calibration curves to test the validity and robustness of the nomogram.
Gene Ontology and Kyoto Encyclopedia of Genes and Genomes analysis
Eleven prognosis-related NRGs were annotated and functionally analyzed using the R “DOSE” package, including Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG), with a corrected p-value (q-value) < 0.05 as the filter.
Correlation between risk score and immune landscape
To reveal the correlation between risk scores and tumor-infiltrating immune cells, we assessed the immune infiltration of tumors using the CIBERSORT algorithm. We uploaded the full gene expression data of all samples to the CIBERSORTx portal and later ran the algorithm for 1,000 permutations based on the LM22 signature. LUAD samples with output p-values < 0.05 were selected for further analysis to explore the relationship between risk score and necroptosis-related prognostic gene expression and immune cell infiltration. The “estimate” software package was used to calculate the immune score and stromal score for each sample to quantify the relative enrichment of immune and stromal cells in each sample. Violin plots were applied to visualize the differences in enrichment between high and low-risk groups.
Predicting patient response to immunotherapy
We further explored the potential role of risk scores in the prediction of immunotherapy using the immunophenoscore (IPS). Based on relevant data from The Cancer Imaging Archive (TCIA) database (https://www.cancerimagingarchive.net), we evaluated the differences in four IPS scores between high and low-risk groups. The scoring scheme integrates the four major classes of genes that determine tumor immunogenicity (effector cells, immunosuppressive cells, MHC molecules, and immunomodulators) and the gene expression of these cell types (e.g., activated CD4+ T cells, activated CD8+ T cells, effector memory CD4+ T cells, Tregs, MDSCs) to derive specific scores without bias using machine learning that is viewed as a new and reliable predictor of response to immunotherapy regimens (Givechian et al., 2018).
Tumor mutational burden (TMB) is broadly defined as the number of somatic mutations per megabase of interrogated genomic sequence. TMB reflects the total number of mutations carried by tumor cells. It is now generally accepted that TMB is positively correlated with the effect of immunotherapy and can be used as a potential molecular diagnostic marker for tumor immune checkpoint inhibitor therapy (Mayakonda et al., 2018). We obtained TMB information for the corresponding TCGA-LUAD cohort from the TCGA database. Spearman’s method was used for correlation analysis.
Assessment of patients’ sensitivity to chemotherapy
With the “pRRophetic” software package, we reliably predicted the response to chemotherapy in each LUAD sample. The package works by using gene expression and drug sensitivity data from a very large panel of cancer cell lines in the Genomics of Drug Sensitivity in Cancer (GDSC) database (www.cancerrxgene.org/) as training data for developing statistical models (Yang et al., 2013). These models were then applied to gene expression data from other tumor biopsies to predict the clinical drug response of other samples to different anticancer drugs, with the half maximal inhibitory concentration (IC50) value of the target drug as the predicted outcome variable. The robustness of the model has been extensively validated (Geeleher et al., 2014a). After that, we reflected the difference in chemotherapy sensitivity between high and low-risk groups by box-line plots.
Statistical methods
The study was statistically analyzed using R programming language (version 4.0.3). The Wilcoxon test was used to analyze continuous variables. Categorical variables were analyzed using Fisher’s exact test or Chi-square test. Survival differences were analyzed using Kaplan-Meier curves and log-ranch tests. p-values < 0.05 were considered statistically significant.
RESULTS
The design and workflow of this study are shown in Figure 1.
[image: Figure 1]FIGURE 1 | The framework and workflow of this study.
Identification of necroptosis-related genes in lung adenocarcinoma
We obtained 17 NRGs (RIPK1, RIPK3, MLKL, TLR2, TLR3, TLR4, TNFRSF1A, PGAM5, ZBP1, NR2C2, HMGB1, CXCL1, USP22, TRAF2, ALDH2, EZH2, NDRG2) from previous literature reviews. The positions of these genes on the chromosomes are shown in Figure 2A. Immunohistochemical (IHC) staining results provided expression levels of 13 (RIPK1, TLR3, TLR4, TNFRSF1A, PGAM5, ZBP1, NR2C2, HMGB1, USP22, TRAF2, ALDH2, EZH2, NDRG2) of the 17 necroptotic proteins between LUAD and normal lung tissues (Supplementary Figure S1). For some reason, the remaining four genes could not be found in the HPA database with evidence of corresponding IHC staining.
[image: Figure 2]FIGURE 2 | Necroptosis regulators in LUAD and an NRG signature. (A) Location of NRGs on chromosomes. (B) Ten-fold cross-validation for tuning parameter selection in the lasso regression. The vertical lines are plotted based on the optimal data according to the minimum criteria and 1-standard error criterion. The left vertical line represents the five genes finally identified. (C) LASSO coefficient profiles of 11 candidate genes and an optimal model derived from them. (D) 5 NRGs and their coefficients in the prognostic signature.
By univariate Cox regression analysis of RNA transcriptome data, we identified 11 NRGs that were significantly associated with OS in LUAD patients. These genes and their HR, and p-values were listed in Table 1 and the clinical-pathological characteristics of 902 LUAD patients in TCGA + GSE72094 dataset were shown in Table 2.
TABLE 1 | Univariate Cox analysis of prognostic NRGs.
[image: Table 1]TABLE 2 | The clinical characteristics of LUAD patients in the TCGA and GSE72094 datasets.
[image: Table 2]Identification and validation of necroptosis-related gene prognostic signature
We randomized 902 patients included in the study into the Train and Test sets. Then LASSO regression analysis was performed in the Train set samples to construct a prognostic signature that included five NRGs (Figures 2B,C). These five genes and their correlation coefficients in the signature were shown in Figure 2D. Risk scores were calculated based on the expression profile data for all patients according to the formula provided by the model.
We divided each set into low-risk and high-risk groups bounded by the optimal cut-off values calculated by “CatPredi” package and then we plotted Kaplan-Meier survival curves and ROC curves separately for the Train set, Test set, and GSE50081 to verify the robustness of the model.
The K-M curves showed that the OS of the high-risk group is much lower than that of the low-risk group in both the Train and Test sets, with p-values of < 0.001 (Figures 3A,B). The AUC values for the Test set exceeded 0.7 in each of the first 3 years (Figures 3D,E). To further test the reliability of our model, we selected GSE50081 as external data for validation, and both results also showed that the label performed well in assessing prognosis (Figures 3C,F), with a survival curve of p = 0.015 and an AUC > 0.69 at year 3, demonstrating the good performance of the signature in assessing prognosis.
[image: Figure 3]FIGURE 3 | Validation of the prognostic signature. Kaplan–Meier curve presents differences in overall survival between the high-risk and low-risk groups in the Train set (A), Test set (B), and GSE50081 (C). ROC curves of the NRG signature for predicting the 1/2/3-year survival in the Train set (D), Test set (E), and GSE50081 (F). All results were statistically significant, demonstrating the good performance of the signature in assessing prognosis.
Risk score has independent prognostic significance
Figures 4A,B demonstrated the relationship between risk score, patient survival, and gene expression of necroptosis regulators in the Train set and Test set, respectively. The heat map showed that RIPK3, TLR2, and ALDH2 were lowly expressed in the high-risk group, which corresponds to their correlation coefficients in the predictive signature (Figure 2D).
[image: Figure 4]FIGURE 4 | Risk score has independent prognostic significance. The trends of risk scores, the distribution of survival status, and the expression of the five genes included in the signature in Train set (A) and Test set (B). The prognostic ability and clinical characteristics of the signature were analyzed by univariate Cox regression (C), multivariate Cox regression (E) in Train set and validated by univariate Cox regression (D), multivariate Cox regression (F) in Test set. The five-gene signature and stage were statistically significant in the Cox regression analysis.
We performed Cox analyses to test whether the 5-gene signature was an independent predictor of OS in patients with LUAD. Univariate Cox regression analysis (Figures 4C,D) showed a significant association between risk score and OS. [Train set: HR 2.089, 95% confidence interval (CI) 1.657–2.633, p < 0.001; Test set: HR 6.481, 95% CI 3.095–13.572, p < 0.001]. After adjusting for other confounding variables, the five-gene signature remained an independent indicator of OS in multivariate Cox regression studies (Figures 4E,F) (Train set: HR 1.883, 95% CI 1.464–2.421, p < 0.001; Test set: HR 5.725, 95% CI 2.527–12.973, p < 0.001).
Construction of a nomogram to quantitatively predict patient prognosis
To quantitatively predict the prognosis of LUAD patients, we developed a risk score-based nomogram (Figure 5A) that included tumor stages. The AUCs of curves at years 1, 2, and 3 were 0.724, 0.729, and 0.737, respectively (Figure 5B). Combined with the calibration curves of the nomogram shown in Figure 5C, the results show that the nomogram model has very good predictive performance for prognosis.
[image: Figure 5]FIGURE 5 | Nomogram was assembled by stage, and risk score for predicting the survival rate of LUAD patients (A). ROC curves of the nomogram for predicting the 1/2/3-year survival (B). 1/2/3-year nomogram calibration curves (C). The results show that the nomogram model has very good predictive performance for prognosis (***p < 0.001).
Gene Ontology analysis and Kyoto Encyclopedia of Genes and Genomes analysis
To explore the preliminary function of the 11 prognosis-related NRGs, we did GO functional analysis and KEGG pathway enrichment analysis using the “ClusterProfiler” R package (adjusted p < 0.05, |logFC| > 1). GO analysis showed significant enrichment of genes in programmed necrotic cell death, necrotic cell death, I-kappaB kinase/NF-kappaB signaling, regulation of DNA-binding transcription factor activity, and other functions (Figure 6A). In KEGG pathway analysis, we learned that these genes are mainly concentrated in Necroptosis, Salmonella infection, and TNF signaling pathway (Figure 6B).
[image: Figure 6]FIGURE 6 | GO enrichment analysis (A) and KEGG enrichment analysis (B) of the 11 prognostic NRGs. The size of the circles in the graph indicates the number of genes enriched in the mechanism or pathway, and the color of the circles indicates the q-value.
Immune landscape and immunotherapy-related analysis
Figure 7 suggested that a variety of immune cells such as cytotoxic CD8+ T cells, Natural killer T cells, regulatory T cells, and macrophages are highly correlated with the risk score as well as key genes in the process of necroptosis and may play an important role in this prognostic signature.
[image: Figure 7]FIGURE 7 | The correlation between infiltrating immune cells and NRGs in the signature. The change in the color of blocks implies the strength of the correlation (*p < 0.05; **p < 0.01; ***p < 0.001).
We then performed the ESTIMATE analysis (Figure 8A), and the immune score and ESTIMATE score were significantly lower in the high-risk group. Considering that patients in high and low-risk groups may respond differently to immunotherapy, we further investigated the response to ICI therapy represented by CTLA4/PD-1 inhibitors in both groups by ImmunoPhenoScore (IPS). Regardless of whether the CTLA4 and PD-1 status was positive or negative, patients in the low-risk group had higher IPS than those in the low-risk group, and the difference was statistically significant (Figure 8B).
[image: Figure 8]FIGURE 8 | Application of risk score in predicting the immunotherapeutic effect. (A) Differential analysis of the tumor microenvironment for relative enrichment of immune cells and stromal cells. The low-risk group had a higher degree of immune cell infiltration and lower tumor purity. (B) The immunophenoscore (IPS) distribution was compared between high and low-risk groups. (C,D) Tumor Mutation Burden correlation analysis showed a positive correlation between risk score and TMB. (*p < 0.05; **p < 0.01; ***p < 0.001; pos means positive; neg means negative).
Furthermore, we performed a TMB correlation analysis, Figures 8C,D, showing that the Tumor Mutation Burden differed significantly between the two groups of high and low risk according to the risk score. The risk score and TMB were positively correlated, r = 0.3.
High-risk groups are more sensitive to chemotherapy
Finally, we tested the sensitivity of patients in high and low-risk groups to familiar drugs based on a database of the GDSC. The R package “pRRophetic” (Geeleher et al., 2014a; Geeleher et al., 2014b) allows us to calculate IC50 for common chemotherapeutic agents in the cohort, including cisplatin, paclitaxel, and doxorubicin, rapamycin, etc. The lower the IC50 value, the higher the drug sensitivity. So, patients with LUAD in the high-risk group were significantly more sensitive to common chemotherapeutic agents such as cisplatin, paclitaxel, docetaxel, and doxorubicin (Figures 9A–D). Additionally, for the targeted drug of lung cancer, Gefitinib had a favorable response in the low-risk group (Figure 9E) and so did AKT inhibitor VIII (Figure 9F), suggesting that targeted therapy may provide benefit to these patients.
[image: Figure 9]FIGURE 9 | Potential drug sensitivity of common drugs in high and low-risk groups. The high-risk group had a higher sensitivity to chemotherapeutic agents such as cisplatin (A), paclitaxel (B), docetaxel (C), and doxorubicin (D) compared to the low-risk group. However, the low-risk group was more sensitive to targeted therapeutic agents gefitinib (E) and AKT inhibitor VIII (F).
DISCUSSION
Necroptosis, as a form of programmed cell death, is a regulated form of necrosis. It has biological changes like that of cell necrosis, such as a dramatic increase in intracellular peroxides, highly phosphorylated mitochondrial membranes, and cell swelling, but the mechanisms of their initiation are not the same. Necrosis is defined as a non-programmed form of cell death characterized by cellular rupture. This allows the leakage of biomolecules such as damage-associated molecular patterns (DAMP), which are recognized by immune cells and trigger an inflammatory response. In contrast, necroptosis is controlled by a unique signaling pathway, which requires RIPK3-dependent MLKL phosphorylation. This phosphorylation event causes MLKL to produce a pore complex at the plasma membrane, which leads to DAMP secretion, cell swelling, and membrane rupture.
In this study, we constructed a prognostic signature associated with NRGs and demonstrated its good and accurate prognostic prediction ability using a combination of internal validation (Test set) and external validation (GSE50081). Cox regression analysis showed that our risk score could be used as a strong predictor of prognosis for LUAD patients. Interestingly, the fact that smoking was not an independent prognostic factor for patients was also confirmed in our study. According to Jemal et al. (2018), an increasing proportion of patients diagnosed with lung cancer are non-smokers, especially among those diagnosed with LUAD, despite that smoking has long been recognized as one of the important risk factors for lung cancer (Gould et al., 2013).
A total of five NRGs were included in the prognostic prediction model, which were RIPK3, MLKL, TLR2, TNFRSF1A, and ALDH2. Several studies have been conducted to explore the function of these genes, especially the relationship between these genes and cancer. RIPK3 is thought to be a key molecular switch for the initiation of necroptosis in cells. In the classical necroptotic pathway, deubiquitinated RIPK1 interacts with RIPl3 via exposure of the RIP homotypic interaction motif (RHIM) structural domain and conformational changes to phosphorylate and form amyloid signaling complex necrosomes together with FADD/caspase8 (Anderton et al., 2019). Then, MLKL is recruited and phosphorylated to mediate the execution of necroptosis. When RIPK1 is deficient, DNA-dependent activator of interferon regulatory factors (DAI), lipopolysaccharide, and chemical inducers can directly activate RIPK3 through a non-caspase-dependent mechanism, and activated RIPK3 phosphorylates MLKL to mediate necrosis signaling (Brault and Oberst, 2017). Multiple cancers suppress necroptosis through epigenetic silencing of RIPK3, which is consistent with our obtained finding that the mRNA expression of RIPK3 in the model is negatively correlated with the patient’s risk score.
Although activation of MLKL is the executor of the necroptotic process, the expression of MLKL varies much across cancers, which is related to its complex cytological function. Recent studies have revealed that MLKL has an important role in a variety of non-necroptotic processes such as axonal repair, receptor internalization, extracellular vesicle formation, ligand-receptor degradation, and even in the inhibition of necroptosis (Martens et al., 2021). Unfortunately, the exact role of MLKL in cancer progression and metastasis is still unclear.
TLR2 induces TNF expression mainly through the Myeloid differentiation factor 88 (MyD88)-dependent pathway, which can indirectly trigger apoptosis or triggers the classical pathway of necroptosis through RIP1-RIP3 activation (Kaiser et al., 2013). Interestingly, TNF is generally recognized to inhibit or kill tumor cells through multiple links, TNF receptors (TNFR), especially TNFR1, have been found to be upregulated in a variety of tumors, such as ovarian cancer (Le Page et al., 2006), renal clear cell carcinoma (Diegmann et al., 2006) and acute myeloid leukemia (Brouwer et al., 2001). This may be related to the fact that TNFR1, in addition to being involved in mediating apoptosis and necroptosis, can also mediate cell activation signals and proliferation signals that drive the expression of pro-survival genes (Dondelinger et al., 2016). TNFRSF1A, the gene encoding the TNFR1 protein, was similarly found to be highly expressed in the high-risk group of LUAD patients in our present study. ALDH2 belongs to the acetaldehyde dehydrogenase family, and its reduction not only induces proliferation and stem cell properties of LUAD cells but also may induce DNA damage, which will promote tumor recurrence, drug resistance, and metastasis, leading to poor prognosis of LUAD (Li et al., 2019).
Many studies have shown that cancer cells undergoing necroptosis mediate immune responses by promoting interactions between dying cancer cells and immune cells through the release of damage-associated molecular patterns (DAMPs), chemokines, cytokines, and/or cancer antigens (Krieser and White, 2002; Park et al., 2009; McCracken et al., 2015; Sprooten et al., 2020). In terms of tumor suppression, DAMPs can eliminate cancer cells by stimulating the initial sensors of infection or damage (e.g., pattern recognition receptors on myeloid cells) and activating adaptive immune cells such as antigen-specific cytotoxic CD8+ T cells (Yatim et al., 2015). A significant positive correlation of MLKL with cytotoxic CD8+ T cells was also demonstrated in our study. In addition to this, RIPK3 can induce the production of cytokines to activate natural killer T cells, which also help to kill cancer cells (Sprooten et al., 2020). However, regarding tumor promotion, necroptotic cancer cells can also attract myeloid or lymphocytes, triggering tumor-associated immunosuppression (Cohen et al., 2010; Vandenberk et al., 2016; Wauters et al., 2021). For example, in Figure 7, RIPK3 exhibited a significant positive correlation with regulatory T cell and Macrophages M2. Besides, cytokines released from necrotic apoptotic cancer cells can promote angiogenesis, reactive oxygen species release, and genomic instability, thus promoting tumor progression (Singh et al., 2017).
Furthermore, in addition to these biological insights, our study plays an important role in guiding the use of immunotherapy in patients with LUAD. The background features of the immunobiology of necroptosis, combined with a more complex tumor immune landscape, can produce highly unpredictable outcomes for immunotherapy of tumors. ICIs do greatly improve the prognosis of cancer patients, but a minority still does not respond adequately to these immunotherapies, as treatment efficacy is largely influenced by immune cell abundance, tumor mutation burden, and other biomolecules (He et al., 2015; Sharma et al., 2017; Herbst et al., 2018). Combined results, our study has important implications for the use of single ICIs as well as combined ICIs in patients with LUAD. Therefore, it will be interesting to systematically decipher whether ICI-based immunotherapy can synergize with necroptosis and produce unknown benefits. More importantly, we predicted the sensitivity of chemotherapeutic agents, which helps physicians choose the right combination of chemotherapy and immunotherapy to improve the survival rate of LUAD patients. This is because the efficacy of ICIs can be greatly improved when co-administered with cytotoxic therapy (Judd and Borghaei, 2020).
Of course, our study has many drawbacks. Firstly, necroptosis is a new and rapidly developing field, and more and more NRGs will be discovered and fully studied over time. Our findings will be fleshed out then. Secondly, all data samples in this study were obtained from public open-source databases. Due to the relatively small number of LUAD patients in public databases and the duplication of transcriptome data in different databases, the sample size covered in the randomized grouping of this study was relatively insufficient, resulting in the low significance of some results. On the other hand, some important clinical details were not available in the open-source dataset, including chemotherapy regimens, drug information, and tumor TNM grading. And the lack of these data limits more in-depth analysis of the dataset. In addition, some of the prognostic NRG-associated immunohistochemical slides in the HPA database were not available, which also left us with a regret for our study. Finally, the role of some NRGs in non-small cell lung cancer is unclear and still needs to be revealed by further in vivo or in vitro experiments.
In conclusion, we constructed a robust NRG-related prognostic signature that could be used to predict the prognosis of LUAD patients. We also analyzed the sensitivity of different immunotherapy and chemotherapy regimens, which could provide a reference to improve patient prognosis and achieve personalized medicine. Meanwhile, we believe that this study provides insight into the potential role of necroptosis in lung adenocarcinoma.
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Background: The basement membranes (BMs) are involved in tumor progression, while few comprehensive analyses to date are performed on the role of BM-related gene signatures in lung adenocarcinoma (LUAD). Thus, we aimed to develop a novel prognostic model in LUAD based on BMs-related gene profiling.
Methods: The LUAD BMs-related gene profiling and corresponding clinicopathological data were obtained from the basement membrane BASE, The Cancer Genome Atlas (TCGA) and gene expression omnibus (GEO) databases. The Cox regression and least absolute shrinkage and selection operator (LASSO) methods were used to construct a BMs-based risk signature. The concordance index (C-index), receiver operating characteristic (ROC), and calibration curves were generated to evaluate the nomogram. The GSE72094 dataset was used to validate prediction of the signature. The differences in functional enrichment, immune infiltration, and drug sensitivity analyses were compared based on risk score.
Results: In TCGA training cohort, 10 BMs-related genes were found, (e.g., ACAN, ADAMTS15, ADAMTS8, BCAN, etc). The signal signature based on these 10 genes was categorized into high- and low-risk groups regarding survival differences (p < 0.001). Multivariable analysis showed that the signature of combined 10 BMs-related genes was an independent prognostic predictor. Such a prognostic value of BMs-based signature in validation cohort of the GSE72094 were further verified. The GEO verification, C-index, and ROC curve showed that the nomogram had accurate prediction performance. The functional analysis suggested that BMs were mainly enriched in extracellular matrix-receptor (ECM-receptor) interaction. Moreover, the BMs-based model was correlated with immune checkpoint.
Conclusion: This study identified BMs-based risk signature genes and demonstrated their ability to predict prognosis and guide personalized treatment of patients with LUAD.
Keywords: basement membranes, lung adenocarcinoma, TCGA, GEO, prognosis
INTRODUCTION
Lung cancer is the second most common cancer and causes a high mortality in the world (Abe and Tanaka, 2016). Lung adenocarcinoma (LUAD) was the predominant type of lung cancer, consisted of approximately 40% cases of lung cancer (Sung et al., 2021). Although great progress has been made in diagnosis and treatment of LUAD, especially in targeting and immunotherapy, the 5-year overall survival (OS) of patients with LUAD remains poor, with approximately 15% only (Wang et al., 2021). LUAD had high molecular heterogeneity and a tendency of early metastasis (Devarakonda et al., 2015). Current methods are still difficult to accurately predict the occurrence and prognosis of LUAD (Calvayrac et al., 2017). Therefore, there is an urgent need to develop more effective and reliable prognostic biomarkers to identify beneficiary patients.
The basement membranes (BMs) are the oldest animal extracellular matrix (ECM), forming a flaky structure that lies under the epithelial cells and surrounds most tissues (Pozzi et al., 2017). The respective planar networks of laminin and type IV collagen molecules are associated with cell surface interactions, providing a scaffold structure for building BMs along the tissue (Yurchenco, 2011). The BMs can not only be used to resist mechanical stress, determine tissue shape and create diffusion barriers, but also provide clues to guide cell polarity, differentiation, migration and survival (Jayadev et al., 2022). The variation of more than 20 BMs genes emphasizes the diversity and basic function of the BM (Nyström et al., 2017). BM protein expression and turnover defects are related to the occurrence of cancer (Naba et al., 2014).
The altered expression of ECM macromolecules in tumor microenvironment (TME) affects the growth, survival, adhesion and migration of cancer cells (Fares et al., 2020). Recently, the study has found that BMs play a critical role in the development of human diseases (Jayadev et al., 2022). For example, In the early development of breast cancer, cancer cells invade through the BM foramen, which is one of the key steps of metastasis (Sikic et al., 2022). At present, the research of BMs in LUAD is relatively few, and thus further research in this filed is needed.
Because the prediction of multi-gene model is better than that of single-gene one, we carried out this study (Srivastava and Gopal-Srivastava, 2002). In this study, we downloaded data from The Cancer Genome Atlas (TCGA) to build a BMs-related genes signature in order to predict the clinical outcome in LUAD patients. The predictive ability of the signature is then verified using data from the Gene Expression Omnibus (GEO). Finally, a risk prognosis model based on the BMs-related genes signature was established, which offered a more accurate prediction of LUAD prognosis than simple clinicopathologic nomograms.
MATERIALS AND METHODS
Data collection and determination of BMs differential expression
The RNA-seq data expression and clinical information of 59 normal lung and 539 LUAD tissues were obtained from TCGA database (https://portal.gdc.cancer.gov). The LUAD RNA-seq data of 398 cases were downloaded from GEO database (https://www.ncbi.nlm.nih.gov/geo/). After the data were integrated, 449 cases in TCGA database were used as training cohort, while 398 cases in GSE72094 database were used as validation cohort. BMs were downloaded from hallmark gene sets in the basement membrane BASE database (https://bmbase.manchester.ac.uk) (Jayadev et al., 2022). Different gene expression data sets were normalized by R software. The differentially expressed BMs were identified by “limma” package based on R software according to the criteria of | logFC | > 1 and false discovery rate (FDR) < 0.05.
Construction and validation of a predictive model based on BMs
In the training cohort, univariate Cox regression analysis was used to analyze the differentially expressed BMs-related genes (p < 0.05). Then, the regression analysis of least absolute shrinkage and selection operator (LASSO) was used, and the candidate BMs-related genes with predictive significance were screened by “glmnet” R package. Next, the optimal weighting coefficient of each prognostic candidate BM gene was determined by multivariable Cox regression analysis. All differentially expressed and prognostically significant BM-related genes were included by BM features. This specific risk score is calculated by the following formula: (Coef1 expression *mRNA1) + (Coef2 expression *mRNA2) + (Coef n expression *mRNAn), where Coef is the corresponding coefficient of mRNA in the LASSO regression model.
According to the median of risk score, patients with LUAD were divided into high-risk group and low-risk group. To assess the prognosis of both groups, the OS was performed by the Kaplan-Meier curve. The prognostic ability of the risk model was evaluated by time-dependent ROC analysis using the “survival ROC” software package (Janssens and Martens. 2020). To verify the BM signature, use the risk score of LUAD cases in the GSE72094 dataset to verify the accuracy of the model. In order to verify the BM signature, the risk score of LUAD cases in the GSE72094 data set was used by the same method to verify the accuracy of the model.
Establishment of a prognostic nomogram in LUAD
In TCGA training set, the association between BMs-related genes signature and clinical variables was performed. In addition, both univariate and multivariable Cox regression analysis were conducted to explore whether the risk score had an independent prognostic value in patients with LUAD. The probability of 1-year, 3-year and 5-year OS in LUAD patients were assessed by clinical variables and risk score. The accuracy of nomogram was performed to evaluated by concordance index (C-index) and calibration curve.
Analysis of prognosis and immune value of BMs-related genes signature
The prognostic survival value of BMs-related genes signature mRNAs in LUAD was analyzed by Kaplan-Meier survival analyses. Then, mRNAs with high prognostic potential were chosen for the next stage of evaluation. The correlation between the immune function and immune cells of prognostic signature genes was analyzed and scored by ssGESA algorithm.
Functional enrichment analyses and protein-protein interaction (PPI)
Gene ontology (GO) analysis, including molecular function (MF), biological processes (BP), and cellular components (CC), and the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis was performed by the “clusterProfiler” package (Kanehisa and Goto, 2000). FDR and p-value < 0.05 were considered to be significantly enriched. By submitting the differentially expressed BMs information to the STRING database (http://www.string-db.org/), the protein-protein interaction information was obtained (Szklarczyk et al., 2019). The construction and visualization of PPI network was realized by the Cytoscape software (Otasek et al., 2019). According to the MCODE plug-in, we selected the MCODE score > 10 to filter out the most significant module in the PPI network.
Immune cell infiltration analysis
We utlized a series of algorithms, including CIBERSORT, CIBERSORT-ABS, QUANTISEQ, MCP-counter, XCELL, TIMER, and EPIC algorithms, to evaluate the level of immune cell permeability between the high-risk group and the low-risk group according to the differentially expressed BMs-based signature (Newman et al., 2015). We explored the expression of several immune checkpoints, such as CD276, TNFSF9, CD200R1, CD28, CD80, CD48, TNFS18, TNFS15 and CD40LG, for immune checkpoint blockade therapy.
Statistics analysis
All statistical analyses were performed using R software (version 4.1.3). Continuous variables are tested by the student T test, while classified variables are tested by chi-square test. A p-value < 0.05 was considered significant.
RESULTS
Identification of a BM-related genes signature
In 539 tumor and 59 normal tissues, we found 81 differentially expressed BMs genes (p < 0.05, and logFC | > 1), including 47 up-regulated and 34 down-regulated differential expression ones (Figure 1A). The differential expression of each sample was shown in the heatmap (Figure 1B). After excluding 72 patients without appropriate follow-up or lack of important clinical information, 449 patients were included in the TCGA training set to identify the prognosis-related BMs genes for constructing a BMs-based signature. The clinicopathological information of LUAD in the TCGA database was shown in Table 1.
[image: Figure 1]FIGURE 1 | Analysis of differential expression and establishment of prognostic model of BMs-related genes in LUAD. (A) Volcano map showed differential expression BMs-related genes. Red dots represent upregulated BMs-associated mRNAs, green dots represent downregulated ones, and black dots represent mRNAs with no significant differential expression; (B) Heatmap showed differential expression BMs-related genes. Red represents high expression and green represents low expression. Acronym: N = normal tissue, T = tumor tissue. (C) Determination of prognostic BMs-related genes under univariate Cox regression analysis. (D) LASSO coefficient profiles of the 10 genes in LUAD. A coefficient profile plot was generated against the log (lambda) sequence. (E) Selection of the optimal parameter (lambda) in the LASSO model for LUAD.
TABLE 1 | Summary of the Clinicopathological characteristics of patients with LUAD.
[image: Table 1]We used the univariate Cox regression to analyze individually the differentially expressed BMs gene profile, 20 BMs genes were found from TCGA training cohort (Figure 1C). Lasso regression analysis was carried out among 20 BMs genes, of which 10 BMs genes were found to be significant and selected as the BM signature candidates genes (Figures 1D, E). The multivariate Cox regression analysis was used to determine the corresponding regression coefficients of each candidate in this BM-related risk gene signature (Table 2). Finally, according to 449 LUAD cases in TCGA training cohort, the 10 BM-related risk gene signature was constructed, and the risk score was calculated based on the linear combination of gene expression levels and corresponding regression coefficients. Among them, the calculation formula of correlation coefficient among 10 BM-related genes was as following (Table 2): risk score= (0.1021 × ACAN expression) +(0.0162 × ADAMTS15 expression) + (−0.010 × ADAMTS8 expression) + (0.0058 × BCAN expression) + (−0.0070 × COL4A3 expression) + (−0.0405 × ITGA8 expression) + (0.0017 × ITGB4 expression) + (0.0043 ×LAD1expression) + (−0.0891 × TENM3 expression) + (0.0003 × TIMP1 expression).
TABLE 2 | The 10 BMs-related gene list and coefficient.
[image: Table 2]Prognostic value of BM-related risk gene signature in the training cohort
According to the median of risk score, the patients with LUAD were divided into high- and low-risk groups. The LUAD patients in the low-risk group had significantly longer OS time than those in the high-risk group (p < 0.001) (Figure 2A). From the distribution of risk score (Figure 2B), the number of deaths in the high-risk group was significantly higher than that in the low-risk group. The heatmap showed the differential expression of these 10 BM-related risk genes between the low-risk group and the high-risk group (Figure 2C). The area under the time-dependent ROC curve at 1-, 3-, and 5 years was 0.673, 0.709, and 0.722 in the two groups of patients, respectively, indicating a good performance of the risk model for predicting the survival of LUAD patients (Figure 2D).
[image: Figure 2]FIGURE 2 | Assessment of BMs-related genes signature. (A) Kaplan-Meier survival analysis of patients with LUAD in high and low risk groups of TCGA training cohort; (B) Survival status distribution based on the median risk score in TCGA training cohort; Red represents high risk and green represents low risk; (C) Heatmap showed differential expression of BMs in high and low risk groups of TCGA training cohort; (D) ROC curve analysis of risk score predicting overall survival in TCGA training cohort. (E) Kaplan-Meier survival analysis of patients with LUAD in high and low risk groups of the GSE72094 validation cohort; (F) Survival status distribution based on the median risk score of the GSE72094 validation cohort; Red represents high risk and green represents low risk; (G) Heatmap showed differential expression of BMs in high and low risk groups in the GSE72094 validation cohort t; (H) ROC curve analysis of risk score predicting overall survival in the GSE72094 validation cohort.
Prognostic value of BMs-related genes signature in validation cohort
We used the same method to verify the prognostic value of BMs-based signature in GSE72094 verification cohort. The survival curve showed that the OS of patients in the low-risk group was better than that in the high-risk group (p = 0.015) (Figure 2E), and there were more deaths in the high-risk group than that in the low-risk group (Figure 2F). The expression profiles of 10-BMs between the low-risk group and the high-risk group were drawn in the heatmap (Figure 2G). Compared with the training cohort, the area under the time-dependent ROC of the validation cohort at 1-, 3-, and 5 years was 0.667, 0625, and 0.614, respectively, which also showed a good verification (Figure 2H).
Prognostic significance and immune infiltration of differential expression BMs genes
From the 10 BMs genes which were used to construct the risk score model, four of them based on survival significance were screened. After we draw the survival curve of these four genes, the high expression group of ITGB4 (p < 0.001), LAD1 (p = 0.009), BCAN (p = 0.017), and ADAMTS15 (p = 0.043) had a worse prognosis than the low expression group (Figures 3A–D), respectively, suggesting that the high expression of ITGB4, LAD1, BCAN and ADAMTS15 might be related to the progression of the tumor. Moreover, the correlation analysis of differential expression genes in immune cells and function showed that TIMP1, TENM3, ITGA8 and ADAMTS8 were positively correlated with most immune cells and immune function (Figure 3E), while ACAN, BCAN, and LAD1 were negatively correlated, suggesting that these genes may play significant roles in LUAD immunity and deserve further study. Taken together, these results suggested that above genes with differential expression could play a crucial role in the immune regulation of LUAD.
[image: Figure 3]FIGURE 3 | Analysis of survival significance of differential expression BMs-related genes signature in high-risk group and low-risk group including high expression of ITGB4 (A), LAD1 (B), BCAN (C) and ADAMTS15 (D). The red curve represents the high expression of mRNA and the blue curve represents the low expression. (E) Analysis of immune cells and immunology functions associated with differential expression genes. Correlation analysis of differential expression genes with immune cells and immunology functions. The red color represents positive correlations, the blue color represents negative correlations, and the white indicates relationships without a statistical difference.
Stratified analysis of association between BMs-based signature and prognosis by clinical features in patients with LUAD
We further confirmed the association between risk score and clinical characteristics of LUAD patients. From the heatmap (Figure 4A), we found that sex (p = 0.022), stage (p < 0.001), radiotherapy (p = 0.008) and chemotherapy (p = 0.014) had significantly statistical differences between the high-risk and low-risk groups, while the age (p = 0.493) had no significant statistical significance (Figures 4B–F). Thus, we performed the stratified analysis of risk score on survival by clinical factors. We found that there were significant survival differences between low-risk and high-risk groups in different subgroups with different clinical factors, including as age (≤65 vs. > 65 years) (p < 0.001), sex (male vs. Female) (p < 0.001), with chemotherapy (p = 0.011), without chemotherapy (p < 0.001), with radiotherapy (p = 0.014) and stage (I/II vs. III/IV) (p < 0.001), while no significant survival difference in patients without radiotherapy (p > 0.068) (Figures 4G–K).
[image: Figure 4]FIGURE 4 | Clinical characteristics of BMs-related genes signature with LUAD. (A) The heatmap of clinical factors and BM genes in high and low-risk with LUAD. Differential expression in clinical factors of age(B), sex (C), stage (D), radiotherapy (E) and chemotherapy (F) under high and low-risk with LUAD. Prognostic analysis of different clinical factors, including age>65 (G), age≤65 (H), sex = M (I), sex = F (J), stage = I + II (K), stage = III + IV (L), radiotherapy = No (M), radiotherapy = Yes (N), chemotherapy = No (O) and chemotherapy = Yes (P) in K-M survival analysis of high and low risk. Red curve represents the high-risk group and blue curve represents the low-risk group. Abbreviations: F = female, M = male, I + II = I and II stage, III + IV = III and IV stage.
Multivariable analysis of prognosis of risk score in LUAD
Multivariable Cox regression analysis was used to analyze whether risk score could be regarded as independent prognostic indicators of LUAD after adjustment with other prognostic factors. We first found that risk score (p < 0.001), stage (p < 0.001), and radiotherapy (p < 0.001) were significantly associated with survival in patients with LUAD by the univariate analysis (Figure 5A). We then performed the multivariable Cox regression analysis to show a significant association between risk score and prognosis (p < 0.001) (Figure 5B), indicating that risk score may serve as an independent predictor of prognosis of patients with LUAD.
[image: Figure 5]FIGURE 5 | Development of a BMs-related genes signature nomogram with LUAD. (A) Univariate Cox regression analysis of the clinical features and the risk score in patients with LUAD; (B) Multivariate Cox regression analysis of the clinical features and the risk score in patients with LUAD. (C) Nomogram for BMs risk score and clinical features; (D) The calibration plots for predicting 1-,3- or 5-year survival probability.
Nomogram of BMs-related genes signature in patients with LUAD
In the training cohort, we used BMs-based signature risk score, age, sex, stage, radiotherapy and chemotherapy to develop a visual nomogram for 1-, 3- and 5-year individual survival prediction (Figure 5C). Bootstrap verification was performed to verify the accuracy of the nomogram. The C-index of the training cohort was 0.663, which showed that the nomogram had good prediction ability in LUAD. We then draw the calibration curve (Figure 5D) to verify the accuracy of the nomogram. The calibration curve showed that the survival probability of the actual observation and prediction was satisfactory in terms of 1-, 3- and 5-year consistency.
Functional enrichment analysis and PPI of the BMs-related genes
To investigate the function and potential pathway of BMs genes in LUAD, we performed the GO and KEGG analysis for differentially expressed BMs genes. Based on the results of biological process (BP)’s analysis, we found that 81 BMs genes were involved in extracellular matrix organization, extracellular structure organization, and external encapsulating structure organization. The cellular component (CC) analysis demonstrated that collagen-containing extracellular matrix and basement membrane. Molecular function (MF) analysis also showed that 81 BMs were mainly related to extracellular matrix structural constituent, extracellular matrix structural constituent conferring tensile strength, metalloendopeptidase activity, glycosaminoglycan binding, and extracellular matrix binding (Figure 6A). Moreover, the KEGG pathway enrichment analysis found that the main enrichment pathways of BMs differentially expressed genes included ECM-receptor interaction, focal adhesion, protein digestion and absorption, human papillomavirus infection, PI3K-Akt signaling pathway, small cell lung cancer, axon guidance, arrhythmogenic right ventricular cardiomyopathy, hypertrophic cardiomyopathy, and dilated cardiomyopathy (Figure 6B). From the STRING database, we found that the PPI network based on differentially expressed BMs genes was mainly composed of 62 nodes and 173 edges (Figure 6C).
[image: Figure 6]FIGURE 6 | Differentially expressed BMs-related genes analysis of enrichment function in LUAD. (A) GO function analysis; (B) KEGG pathway analysis; (C) PPI network.
Analysis of immune checkpoint analysis for BMs-related genes signature in patients with LUAD
The relationship between risk score and immune checkpoint is worthy of our investigation as the immune checkpoints play important roles in immunotherapy. We found that there were differences in the expression of CD276, TNFSF9, CD200R1, CD28, CD80, CD48, TNFS18, TNFS15 and CD40LG between high-risk and low-risk groups. Among them, CD276, and TNFSF9 were highly expressed in the high-risk group (Supplementary Figures S1 A, B), while CD200R1, CD28, CD80, CD48, TNFS18, TNFS15, and CD40LG were highly expressed in the low-risk group (Supplementary Figures S1 C–L).
DISCUSSION
Based on the data from open access public databases, many studies have focused on the link between RNA-seq data of specific genomes and prognosis of individual patients (Sun et al., 2022; Zhao et al., 2022), while few studies were focused on the prognosis of LUAD with specific genomes, particularly on clinical application, immune infiltration and other related areas. There was growing evidence that the response of extracellular matrix to TME drives the potential carcinogenic mechanisms of many cancers, including lung cancer (Li et al., 2021). At present, there were few reports on the prognostic value of BMs-related genes in LUAD. In this study, we have developed a comprehensive model with multi-genes for prediction of prognosis in the patients with LUAD. This study was aimed to investigate the relationship between the expression of BMs-related gene signature and the prognosis of patients with LUAD. We constructed a new prognostic model based on the BMs-based signature which included 10-BMs-related genes, such as ACAN, ADAMTS15, ADAMTS8, BCAN, COL4A3, ITGA8, ITGB4, LAD1, TENM3, and TIMP1. Furthermore, we confirmed the prognostic value of BMs-based signature, and established a survival prediction nomogram involving risk score, age, sex, staging, radiotherapy and chemotherapy, and verified its predictive ability with GSE72094 data sets. In this study, we have demonstrated that the nomogram was verified to have good prediction performance. We further investigated the relationship between BMs-based signatures and clinical features. Finally, we explored the relationship between the differential expression of BMs-related genes and immune checkpoints in patients with LUAD.
In the current study, the risk score was constructed based on 10 BMs-related genes and used to demonstrate its value in clinical research. The ITGB4, LAD1, BCAN and ADAMTS15 were found to have significance in OS of patients with LUAD, of which the integrin subunit β4 (ITGB4) is one of the most characteristic integrins and is involved in regulation of various cellular functions (Giancotti, 2007). Previous studies have shown that integrin regulates angiogenesis, connective tissue proliferation and immune response of tumor host cells by affecting tumor cell migration, invasion, proliferation and survival. Thus it affects epithelialmesenchymal transition (EMT), tumor occurrence, metastasis and even treatment outcome (Xiong et al., 2021). For example, the overexpression of ITGB4 was associated with invasive behavior and poor prognosis of NSCLC (Zheng et al., 2013; Wu et al., 2019). In this study, we found that the high expression of ITGB4 contributes to the poor prognosis of LUAD, which was consistent with previous studies. The LAD1 (Ladinin-1) was a collagen-anchored filament protein on the BM, which was used to maintain the cohesion of the dermis-epidermal junction (Teixeira et al., 2015). It helped to stabilize the connection between the epithelium and the underlying mesenchyme (Motoki et al., 1997). In addition to its structural role, LAD1 also participates in the regulation of mitotic signals by acting as a connexin in EGF-induced ERK5 cascade activation (Yao et al., 2010). Comparative proteomic studies showed that the expression of LAD1 in LUAD was more abundant than that in normal lung tissue (Codreanu et al., 2017). Similarly, we found that the overexpression of LAD1 leads to the poorly prognostic value in the progression of LUAD. The ADAMTS-15 acted as a tumor suppressor in breast and prostate cancer (Porter et al., 2006; Binder et al., 2020). Enhanced expression of ADAMTS-15 might reduce the motor ability of breast cancer cells and angiogenesis, rather than rely on its catalytic activity. Binder et al. found that ADAMTS-15 combined with androgen could inhibit tumor (Binder et al., 2020). However, in our current study, the overexpression of ADAMTS-15 led to a poor prognosis of patients with LUAD. Recent study has found that the expression of BCNA gene can protect bacterial cell capsule from lipid peroxidation free radicals; however, its exact roles in cancer require to be further studied (Naguib et al., 2022). In our study, BCNA was risk factors, and the patients with highexpression had a poor prognosis, which provided evidence for further study in the future.
Our understanding of BMs in normal and disease states remains limited due to the lack of adequate understanding of the role of BM proteins in LUAD. However, in the GO enrichment analysis, we found that BMs was an important part of EMC in the process of BP, CC and MF, which was consistent with previous studies (Baghban et al., 2020; Sahai et al., 2020). The EMC macromolecules exist in all extracellular tissues, coordinating a variety of cellular processes and tumor metastasis (Jayadev et al., 2022). The KEGG analysis showed that BMs-related genes played a significant role in ECM-receptor interaction. The TME, apart from ECM, included fibroblasts, immune cells, and blood vessels. Composition and network organization of EMC were synthesized and modified by cancer-associated fibroblasts (CAFs) and cancer cells (Baghban et al., 2020; Sahai et al., 2020). In this way, the nature of TME is altered, and conversely, the TME can dictate the growth and spread of the tumor. This showed that BMs might play a certain role in the transformation between TME and ECM, which needs futher study to be explored in the future.
Tumor infiltrating lymphocytes (TIL) were indispensable for the occurrence and development of tumors (Kuninty et al., 2022). Although the monotherapy of PD-1 or PD-L1 was generally well tolerated and the efficacy is limited, combination therapy increased the risk of immune-related adverse events. Therefore, new predictive biomarkers were needed to maximize the benefit of patients, reduce toxicity, and guide combination therapy (Ni et al., 2022). We used immune algorithm to find immune checkpoints with differences between high-risk and low-risk groups of BMs. Moreover, LUAD patients in high-risk groups might benefit from immune checkpoint therapy. However, so far, there have been no studies on the association between BMs and drug sensitivity or resistance. Using the CellMine database, we found that the expression of BMs-related genes was related to the sensitivity of Vemurafeni, Dabrafenib, Selumetinib and Cobimetinib, which were targeted drugs for gene mutations. Therefore, we speculated that BMs might play a role in targeted therapy, which might increase the drug sensitivity.
Although this study has found the relationship between BMs-related genes signature and the prognosis of LUAD and clinical significance of prognosis prediction of patients with LUAD, it remains certain limitations. For example, since this study collected the data of LUAD patients from TCGA and GEO public databases and lacked actual laboratory research data, the model was constructed based on such data, the findings are needed to be verified or validated with the real data from the prospectively designed clinical trials.
In conclusion, we determined whether the BMs genes risk characteristics related to the OS of LUAD patients; and constructed and verified the prognostic nomogram of LUAD, including BMs-related risk score, age, sex, stage, radiotherapy and chemotherapy for prediction of individual survival. Moreover, we comprehensively analyzed the differentially expressed BMs-related genes by enrichment analysis, immunity and drug susceptibility. Thus, this study may identify a new BMs-related prognostic marker, demonstrate the clinical significance of BMs in LUAD, and provide some evidence for the future study on the role of BMs in LUAD.
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The neutrophils exhibit both anti-tumor and pro-tumor effects in cancers. The correlation between neutrophils and tumor development in lung adenocarcinoma (LUAD) is still uncertain, possibly due to a lack of specific neutrophil infiltration evaluation methods. In this study, we identified 30 hub genes that were significantly associated with neutrophil infiltration in LUAD through data mining, survival analysis, and multiple tumor-infiltrating immune cells (TICs) analysis, including TIMER, CIBERSORT, QUANTISEQ, XCELL, and MCPCOUNTER. Consensus clustering analysis showed that these 30 hub genes were correlated with clinical features in LUAD. We further developed a neutrophil scoring system based on these hub genes. The neutrophil score was significantly correlated with prognosis and tumor immune microenvironment (TIME) in LUAD. It was also positively associated with PD-L1 expression and negatively associated with tumor mutational burden (TMB). When combined with the neutrophil score, the predictive capacity of PD-L1 and TMB for prognosis was significantly improved. Thus, the 30 hub genes might play an essential role in the interaction of neutrophils and LUAD, and the neutrophil scoring system might effectually assess the infiltration of neutrophils. Furthermore, we verified the expression of these 30 genes in the LUAD tumor tissues collected from our department. We further found that overexpressed TNFAIP6 and TLR6 and downregulated P2RY13, SCARF1, DPEP2, PRAM1, CYP27A1, CFP, GPX3, and NCF1 in LUAD tissue might be potentially associated with neutrophils pro-tumor effects. The following in vitro experiments demonstrated that TNFAIP6 and TLR6 were significantly overexpressed, and P2RY13 and CYP27A1 were significantly downregulated in LUAD cell lines, compared to BEAS-2B cells. Knocking down TNFAIP6 in A549 and PC9 resulted in the upregulation of FAS, CCL3, and ICAM-1, and the downregulation of CCL2, CXCR4, and VEGF-A in neutrophils when co-culturing with the conditioned medium (CM) from LUAD cells. Knocking down TNFAIP6 in LUAD also led to an elevated early apoptosis rate of neutrophils. Therefore, overexpressed TNFAIP6 in LUAD cancer cells might lead to neutrophils “N2” polarization, which exhibited pro-tumor effects. Further research based on the genes identified in this pilot study might shed light on neutrophils’ effects on LUAD in the future.




Keywords: neutrophil infiltration, tumor associated neutrophil, tumor immune microenvironment, LUAD, bioinformatics analysis, survival analysis




1 Introduction

Neutrophils are humans’ most abundant innate immune cells, accounting for 50-70% of all leukocytes (1, 2). It mainly participates in host defense through phagocytosis, degranulation and release of proteases, secretion of various chemokines and cytokines, and forming neutrophil extracellular traps (NETs) via NETosis to resist the invasion and reproduction of pathogenic bacteria (3, 4). The neutrophils can also be recruited and infiltrated into tumor microenvironments as tumor-associated neutrophils (TANs) (5, 6).

TANs have emerged as significant prognostic biomarkers in various cancers, such as bronchioloalveolar and renal carcinoma (7–9). It plays an essential role in tumor development and presents significant heterogeneity. On the one hand, TANs may promote tumor occurrence by generating reactive oxygen species (ROS) (10), releasing neutrophil elastase (NE) to accelerate tumor growth (11), secreting matrix metalloproteinase-9 (MMP-9) to induce angiogenesis (12), and forming NETs to facilitate tumor metastasis (13). On the other hand, TANs also exhibit anti-tumor properties, including direct killing of nascent tumor cells (14), releasing Arg1 to stimulate TRAIL expression and induce tumor cell apoptosis (15), and recruiting and activating T cells for tumor cell eradication (16, 17).

In non-small cell lung cancer (NSCLC), the abundance of neutrophils holds prognostic significance. Patients with higher neutrophil-to-lymphocyte ratios (NLR) exhibited reduced progression-free survival (PFS) and overall survival (OS) (18, 19). Early-stage NSCLC patients with heightened CD66b-positive neutrophil infiltration faced an increased likelihood of postoperative recurrence (20). However, in different subtypes of NSCLC, TANs demonstrated distinct roles (21). For instance, Mehrdad Rakaee et al. found that the proportion of CD66b-positive TANs presented opposing prognostic impacts between squamous cell carcinoma (SCC) and adenocarcinoma (ADC) (22). Xinyan Liu et al. also found that the TANs infiltration did not correlate with prognosis in lung adenocarcinoma (LUAD) (23).

These unclear effects of TANs in LUAD may be due to a lack of specific methods for assessing TANs. The underlying mechanisms of TANs’ effect on LUADs also remain unknown. Thus, in this study, we identified 30 hub genes closely associated with neutrophil infiltration in LUADs using bioinformatics approaches. Then, by using these hub genes, we constructed a specific LUADs’ TANs infiltration scoring system and analyzed its correlation with prognosis and tumor immune microenvironment. This pilot study might provide valuable insights into exploring TANs effects on LUADs.




2 Materials and methods



2.1 Data acquisition and differentially expressed genes analysis

All LUAD patients’ data, including gene expression and clinical pathological features, were downloaded from The Cancer Genome Atlas (TCGA) database. The neutrophils-specific expressed genes were downloaded from The Human Protein Atlas (THPA) database (https://www.proteinatlas.org/). Gene microarray data and clinical information of 181 tumor samples in external validation were obtained from the Gene Expression Omnibus (GEO) dataset (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE50081) (24). The log2(x+0.001) transforming was performed in each expression value. R software (version 3.6.4) was used to analyze differential expression and clinical characteristics.




2.2 Tumor-infiltrating immune cells analysis

Five independent TICs analysis methods, including TIMER (25), MCPCOUNTER (26), XCELL (27), CIBERSORT (28), and QUANTISEQ (29), were performed to assess neutrophil infiltration. The tumor-associated immune comprehensive score was assessed via ImmunoPhenoScore (IPS) in R package IOBR (version 0.99.9) (30).




2.3 Neutrophil scoring construction and clustering analysis

The principal component analysis (PCA) algorithm was used for establishing neutrophil scoring according to the selected 30 hub genes. The formula was: Neutrophil_score=∑PC1i+PC2i. The consensus clustering analysis was performed via the ConsensusClusterPlus package in R software.




2.4 Survival analysis

The bioinformatics survival analysis was performed as previously described (31). Briefly, the CoxPH in R software was used for univariate Cox regression analysis to screen genes and to establish the Cox proportional hazards regression model. MaxStat in R was used to calculate the best cut-off value and survfit in R to analyze the differences in OS and PFS between each group.




2.5 Mutations and tumor mutational burden

All the level 4 Simple Nucleotide Variation datasets in TCGA were downloaded from GDC (https://portal.gdc.cancer.gov/) (32) and processed by MuTect2. The alterations were analyzed in both high and low neutrophil score groups. The TMB was calculated by the tmb function from the R package maftools (version 2.8.05).




2.6 Tissue specimens and qPCR

Ten fresh lung adenocarcinoma specimens with paired adjacent normal tissue samples were collected from Tianjin Medical University General Hospital between May 2023 and June 2023. The basic information of these ten patients was listed in Supplementary Table 1. The expression of the 30 hub genes in both cancer and normal tissue was detected by qPCR. The procedure of qPCR was described previously (33). Briefly, TRIzol Reagent (Invitrogen, USA) was used for total RNA extraction. Power SYBR Green PCR Master Mix (Applied Biosystems, USA) was used for the reaction after reverse transitions. The primer sequences in this study were listed in Supplementary Table 2.




2.7 Cell culture and transfection

The cell culture and transfections were performed as described previously (31). All the cell lines were purchased from the American Tissue Culture Collection (ATCC). The cells were maintained in RPMI 1640 medium (Gibco, USA). The si-TNFAIP6 (SIGS0003862-1), si-TLR6 (SIGS0000949-1), and si NCs (siN0000001-1-5) were purchased from RiboBio (Guangzhou, China). The si-RNA or si-NC was transfected into cells by Lipofectamine 2000 (Invitrogen, United States) under the manufacturer’s instructions.




2.8 Immunohistochemistry staining

IHC staining was performed as described previously (34). Briefly, the tissue slices underwent deparaffinization, followed by antigen retrieval in 5 mM Tris-HCl for 10 mins using microwave pretreatment. The 3% H2O2 was used to quench endogenous peroxidase activity, and the non-specific binding sites were blocked by serum. After incubated with anti-TNFAIP6 primary antibody (1:200, Proteintech, China) at 4°C overnight, the slides were washed and followed by horseradish peroxidase (HRP) labeled secondary antibody incubation for 30 mins at room temperature. Then, the slides were stained with diaminobenzidine and counterstained with hematoxylin. All stained slides were scanned by the Pannoramic MIDI (3DHISTECH, Hungary) and visualized in CaseViewer2.4 software (3DHISTECH, Hungary). The mages were scored automatically by Aipathwell software (Servicebio, Wuhan, China).




2.9 Neutrophils isolation

The peripheral blood was collected from healthy volunteers in EDTA-coated tubes. The isolation of neutrophils was using Polymorphprep (Axis-Shield, UK) under the manufacturer’s instructions. Fast Giemsa Stain Kit (Yeasen, China) was used to determine the purity of the isolated neutrophils. The neutrophils were maintained in RPMI 1640.




2.10 Neutrophil polarization detection

The cancer cells were washed thrice with serum-free medium after growing to ~80% confluence. Then, after incubating in a serum-free medium for 24h, the conditioned medium (CM) was collected. 1X106 neutrophils were seeded on 6-well plates with RPMI 1640 medium, adding 10% si-TNFAIP6 or si-NC LUAD cells CM. After 16h at 37°C, the total RNA and protein were collected. The expression of Fas cell surface death receptor (FAS), C-C motif chemokine ligand 3 (CCL3), intercellular adhesion molecule 1 (ICAM-1), C-C motif chemokine ligand 2 (CCL2), C-X-C motif chemokine receptor 4 (CXCR4) and vascular endothelial growth factor A (VEGF-A) were detected.




2.11 Western blot

Western blot was performed as previously described (35). Primary antibodies used were: anti-TNFAIP6 (1:1000, Proteintech, China), anti-TLR6 (1:1000, ABclonal, China), anti-FAS (1:3000, Proteintech, China), anti-CCL3 (1:1000, Proteintech, China), anti-ICAM-1 (1:3000, Proteintech, China), anti-CCL2 (1:3000, Proteintech, China), anti-CXCR4 (1:3000, Proteintech, China), anti-VEGFA (1:2000, Proteintech, China), anti-β-Tubulin (1:20000, Proteintech, China) and anti-GAPDH (1:2000, Servicebio, China).




2.12 Annexin V- PI assay

The Annexin V- PI assay was performed as previously described (36). Briefly, after being stained with the Annexin V-FITC and PI (BD Biosciences, CA, USA) for 15 mins, the cells were analyzed using the Agilent Novocyte 2000R flow cytometer (Agilent Technologies, USA).




2.13 Cell counting Kit-8 assay

CCK8 assay was performed as previously described (31). Briefly, 4000 cells of each cell line were seeded in a 96-well plate. 10μl CCK8 (APExBIO, USA) was added to each well after 24h, 48h, and 72h incubation. Then, the OD values were detected after 1h incubation.




2.14 CM collection and protein precipitation

The CM was collected and centrifuged at 1000g for 5 minutes. The supernatant was centrifugated for 30 minutes using the Amicon® Ultra-15 Centrifugal Filter Unit (3 KDa, Millipore, USA). Afterward, the concentrated liquor was mixed with an equal volume of 50% Trichloroacetic acid (TCA) solution and incubated on ice for 2 hours. Then, the protein precipitation was obtained after centrifuged at 2000g and 4°C for 5 minutes and washed twice with 1ml of pre-chilled (-20°C) acetone.




2.15 In-solution digestion

The precipitated proteins were suspended in 100 mM NH4HCO3 and incubated overnight at 37°C with trypsin (Promega, USA). Subsequently, the solutions were heated at 56°C for 1h with 5mM dithiothreitol, followed by alkylation in the dark for 45 min with 15mM iodoacetamide. The unreacted iodoacetamide was then neutralized at room temperature for 30 min with 30mM cysteine. A second trypsin digestion was performed at 37°C for 4h and stopped with 10% TFA. The resulting solutions were dried using SpeedVac and desalted using a μ-C18 Ziptip (Millipore, USA).




2.16 Liquid chromatography-tandem mass spectrometry analysis

After desalting, each tryptic digest was dissolved in HPLC buffer A (0.1% (v/v) formic acid in water) and injected into a nano-LC system (EASY-nLC 1200, Thermo Fisher Scientific, USA). Each sample was separated using a C18 column (75μm inner-diameter×25 cm, 3 μm C18) with a 130 min HPLC gradient at a flow rate of 300 nL/min. The gradient consisted of the following steps: 5% to 7% solvent B (0.1% formic acid in 80% acetonitrile) in 2 min, 7% to 22% solvent B in 78 min, 22% to 38% solvent B in 38 min, 38% to 100% solvent B in 3 min, and hold at 100% solvent B for 9 min. The HPLC eluate was directly electrosprayed into an Orbitrap Eclipse Tribrid mass spectrometer (Thermo Fisher Scientific, USA). The spray voltage was set to 2.2 kV, the funnel RF level was set at 40, and the ion transfer tube temperature was set at 320°C. Mass spectrometric analysis was performed in a data-dependent (DDA) mode with a 2s cycle, and data acquisition was carried out using Xcalibur (v.4.5). The orbitrap mass analyzer was utilized as the MS1 detector with a resolution of 60,000 and a scan range of 350–1500 m/z. The normalized AGC target and maximum injection time were set at 100%/50 ms for MS1, and 100%/22 ms for MS2. The orbitrap mass analyzer was employed as the MS2 detector with a resolution of 15000. Precursor ions with charges of +2 to +5 were selected for MS2, and a dynamic exclusion time of 55s was set. The MS2 isolation window was 1.6Da, and precursor fragmentation was achieved using a normalized HCD (higher-energy collision-induced dissociation) collision energy of 30%.




2.17 Database search

Proteome Discoverer (PD) 3.0 was used to search the MS/MS data, with a maximum false discovery rate (FDR) of 1% for peptides. Peptide sequences were searched with trypsin specificity, allowing a maximum of two missed cleavages. Fixed modification of carbamidomethylation on cysteine was specified, and the minimal peptide length was set to six. Variable modifications included methionine oxidation and acetylation on the N-terminal and lysine residues. The mass tolerances for precursor ions were set at ±10 ppm and ±0.02 Da for MS/MS.




2.18 Label-free quantification

Protein abundance was determined by summing the abundances of unique+trazor peptides, and the PD3.0-derived abundance ratio was used for protein quantitation. The fold difference per protein was calculated from the average abundance (normalized) in all replicates, and the t-test was applied to assess the statistical significance. The abundance was required in at least two replicates for protein quantification to be considered.




2.19 Statistical analysis

Statistical analysis was performed by R software (version 3.6.4) or SPSS version 23. T-tests were used for the data with homogeneity of variance. Mann-Whitney U-tests were used for the data without homogeneity of variance. Wilcoxon Rank Sum and Signed Rank Tests were used for unpaired data. Kruskal tests were used for samples with multiple groups. The correlation analysis was performed using Pearson’s correlation coefficient. The survival analysis was tested by Log-rank test. P-value <0.05 was considered significant.





3 Results



3.1 Screening of the hub genes associated with neutrophil infiltration in LUAD

All LUAD data were extracted from the TCGA database. The neutrophil infiltration in each sample was scored via five independent methods: TIMER, CIBERSORT, QUANTISEQ, XCELL, and MCPCOUNTER. Then, all patients were divided into low and high infiltration groups. Thirty patients with low infiltration (Figure 1A) and 24 with high infiltration (Figure 1B) were identified in all five methods.




Figure 1 | Screening process of the thirty hub genes. (A) Thirty lung adenocarcinoma (LUAD) patients from TCGA database were identified as low neutrophil infiltration according to TIMER, CIBERSORT, QUANTISEQ, XCELL, and MCPCOUNTER analysis; (B) twenty-four LUAD patients were identified as high neutrophil infiltration; (C) The differentially expressed genes (DEGs) between high and low neutrophil infiltration patients; (D) 287 genes among the DEGs were associated with PFS (orange circle) and 1044 genes specifically elevated in neutrophils were download from THPA (cyan circle). Thirty genes were ultimately selected as hub genes associated with neutrophil infiltration in LUAD (overlap region).



Then, the DEG analysis was performed between the two groups (Figure 1C). Among these DEGs, 287 genes were confirmed as significantly associated with PFS. After intersecting these 287 genes and neutrophils-specific elevated genes retrieved from THPA, 30 genes were selected as hub genes ultimately (Figure 1D). The official symbols and univariate Cox regression analysis of these 30 hub genes were listed in Table 1. The results of other PFS-associated DEGs were shown in Supplementary Table 3.


Table 1 | Official symbols and univariate Cox regression analysis of the 30 hub genes.






3.2 Consensus clustering analysis based on the 30 hub genes

Using the screened 30 hub genes mentioned above, we performed consensus clustering analysis on all LUAD patients in TCGA, dividing them into three groups - A, B, and C (Figure 2A). Each gene showed differential expression among the three groups (Figure 2B). Group A mainly exhibited lower expression of the 30 genes, Group B had significantly higher expression, and Group C displayed intermediate levels (Figure 2C, top panel). The groups also showed significant differences in gender distribution (P=0.00043) and TNM staging (P=0.001) (Figure 2C, bottom panel). Moreover, significant differences in prognosis were observed, with Group C having the lowest PFS (P<0.001) and OS (P=0.001) (Figures 2D, E). Additionally, each group exhibited differential prognostic trends in disease-free survival (DFS) (P=0.072) and significant differences in disease-specific survival (DSS) (P=0.002) (Supplementary Figures 1A, B).




Figure 2 | The hub genes correlated with clinical characteristics in lung adenocarcinoma (LUAD). (A) All LUAD patients in TCGA were divided into A, B, and C groups by consensus clustering analysis according to the 30 hub genes; (B) The expression of each hub gene was significantly different among the three groups; (C) Top panel: heatmap of the 30 hub genes in each group; Bottom panel: each group exhibited different clinical features in gender and TNM staging; (D, E) The A, B and C group patients showed significant difference in PFS (p<0.001) and OS (p=0.001). ***:p-value < 0.001.






3.3 Neutrophil infiltration scoring in LUAD



3.3.1 Validation of neutrophil scoring model

The neutrophil scoring model was developed using the PCA algorithm depending on the 30 hub genes. All LUAD patients from TCGA were divided into high and low neutrophil score groups. Five independent TICs analysis methods were used to validate the effectiveness of this new scoring model. Results showed that patients with high scores showed significantly increased neutrophil infiltration scores in TIMER, MCPCOUNTER, and QUANTISEQ (P<0.001 for all) (Figure 3A). In XCELL, high-score patients exhibited lower neutrophil infiltration (P=0.011) (Figure 3A). In CIBERSORT, there was no difference between the two groups (Figure 3A).




Figure 3 | Validations and prognosis predicting effects of the neutrophil scoring model. (A) Based on the hub genes, a new neutrophil scoring model was developed by PCA algorithm and validated via five independent tumor-infiltrating immune cells (TICs) analysis methods; (B) Each group from consensus clustering analysis exhibited a significant difference in neutrophil sore; (C) Group C presented the highest proportion of recurrences; (D–G) low neutrophil score patients exhibited significantly lower PFS (P<0.001), OS (P<0.001), DFS (P=0.017), and DSS (P<0.001); (H) Low neutrophil score patients presented higher recurrence rate (47% vs 32%); (I) Recurrent patients also exhibited lower neutrophil score (P=0.0039).



We further assessed the neutrophil scores in the three patient groups mentioned in the consensus clustering analysis. Results showed that Group A had the lowest scores, followed by Group C, and Group B had the highest scores, with significant differences among the groups (Figure 3B). The scores aligned with their gene expression profiles. Meanwhile, consistent with the clustering analysis, Group C had the highest proportion of recurrences (Figure 3C).




3.3.2 Neutrophil scoring positively correlated with prognosis

Survival analysis revealed that patients with low neutrophil scores presented significantly lower PFS (P<0.001), OS (P<0.001), DFS (P=0.017), and DSS (P<0.001) (Figures 3D–G). The low-scoring group also showed a higher recurrence rate than the high-scoring group (47% vs. 32%) (Figure 3H). Following stratified analyses demonstrated that low neutrophil score patients also exhibited significantly lower PFS in aged over 65(P<0.001), female (P=0.006), male (P=0.034), and stages I-II (P=0.006) class (Supplementary Figure 2). Neutrophil scores were significantly lower in recurrent patients than in non-recurrent patients (P=0.0039) (Figure 3I). Meanwhile, the low neutrophil score group also presented significantly worse OS (P=0.0038) (Supplementary Figure 3) in data derived from GSE50081.




3.3.3 Neutrophil scoring correlated with PD-L1 and TMB and promoted their prognosis-predicting capability

Patients with high neutrophil sore presented higher PD-L1 expression (P<0.001) (Figure 4A). Further correlation analysis demonstrated that neutrophil score was significantly positively correlated with PD-L1 expression in LUADs (R=0.38, P<0.001) (Figure 4A). TMB, on the contrary, presented significant reverse results as negatively correlated with neutrophil score (R=-0.31, P<0.001) (Figure 4C). The genetic mutation status of the two groups was also basically consistent with TMB, as 273 of 281 (97.15%) in the low-score group and 190 of 222 (85.59%) in the high-score group exhibited gene mutations (Figure 4B).




Figure 4 | Neutrophil score correlated with PD-L1 and tumor mutational burden (TMB). (A) Neutrophil score positively correlated with PD-L1; (B) 273 of 281 (97.15%) low-score patients and 190 of 222 (85.59%) high-score patients exhibited gene mutations; (C) Neutrophil score negatively correlated with TMB; (D) Neutrophil score significantly promoted the FPS predicting effectiveness of PD-L1; (E) It also promoted the effectiveness of TMB.



Interestingly, the neutrophil scoring might improve the prognosis-predicting capability of PD-L1 and TMB in lung adenocarcinoma. Patients with high PD-L1 expression had slightly worse PFS than those with low PD-L1 expression (P=0.039), while there was no significant difference between high and low TMB patients (P=0.139) (Supplementary Figure 4). When combined with neutrophil scoring, respectively, significant differences were observed among each group in both PD-L1 (P<0.001) (Figure 4D) and TMB (P<0.001) (Figure 4E).




3.3.4 Neutrophil scoring correlated with tumor immune microenvironment (TIME) in lung adenocarcinoma

IPS was performed between the high and low neutrophil score groups. We found that the high-scoring group presented significantly higher effector cells (EC) and major histocompatibility complex (MHC) scores and lower checkpoints (CP) and suppressor cells (SC) scores (Figure 5A). The IPS total score was also higher in the high-scoring group (Figure 5A). Meanwhile, further analysis revealed that neutrophil score was closely related to the infiltration of other immune cells, including cytotoxic CD8 + T cells, effector CD4 + T cells, natural killer cells (NK), Tregs, myeloid-derived suppressor cells (MDSCs), and macrophages (Figure 5B). The neutrophil scoring was broadly correlated with TIME in lung adenocarcinoma.




Figure 5 | Neutrophil score and tumor immune microenvironment (TIME). (A) ImmunoPhenoScore (IPS): the high-scoring group presented higher total IPS, effector cells (EC), and major histocompatibility complex (MHC) scores, and lower checkpoints (CP) and suppressor cells (SC) scores; (B) The correlations between neutrophil score and other cells in TIME. *: p-value < 0.05; ***:p-value < 0.001.







3.4 Ten genes, including TNFAIP6, might be correlated with the pro-tumor effects of TANs

TANs exhibit both pro-tumor and anti-tumor effects in the tumor microenvironment. We performed the following procedures to screen for the genes closely associated with the pro-tumor effects of TANs. Firstly, we analyzed the differential expression of the 30 hub genes between tumor and normal tissues in LUAD patients from the TCGA database (Figure 6A). We also collected paired cancer and normal tissues from our department’s surgical resections of LUAD patients. The differential expression of these 30 hub genes was further validated in those fresh specimens via qPCR (Figure 6B). The hazard ratio of each hub gene has been assessed via univariate Cox regression, as mentioned above (Table 1).




Figure 6 | The screening process of pro-tumor effects associated genes. (A) Differential expression of the 30 hub genes between tumor and normal tissues in LUAD from TCGA; (B) The differential expression was further validated in the fresh samples collected from our department; (C) The strategy and results of the pro-tumor effects associated genes screening. *: p-value < 0.05; **: p-value < 0.01; ***:p-value < 0.001; ****: p-value < 0.0001.



After taking the intersection, we found that TNFAIP6 and TLR6 were not only overexpressed in cancer tissue but also indicated poorer prognosis (Figure 6C). The P2RY13, SCARF1, DPEP2, PRAM1, CYP27A1, CFP, GPX3, and NCF1 were low expressed in cancer tissue and indicated better prognosis (Figure 6C). We speculated that dysregulation of these ten genes might indicate the pro-tumor effects of TANs in lung adenocarcinoma.




3.5 TNFAIP6 overexpressed in lung adenocarcinoma cells and might promote neutrophil “N2” polarization in vitro

In order to further screen the potential genes differentially expressed in tumor cells specifically, instead of TICs in TIME, we used qPCR to test the expression of all the ten genes in the A549, PC9, and H1975 cell lines with the BEAS-2B cell line as a control. The results showed that TNFAIP6, TLR6, P2RY13, and CYP27A1 were significantly differentially expressed in all A549, PC9, and H1975 cell lines (Figure 7A; Supplementary Figure 5). The TNFAIP6 protein was significantly overexpressed in cancer tissue compared to normal pulmonary tissue, according to the IHC examination (Figure 7B). Then, the TNFAIP6 was knocked down in both A549 and PC9 cells (Supplementary Figure 6). The CCK8 assay showed that TNFAIP6 might not affect the proliferation of A549 and PC9 cells (Supplementary Figure 7). After co-culturing healthy human neutrophils with the conditioned medium (Figure 7C), we found that knocking down TNFAIP6 in A549 and PC9 led to the elevated expression of FAS, CCL3, and ICAM-1 in neutrophils while reducing the expression of CCL2, CXCR4, and VEGF-A (Figures 7D, E). The CM derived from TNFAIP6 knock-downed A549 and PC9 cells also promoted the early apoptosis rate of neutrophils (Figure 7F). Furthermore, the LC-MS/MS analysis showed that eight cytokines, including glucose-6-phosphate isomerase (GPI), C-X-C motif chemokine ligand 5 (CXCL5), macrophage migration inhibitory factor (MIF), secreted phosphoprotein 1 (SPP1), C-X-C motif chemokine ligand 1 (CXCL1), colony stimulating factor 1 (CSF1), transforming growth factor beta 2 (TGFB2), and CCL2, were secreted into the CMs. The label-free quantification showed that the secretion of SPP1 (P=0.012) and CCL2 (P<0.001) was significantly decreased in si TNFAIP6 CM (Table 2).




Figure 7 | TNFAIP6 and pro-tumor effects. (A) TNFAIP6, TLR6, P2RY13, and CYP27A1 were significantly dysregulated in all A549, PC9, and H1975 cells (results of PC9 and H1975 shown in Supplementary Figure 5), compared to BEAS-2B cells; (B) Immunohistochemical (IHC) staining of TNFAIP6. Left panel: typical IHC staining images of lung adenocarcinoma (LUAD) tissue (top part) and normal tissue (bottom part); Right panel: statistical analysis showed TNFAIP6 significantly overexpressed in LUAD tissues; (C) Flowchart of the co-culturing procedure; (D, E) Knocking down TNFAIP6 in A549 and PC9 resulted in upregulating of FAS, CCL3, and ICAM-1 and downregulating of CCL2, CXCR4, and VEGF-A in neutrophils; (F) Knocking down TNFAIP6 in A549 (left panel, P<0.001) and PC9 (right panel, P<0.001) significantly evaluated the early apoptosis rate of neutrophils. ns: p-value≥0.05; *: p-value<0.05; **: p-value < 0.01; ***:p-value < 0.001.




Table 2 | Label-free quantification of the differentially secreted cytokines between si NC and si TNFAIP6 A549 cells.







4 Discussion

The effects of TANs on lung adenocarcinoma remain unclear (22, 23). The specific gene sets that can assess neutrophil infiltration are still uncertain. In this study, we employed the five most widely used TICs analysis methods, based on the TCGA database, to explore the DEGs between high and low neutrophil infiltration patients. Then, by intersecting DEGs, prognosis effects, and neutrophils-specific expressed genes from THPA, we preliminarily identified 30 hub genes (Figure 1; gene symbols were listed in Table 1). Then, subsequent consensus clustering analysis validated that these hub genes might be widely associated with clinical pathological features and prognosis in LUAD (Figure 2; Supplementary Figure 1).

The specific neutrophil infiltration scoring in LUAD has not been reported yet. Thus, based on these 30 hub genes, we developed a comprehensive scoring system that might be able to evaluate the neutrophil infiltration in LUADs precisely. The following multiple-method validation revealed that this scoring system effectively reflected neutrophil infiltration status and correlated with essential clinical characteristics (Figures 3A–C).

Due to the dual effects of neutrophils on cancers, the prognosis prediction in LUAD by traditional neutrophil infiltration scoring methods was ambiguous. For example, Xinyan Liu et al. reported no significant association between neutrophil infiltration and prognosis in LUAD (23). In contrast, Mehrdad Rakaee et al. reported that high neutrophil infiltration density suggests a poor prognosis in LUAD (22). Unlike other TICs analysis methods, our neutrophil infiltration scoring system was developed based on the prognosis-related hub genes. It was significantly associated with PFS, OS, DFS, DSS, and recurrence rate in LUADs (Figures 3D–I). Meanwhile, we further validated the prognosis predictive capability of the scoring system in an independent cohort, resulting in similar outcomes (Supplementary Figure 3).

Our neutrophil scoring system might apply to immune checkpoint inhibitors (ICIs) efficacy prediction. Over the past decade, research outcomes regarding ICIs have revolutionized the lung cancer treatment landscape (37). For instance, Pembrolizumab has significantly improved the 5-year survival rate of advanced NSCLC patients and has been approved for first-line treatment in patients with PD-L1 tumor proportion score (TPS) ≥1% and without EGFR/ALK gene alterations (38, 39). Recent studies have underscored the pivotal role of TANs in the anti-tumor immune response, showing their capacity to disrupt ICI responses and their correlation with ICIs acquired resistance (40). Our results showed that the neutrophil score positively correlated with PD-L1 expression and negatively correlated with TMB (Figures 4A, C). PD-L1 and TMB are vital biomarkers for predicting ICI efficacy (41, 42). Our neutrophil infiltration scoring system maintained a significant association with PD-L1 and TMB and presented independence from these two biomarkers. These results indicated the potential predictive role of neutrophil sore in ICI treatment efficacy.

Meanwhile, the prognostic significance of PD-L1 and TMB in LUAD remains uncertain. Although the overexpressed PD-L1 was reported to be significantly associated with poor prognosis (43), the predictive effect of TMB on prognosis is less robust (44, 45). Consistent with these researches, our data also exhibited similar limitations of PD-L1 and TMB (Supplementary Figure 4). As the neutrophil soring might be independent of both PD-L1 and TMB, as discussed above, we combined these effects. Our neutrophil soring significantly improved the prognostic prediction of PD-L1 and TMB, respectively (Figures 4D, E).

The potential predictive value of neutrophil score for ICI efficacy and prognosis of LUAD patients might be attributed to the broad crosstalk between TANs and other cells in TIME (46). The TIME mainly comprises CD8 + T cells, CD4 + T cells, NK, Tregs, MDSCs, macrophages, etc (47). These cells can influence neutrophil infiltration and function by secreting chemokines to recruit neutrophils, inducing “N2” polarization, etc (1, 48). The TANs, on the other hand, also affect other cells in TIME, such as forming NETs to diminish the cytotoxic effects of CD8+ T cells on tumor cells (49). Our results indicated similar crosstalk effects on the bioinformatics level, as the neutrophil score was significantly associated with the IPS score and other TICs in LUAD (Figure 5).

Based on neutrophil sore potential values, we believed the 30 hub genes might be strongly associated with the infiltration of neutrophils in LUAD. They might extensively participate in the mechanisms of the neutrophil effect on cancer cells and TIME. As mentioned earlier, TANs exhibit a significant dual role in promoting and inhibiting tumor growth, named pro-tumor and anti-tumor effects. To further explore which specific genes are associated with TANs’ pro-tumor effects, we integrated bioinformatics analyses, tissue validation, and prognosis analysis in the following investigations.

The results showed that the high expression of TNFAIP6 and TLR6, as well as the low expression of P2RY13, SCARF1, DPEP2, PRAM1, CYP27A1, CFP, GPX3, and NCF1 might be closely associated with pro-tumor effects (Figure 6). Thus, we speculated that these genes might be likely crucial regulators or key downstream targets in TANs’ tumor-promoting activities.

Lung cancer tissue comprises tumor cells, extracellular matrix, immune cells, etc. The dysregulation of these ten genes might manifest in various cell types within the tumor tissue. Therefore, to preliminary identify genes that potentially have specific differential expression in tumor cells, we detected the expression of these ten genes in adenocarcinoma cell lines, including A549, PC9, and H1975. The BEAS-2B cell lines, which were isolated from normal human bronchial epithelium, were selected as the control group. Significant upregulation of TNFAIP6 and TLR6 and downregulation of P2RY13 and CYP27A1 were observed in all three adenocarcinoma cell lines (Figure 7A; Supplementary Figure 5).

TNFAIP6, also known as TSG-6 (50), exhibited anti-inflammatory effects in myocardial infarction and trauma repair (51). The role of TNFAIP6 in tumors was rarely reported. Several studies showed that TNFAIP6 can promote metastasis in gastric and colorectal cancers (52, 53). Its elevated expression has also been significantly associated with poor prognosis in urothelial carcinomas (54). The effect of TNFAIP6 on lung cancer and its TIME has not been reported yet. We knocked down TNFAIP6 expression in lung adenocarcinoma cells by siRNA (Supplementary Figure 6) and co-cultured neutrophils within its conditioned medium (Figure 7C). The results showed that FAS, CCL3, and ICAM-1 were significantly upregulated, and CCL2, CXCR4, and VEGF-A were downregulated in neutrophils (Figures 7D, E).

Various studies have employed FAS, CCL3, ICAM-1, CCL2, CXCR4, and VEGF-A as biomarkers to characterize “N1” and “N2” neutrophil phenotypes (55, 56). Among these, FAS, also known as CD95, is a transmembrane protein that triggers the apoptosis signaling pathway upon binding with FASL (57). Z.G. Fridlender et al. revealed that FAS was significantly overexpressed in “N1” polarized neutrophils (48). ICAM-1, an intercellular adhesion molecule that plays a pivotal role in inflammation, was also significantly elevated in “N1” polarized neutrophils, according to investigations conducted by Mareike Ohms et al. in vitro (58, 59).

CCL3, also known as macrophage inflammatory protein-1α (MIP-1α), might play dual effects in TIME (60). On one hand, its chemotactic function on dendritic cells and CD8+ T cells significantly promoted the anti-tumor effects of immune cells (61). On the other hand, CCL3 also recruited Tregs and MDSCs within the TIME to facilitate immune evasion (62). However, high expression of CCL3 was usually recognized as “N1” polarization in neutrophils (55, 56, 63).

Conversely, overexpressed CXCR4 might indicate “N2” polarization in neutrophils. Chenghui Yang et al. reported that aged neutrophils, characterized by high CXCR4 expression, promoted NETs formation, contributing to breast cancer lung metastasis (64). VEGFA, one of the VEGF family proteins, is primarily secreted by neutrophils (65). By binding to VEGFR2 and mediating multiple signaling pathways, VEGFA stimulates angiogenesis and promotes cancer progression in multiple cancers (66). Therefore, elevated VEGFA in neutrophils usually indicates “N2” polarization.

CCL2, known as monocyte chemoattractant protein-1 (MCP-1), primarily functions in monocyte chemotaxis (67). Although CCL2 was once considered to stimulate host anti-tumor responses in a T-lymphocyte-independent manner, it was recently widely recognized for its significant pro-tumor effects (68). Patients overexpressing CCL2 in cancer presented a worse prognosis (69). It also promoted proliferation and enhanced stemness in cancer cells (70, 71). Shao-Lai Zhou et al. reported that TANs secreted CCL2 to recruit macrophages and Tregs, promoting hepatocellular carcinoma proliferation (72). Overexpressed CCL2 in neutrophils might promote its pro-tumor effects.

Thus, according to the above literature reports and our experimental results, we speculated that TNFAIP6 overexpressed in lung cancer might induce the “N2” polarization and pro-tumor effects on neutrophils. The “N2” polarization of neutrophils also exhibited a lower apoptosis rate in TIME (63, 73). Our results showed that the neutrophil’s early apoptosis rate was significantly evaluated when treated with si TNFAIP6 CM, further validating our speculation (Figure 7F).

There are several limitations in this study. Firstly, we identified the 30 hub genes closely associated with neutrophil infiltration in LUAD and developed a scoring system correlating with prognosis. However, the scoring system solely assessed the infiltration of neutrophils. It was unable to distinguish whether TANs exhibited anti-tumor or pro-tumor effects. The relationship between neutrophil infiltration and prognosis is intricate. Solely evaluating the infiltration might lead to unexpected outcomes in some patients. For instance, in our study, patients in Cluster A, despite having lower scores than Cluster C (Figure 3B), exhibited better PFS and OS outcomes (Figures 2D, E). Therefore, we further identified 10 out of these 30 hub genes potentially associated with the pro-tumor function of TANs preliminarily. Although the results might be subject to bias, further multi-omic, high-throughput, and multidimensional studies based on these 10 genes could potentially explore evaluation methods capable of simultaneously reflecting TAN infiltration and function.

Meanwhile, our in vitro experiments revealed significant upregulation of TNFAIP6 in lung adenocarcinoma cells, which could potentially lead to the “N2” polarization of neutrophils. However, the underlying mechanisms remain unclear. Hence, we performed LC-MS/MS analysis in the CMs. By LFQ, we found that TNFAIP6 significantly stimulated the secretion of CCL2 and SPP1 in LUAD cells (Table 2). As discussed above, CCL2 might promote neutrophil “N2” polarization in TIME. SPP1, also known as osteopontin (OPN), is secreted by various cells and plays a crucial role in immune regulation (74, 75). Patients with overexpressed SPP1 in lung cancer presented a poor prognosis (76). The SPP1 also stimulated NETs formation to promote cancer progression (77). Thus, the effects of TNFAIP6 might be attributed to CCL2 and SPP1 secretion. The specific regulatory mechanism requires further investigation. Furthermore, we detected the effects of TNFAIP6 on cancer cell viability by CCK8 assays. Results showed that TNFAIP6 might not or slightly promote LUAD cell proliferation (Supplementary Figure 7). Whether TNFAIP6 directly affects cancer cell proliferation also needs further validation.

In addition, whether and how differential expressing TLR6, P2RY13, and CYP27A1 in LUAD cells promote neutrophils’ pro-tumors effects still requires further investigation. Neutrophils contribute to tumor progression through various mechanisms, including N2 polarization, NETs formation, inhibition of NK and CD8+ T cell cytotoxicity, and secretion of pro-angiogenic cytokines (1). Our results in this study indicated that TNFAIP6 might stimulate the neutrophils’ pro-tumor effects by inducing “N2” polarization. However, whether TLR6, P2RY13, and CYP27A1 operate through similar mechanisms remains unclear. For instance, no significant alteration in neutrophil polarization was observed when co-cultured with the CM derived from TLR6 knocking down LUAD cells (Supplementary Figure 8). Further comprehensive studies may reveal the underlying mechanisms.

In conclusion, TANs play a crucial role in lung adenocarcinoma. Thirty hub genes identified in this study might broadly participate in the neutrophil effects on LUADs. The neutrophil scoring system, developed based on these 30 hub genes, could effectively predict prognosis and potentially reflect the ICI efficacy and TIME situations in LUADs. 10 of 30 hub genes were further screened as significantly associated with pro-tumor effects of TANs. TNFAIP6, as one of these pro-tumor genes, was significantly overexpressed in lung adenocarcinoma cells and might lead to the “N2” polarization of neutrophils in vitro. Further research on these hub genes, provided in this pilot study, may unravel the mechanisms of TANs affecting the TIME and development of LUADs.
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Supplementary Figure 1 | DFS and DSS of the patients grouped by consensus clustering analysis. Lung adenocarcinoma patients were grouped by consensus clustering analysis based on the 30 hub genes. Each group exhibited differential prognostic trends in DFS (P=0.072) (A) and significant differences in DSS (P=0.002) (B).

Supplementary Figure 2 | Stratified analyses in PFS of the patients with different neutrophil scores. (A) No significant difference in PFS was found in the patients aged less than 65 (P=0.098); (B–E) Low neutrophil score patients exhibited significantly lower PFS in aged over 65 (P<0.001), female (P=0.006), male (P=0.034), and stages I-II (P=0.006) class; (F) For stages III-IV patients, low neutrophil score exhibited lower PFS tendency (P=0.229).

Supplementary Figure 3 | Survival analysis of neutrophil score in data from GSE50081. (A) The overall survival analysis between low and high neutrophil score groups; (B) The receiver operating characteristic curve of the neutrophil score.

Supplementary Figure 4 | Survival analysis of PD-L1 and TMB in lung adenocarcinoma (LUAD). (A) Lower PD-L1 expression in LUAD patients presented better PFS (P=0.039); (B) No significant differences were found between low and high TMB patients.

Supplementary Figure 5 | The expression of all the ten genes in PC9 and H1975 cells, compared to BEAS-2B cells. The TNFAIP6, TLR6, P2RY13, and CYP27A1 were significantly differently expressed in both PC9 (A) and H1975 (B) cells.

Supplementary Figure 6 | Knocking down TNFAIP6 in A549 and PC9. (A) Si TNFAIP6-2 has strongly inhibited the mRNA expression in A549 cells; (B) Si TNFAIP6-2 was selected to transfect into A549 and PC9 and validated by WB.

Supplementary Figure 7 | CCK8 assay. TNFAIP6 might not affect the proliferation of A549 (A) and PC9 (B) cells.

Supplementary Figure 8 | TLR6 in lung adenocarcinoma cells might not affect the polarization of neutrophils. (A) Si TLR6-1 strongly inhibited the mRNA expression in A549 cells; (B) Si TLR6-1 was selected to transfect into A549 and PC9 and validated by WB; (C) Knocking down TLR6 in A549 did not affect the expression of FAS, CCL3, ICAM-1, CCL2, CXCR4, and VEGF-A in neutrophils; (D) Although knocking down TLR6 in PC9 unregulated the expression of CCL3 (indicating “N1” polarization), it also elevated the expression of CCL2 (indicating “N2” polarization) in neutrophils. Meanwhile, no significant difference was observed in the expression of FAS, ICAM-1, CXCR4, and VEGF-A.
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Stage II-IV [ 91 (20.3)

1 p-value of univariate Cox regression.

2 p-value of multivariable Cox regression.
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