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This study aims to investigate the immune and epigenetic mutational landscape of necroptosis in lung adenocarcinoma (LUAD), identify novel molecular phenotypes, and develop a prognostic scoring system based on necroptosis regulatory molecules for a better understanding of the tumor immune microenvironment (TIME) in LUAD. Based on the Cancer Genome Atlas and Gene Expression Omnibus database, a total of 29 overlapped necroptosis-related genes were enrolled to classify patients into different necroptosis phenotypes using unsupervised consensus clustering. We systematically correlated the phenotypes with clinical features, immunocyte infiltrating levels, and epigenetic mutation characteristics. A novel scoring system was then constructed, termed NecroScore, to quantify necroptosis of LUAD by principal component analysis. Three distinct necroptosis phenotypes were confirmed. Two clusters with high expression of necroptosis-related regulators were “hot tumors”, while another phenotype with low expression was a “cold tumor”. Molecular characteristics, including mutational frequency and types, copy number variation, and regulon activity differed significantly among the subtypes. The NecroScore, as an independent prognostic factor (HR=1.086, 95%CI=1.040-1.133, p<0.001), was able to predict the survival outcomes and show that patients with higher scores experienced a poorer prognosis. It could also evaluate the responses to immunotherapy and chemotherapeutic efficiency.

In conclusion, necroptosis-related molecules are correlated with genome diversity in pan-cancer, playing a significant role in forming the TIME of LUAD. Necroptosis phenotypes can distinguish different TIME and molecular features, and the NecroScore is a promising biomarker for predicting prognosis, as well as immuno- and chemotherapeutic benefits in LUAD.
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Introduction

Lung cancer is the leading cause of cancer-associated death worldwide due to its high recurrence rate and inopportune diagnosis (1). The majority of these patients are non-small cell lung cancer, categorized into several histological types (2). Among them, lung adenocarcinoma (LUAD) is the prevalent subtype, accounting for nearly 60% of the cases, and the rate is still increasing (3, 4). Although patients with early-stage cancer demonstrate higher survival rates in general, the percentage of deaths can reach up to 44% within 5 years after surgical resection (5). With the development of next-generation sequencing technology, targeted therapy for LUAD has been widely applied over the last decade, especially targeting ALK, EGFR, KRAS, and RET (6–8). For advanced LUAD, treatment is majorly based on anti-PD-1/PD-L1 mono-immunotherapy or combination strategies with chemotherapeutics (9). Despite these advances in molecular biology and personalized treatment, the 5-year overall survival (OS) rate of patients with LUAD remains at 15% (10). Therefore, screening for specific diagnostic and prognostic biomarkers for LUAD patients is essential to discover novel therapeutic targets and enhance patients’ survival time.

Necroptosis is a programmed cell death mediated by RIP1 kinase and RIP3, characterized by massive leakage of cytosolic contents and organelle swelling. Increasing evidence has shown that necroptosis plays an indispensable role in cancer pathogenesis (11). Transcriptional changes of necroptosis regulatory factors greatly influence the prognosis of cancers such as breast cancer, colorectal cancer, chronic lymphocytic leukemia and glioblastoma, reportedly (12–15). Compared with apoptotic cells, necroptotic cells are remarkably more immunogenic due to their robust inflammatory responses (16). Due to the defect in the necroptosis components, cancer patients exhibit weak immunogenic neoplastic cells and develop strong immune evasion capacities (17). Seifert el al. found that the immune-suppressive tumor microenvironment (TME) correlating with the RIP1/RIP3 signaling pathway depended partly on the necroptosis-induced chemokine attractant CXCL1 expression level, the blockade of which protected against pancreatic ductal adenocarcinoma (18).

Conversely, the induction of necroptosis combined with immune checkpoint inhibitors (ICIs) can enhance anti-tumor activity, even in ICI-resistant tumors (19). Several research lines have verified that necroptosis can recruit inflammatory immune cells dedicated to promoting the tumor in neoplasia (20). Namely, necroptosis has dual roles in cancer biology. Firstly, by increasing dendritic cells, it can activate cytotoxic T cells to suppress tumor proliferation. Secondly, it can promote angiogenesis and genomic instability through cytokines and reactive oxygen species to cause tumor progression (21).

Although necroptosis has complex roles, the aforementioned studies only included a few (especially one or two) necroptosis-related molecules, while there are a variety of interconnected factors that can trigger the interaction between necroptosis regulatory systems and TME immune responses. To our knowledge, only a few studies have investigated necroptosis-related molecules in tumors, especially in gastric cancer. Wang et al. constructed a necroptosis-related mRNA-based signature and a lncRNA-miRNA-mRNA regulatory axis (22). Zhao et al. developed a prognostic model based on 16 necroptosis-related lncRNAs and identified molecular phenotypes to distinguish the cold and hot tumors in gastric cancer (23). However, the thesis did not show the multi-omic features of necroptosis-related genes and lacked model validation with an independent cohort. Moreover, the measurement of immune differences between the phenotypes was insufficient because it only engaged with immunocyte infiltrating levels and expressions of immune checkpoints. Hence, it is crucial to comprehensively analyze the necroptosis patterns in multi-omic aspects and explore the association between different necroptosis regulatory molecules and TME.

This study involved 30 necroptosis-related genes to show their heterogeneity in pan-cancer, including changes in transcriptional expression, somatic mutation, copy number variation, and DNA promoter methylation. We identified three molecular phenotypes using unsupervised clustering to correlate tumor necroptosis with TME and molecular variations in LUAD. A reliable prognostic scoring system named NecroScore was constructed to quantify the necroptosis molecules in LUAD and propose potential therapeutic strategies for different stratifications, enhancing prognosis and implementing more personalized precision medicine in clinical practice.



Materials and Methods


Data Sources and Preprocessing

The workflow of the study is shown in Supplementary Figure 1. A total of 1,064 patients were enrolled for analysis, and the specific description of data sources was provided in the Supplementary Method. All the data used in this study is freely accessible to the public, mainly derived from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) and the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/), the UCSC Xena (https://xenabrowser.net/datapages/) and the cBioPortal (https://www.cbioportal.org/). Transcriptional profiles of fragments per kilobase per million (FPKM) were transformed into transcripts per kilobase per million (TPM, and batch effects were corrected using the ComBat method. More details are provided in the Supplementary Method. The present study honored the data access policies of each database.



The Construction of Necroptosis Regulator Phenotypes

Based on the expression levels of necroptosis-related molecules, unsupervised average linkage K-means clustering analysis was utilized to identify novel necroptosis phenotypes in LUAD. The optimal clusters were determined by the cumulative distribution function (CDF), which declined the slowest. We then depicted the immune microenvironment and genomic characteristics among the molecular phenotypes. More details are documented in the Supplementary Method.



Development of a NecroScore Prognostic System

We adopted the PCA algorithm to create a scoring system based on differentially expressed necroptosis regulators among the clusters in LUAD named NecroScore according to the formula:

	

where PC1 represents the largest proportion of the variance in the initial expression lineage to be decomposed, followed by PC2. We examined the distribution differences in LUAD phenotypes and explored the clinical, tumor immune microenvironment, and mutation characteristics to validate the effectiveness of the NecroScore. More details are documented in the Supplementary Method.



Statistical Analysis

All statistical and bioinformatics analysis was performed in R (https://www.r-project.org/). Mann-Whitney U test (also known as Wilcoxon rank-sum test) for non-normally distributed continuous data and unpaired t-test for normal distributed continuous data were used to estimate the difference between the two groups. To compare three or more groups, Kruskal-Wallis (KW), one-way ANOVA, and Welch one-way ANOVA were applied. As to the categorical data, Fisher’s exact test was employed in the present study. Detailed methods are stated in the Supplementary Method.




Results


Epigenetic and Transcriptional Characteristics of Necroptosis Regulators

A total of 30 differentially expressed necroptosis-related genes were identified in the TCGA-LUAD cohort by the R package “DESeq2” (Supplementary Table 1). The 30 molecules were ALK, AXL, BACH2, BNIP3, CDKN2A, CFLAR, DIABLO, DNMT1, FADD, GATA3, ID1, IDH1, IDH2, ITPK1, KLF9, LEF1, MPG, MYCN, OTULIN, PANX1, PLK1, SLC39A7, TERT, TLR3, TNFRSF1B, TNFRSF21, TNFSF10, TRAF2, TRIM11, and ZBP1. The top-left part of Supplementary Figure 1 shows a link of the regulatory process in necroptosis. To reveal the epigenomic features of necroptosis regulators in LUAD, we analyzed methylation levels. It was demonstrated that significant negative correlations were observed between DNA promoter methylation and transcriptional expression levels of TERT and GATA3, while BACH2 had weak positive associations with its methylation (Figure 1A). Since CNV can influence the whole genome at arm-level or alter a broad region at a focal-level, sparking larger influences on somatic mutations, we further depicted the CNV landscape of these genes. The exploration of copy number values demonstrated aberrant alterations in 30 regulators, where TERT and OTULIN had a widespread frequency of CNV amplification, while CDKN2A exhibited a significant CNV deletion in LUAD (Figure 1B). In pan-cancer mutation analysis according to cBioPortal, CDKN2A showed the highest mutation types with deep deletions, followed by TERT, TRIM, and ZBP with a frequency of 11% amplifications. Of the 561 samples of LUAD, 111 experienced mutations of necroptosis-related genes with a frequency of 19.79%. However, it was illustrated that ALK had the highest mutation frequency, followed by CDKN2A, and splice sites were only observed in CDKN2A and IDH1 (Figure 1C).




Figure 1 | The epigenetic alteration landscape of necroptosis molecules in lung adenocarcinoma. (A) The lollipop chart showed the correlations between DNA promoter methylation and mRNA expression levels. The circle size represented the correlation coefficients. Bluer dots indicated a lower p-value. (B) The CNV frequency of necroptosis regulators in TCGA cohort. The height of bars represented the alteration frequency. Pink represented CNV amplifications (gain), and green dot represented CNV deletions (loss). (C) The left part showed the mutant frequency and types in 28 cancers from cBioPortal. Each column indicated individual patients. The upper band showed cancer types and vital status. The number on the right displayed the mutation frequency of each gene. The right part illustrated the somatic genetic mutation landscape in lung adenocarcinoma in TCGA. The upper barplot showed the overall mutation frequency of each sample. The right stacked barplot demonstrated the proportion of each variant type. Only molecules having mutations, namely mutant frequency > 0%, were illustrated in the waterfall plot.



It was found that most of the regulators exerted significant expression differences between the para-cancerous and tumor tissues of LUAD. Several genes were found at lower expression levels in tumor cases, such as AXL, BAHC2, CFLAR, and DNMT1 while others were overexpressed such as BNIP3, DIABLO, FADD, and IDH1 (Supplementary Figure 2A). In addition, BNIP3, DIABLO, DNMT1, FADD, LEF1, PANX1, PLK1, TNFRSF21, and ZBP had significantly changed expressions in different pathologic stages from I to IV (Supplementary Figure 2B). Hierarchical clustering was performed for the 30 genes and four clusters were obtained: Cluster A (TERT, MYCN and ALK), Cluster B (AXL, BNIP3, CFLAR, DIABLO, DNMT1, FADD, ID1, ITPK1, KLF9, MPG, PANX1, TLR3, TNFRSF1B, TRAF2, TRIM11), and Cluster D (BACH2, CDKN2A, GATA3, LEF1, PLK1 and ZBP1). To fully understand the regulatory mechanism of necroptosis-related genes in LUAD, we collected 1,064 samples and corrected the batch effect using the ‘ComBat’ method. The baseline of the five cohorts, before and after the correction, is shown (Figure 2A). It can be seen that the sum of components 1 and 2 decreased from 90.9% to 14.9%. The conglomerate distributions also indicate that the batch effect was roughly removed. A comprehensive landscape of necroptosis molecules interplaying with genetic similarity and their prognostic values for LUAD patients is depicted with a network diagram (Supplementary Figure 2C). We found that the necroptosis regulators in the same category present remarkably positive associations in transcriptional expression levels, and significant correlations were demonstrated among the four modification patterns. According to the log-rank test, over-expressed DIABLO, FADD, ID1, MPG, TRIM11, PLK1, TNFRSF21, and TERT were associated with poor overall survival outcomes, namely risk factors, while ALK was considered as a favorable factor. A univariate Cox model showed that FADD, PANX1, PLK1, TRIM11, TRAF2, TERT, and ID1 might serve as risk factors, while ALK showed a preventative effect on the prognosis (Supplementary Figure 2D). The abovementioned results strongly imply that the imbalance across the necroptosis regulatory genes is correlated with the tumorigenesis of LUAD.




Figure 2 | Average-linked and K-means-based unsupervised clustering to determine three necroptosis phenotypes. (A) Principal component analysis (PCA) showed the distribution of transcriptional expressions of the 29 necroptosis-related genes in five lung adenocarcinoma cohorts before (left part) and after (right part) the batch effect correction. (B) PCA indicated that the expression profiles of the 29 necroptosis molecules could distinguish necroptosis phenotypes in the TCGA and GEO-meta cohorts. (C) The heatmap showed the correlations between the three necroptosis phenotypes and clinicopathologic features, and the expression changes of the 29 necroptosis-related genes. Asterisks represented p-value (***p < 0.001, *p < 0.05 and ns was the abbreviation of no significance), the color of which represented methods of statistical tests. Blue denoted Fisher’s exact test, black denoted Kruskal-Wallis test, and green denoted Welch one-way ANOVA test. The inner color of each cell demonstrated the expression variations. Redder was connected with overexpressed levels and bluer was linked with lower levels. (D) Kaplan-Meier curves and log-rank test showed significant differences of survival rate differences among the three necroptosis clustering subtypes in the TCGA and GEO-meta cohorts, respectively. (E) A univariate and multivariate Cox model revealed the prognostic influences of necroptosis subtypes on overall survival outcomes in the TCGA cohort.





Novel Subtypes of LUAD Identified by Unsupervised Clustering

The K-means-based unsupervised learning method was applied to classify patients with 29 (OTULIN was not detected in the combined expression matrix after the batch effect correction and since excluded) necroptosis regulatory molecules. According to the distribution of different clusters and the cumulative distribution function (CDF), the optimal clusters and three distinct necroptosis phenotypes were eventually determined, including 210 cases in Cluster A, 578 cases in Cluster B, and 276 cases in Cluster C (Supplementary Figure 3A-C; Supplementary Table 2). PCA confirmed that the three clustering subtypes could be distinguished by the 29 necroptosis-related molecules in expression levels (Figure 2B). A heatmap visualized the expression changes of necroptosis regulators. Necroptosis-related genes exhibited the highest expression levels in Cluster C, followed by Cluster B, and then Cluster A (Figure 2C). The distribution of clinicopathologic phenotypes, including age, gender, smoking history, relapse situation, and pathologic stage, was also examined by Fisher’s exact test in the three necroptosis clusters, simultaneously. We found that Clusters B and C had more women patients (p < 0.001). Patients in Cluster A were more likely to smoke (p < 0.001). Patients in the early stages (Stage I or II) were mostly from Cluster B (p < 0.001). Nevertheless, the age of patients presented no statistical significance in the distribution among the phenotypes. KM survival analysis for the three main necroptosis phenotypes revealed a relatively prominent prognostic advantage in Cluster B (Figure 2D). The univariate and multivariate Cox proportional hazard regression models indicated that Cluster B could predict overall survival in LUAD (Univariate: HR = 0.616, 95%CI = 0.485-0.782, p < 0.001; Multivariate: HR = 0.674, 95%CI = 0.529-0.860, p = 0.001; Figure 2E) along with Cluster C. Moreover, age and stage also served as underlying predictors for survival.



TME Immune Variations in Distinct Necroptosis Phenotypes

Since cancerous immunity plays a crucial role in tumor progression and cell proliferation, we speculated that the tumor immune microenvironment in different clustering subtypes might be distinctive. We first investigated the correlations between necroptosis phenotypes and multiple immunomodulators and immune checkpoints. The results of necroptosis influences on the tumor immune microenvironment showed that significantly up-regulated expression levels of chemokines existed in Clusters B and C, such as CCL11, CCR1, CXCL10, and PPBP (Figure 3A, upper part). The increasing expressions of interleukins, interferons, receptors, and some other cytokines were also seen in Clusters B and C, whereas Cluster A had strongly down-regulated levels of the immune molecules (Figure 3A, middle and bottom parts). Compared to Clusters A and B, Cluster C exhibited the highest expressions of the seven immune molecules that demonstrate underlying targets for immunotherapy, including CD274 (PD-L1), PDCD1 (PD-1), CD247, PDCD1LG2 (PD-L2), CTLA-4, TNFRSF9, and TNFRSF4 (Figure 3B).




Figure 3 | Alterations of immunomodulators and several quantified types of tumor immune microenvironment among the three necroptosis phenotypes. (A) The heatmap showed changes of mRNA expression levels of chemokines, interleukins, alterons and their corresponding receptors, and other cytokines among the three necroptosis subtypes. Asterisks represented p-value (***p < 0.001, **p < 0.01, *p < 0.05, and ns was the abbreviation of no significance), the color of which represented methods of statistical tests. Black denoted Kruskal-Wallis test, red denoted one-way ANOVA test, and green denoted Welch one-way ANOVA test. (B) The composite heatmap showed the tumor immune microenvironment profile in the TCGA-LUAD cohort, with the top panel showing the variations of several immune checkpoints, the middle panel showing enrichment scores of 24 immune cell types, and the relative bottom panel showing the enrichment levels of seven steps in the anti-tumor immune cycle. The DNA methylation level of tuWmor-infiltrating lymphocyte (MeTIL) was stuck in the lowest part. The TIDE score, dysfunction score, exclusion score, tumor purity, immune score, and stromal score were annotated at the top of the heatmap. (C) The variations of normalized scores of 13 immune pathways were revealed by Kruskal-Wallis test. (D) The heatmap showed the associations between the 29 necroptosis regulatory molecules and immunocytes. Red indicated positive correlations, and blue indicated negative correlations. Asterisks denoted p-value (**p < 0.01, *p < 0.05). Blank cells represented no statistical significance of the correlation.



We further surveyed the infiltration levels of 20 immune cell types and the levels of each step in immune cycles. The exploration of gene signatures implied that immunocyte infiltration was dramatically higher in Cluster B followed by Cluster C, while it exerted significantly lower fractions in Cluster A, such as CD4+ naïve T cells, follicular helper T cells, and M1 macrophages (Figure 3B). It was noteworthy that activated memory CD4+ T cells had the lowest abundance in Cluster B but a higher level in Clusters A and C. The scores of seven immune cycle signals defined by the events of anti-tumor immune response happening in each step to exterminate tumor cells were calculated by the ssGSEA algorithm. All steps showed higher scores in Clusters B and C but showed particularly low levels in Cluster A (Figure 3B). Moreover, Cluster A also had significant weakness of MeTIL, which suggested a low fraction of tumor-infiltrating immune cells (Figure 3B).

The TIDE algorithm and the ESTIMATE method were also adopted to compare the heterogeneity between immune and matrix components in immune subtypes of TME. Thus, the correlation between necroptosis fractions and potentially immunotherapeutic efficacy could be quantified. It was found that Cluster B had the highest TIDE and dysfunction score, followed by Cluster C, and then Cluster A, whereas, an opposite result was found in the exclusion analysis (p < 0.001, Figure 3B upper part; Supplementary Figure 4A-C). Clusters B and C had significantly higher immune and stromal scores than Cluster A, suggesting Cluster A showed the highest tumor purity (p < 0.001, Figure 3B upper part; Supplementary Figure 4D-F). Additionally, we investigated biomarkers of several immune pathways. It was shown that significantly higher normalized enrichment scores of functions were mainly located in Cluster C, including co-inhibition of APC, checkpoint, inflammation-promoting, MHC class I, para-inflammation, co-inhibition/stimulation of T cells, and type I IFN response (all p < 0.001, Figure 3C). Cluster B showed relatively higher scores of co-stimulation of APC, CCR, cytolytic activity, HLA and type II IFN response, while the lowest abundance was observed in Cluster A (all p < 0.001, Figure 3C). Through a correlation strategy, several necroptosis regulatory genes, including ALK, AXL, KLF9, LEF1, TNFRSF1B, and ZBP1, were positively associated with most of the immunocytes, while negative correlations were demonstrated in molecules such as BNIP3, DIABLO, FADD, IDH1, IDH2, PLK1, and SLC39A7 (Figure 3D).



Delineation of Genome Alterations Among Necroptosis Phenotypes

We further explored the genomic differences of the identified LUAD molecular phenotype, including mutation signature, SNV, and the activity of the transcription factor regulatory network. It was found that Cluster A and Cluster C showed significantly higher TMB (p < 0.001, Figure 4A, B) than Cluster B. We inferred that four mutational signatures were related to LUAD, namely SBS1 (age-associated), SBS2 (APOBEC activity-associated), SBS4 (smoking-associated) and SBS5 (ERCC2 mutation-associated). However, statistical significance was only detected in SBS1 showing that Cluster B had more mutations in age-associated signatures compared to Cluster A (p < 0.001, Figure 4A; Supplementary Figure 5A), and that Cluster A showed a higher frequency of mutations in smoking-associated signatures compared to Cluster C, followed by Cluster B (p < 0.001, Figure 4A; Supplementary Figure 5B). Therefore, these mutation signatures can serve as the explanation of perturbation of each molecular necroptosis phenotype (24). Of the top-20 frequently mutated genes, we found that Cluster C was more enriched in mutations of TP53, TTN, MUC16, CSMD3, and RYR2, and Cluster B demonstrated a relatively lower mutation frequency compared to Clusters A and C (Figure 4A). The burden of copy number amplifications and deletions fell in Clusters B and C but significantly increased in Cluster A at both the focal and arm-level, and Cluster B presented a dramatically lower CNV burden (Figure 4C). The frequency of CNV and GISTIC score distributions in different chromosomes was explored, verifying our results and showing that the most extreme frequency difference between gain and loss was located on chromosome 8 and 14 (Supplementary Figure 6A, B).




Figure 4 | Distinction of the genomic features among the three necroptosis phenotypes. (A) Somatic mutation landscape according to necroptosis clustering subtypes. Tumor mutation burden (TMB), the relative contribution of the four mutational signatures (SBS1, SBS2, SBS4, and SBS5), selected top-mutated genes, and top-broad-level copy number alterations (q-value<0.05), and selected necroptosis molecules were shown from the top to the bottom panels. The proportion of variation conversions was presented in the right stacked bar plots. (B) TMB differences among the three clusters were revealed by Kruskal-Wallis test. (C) Focal and arm-level copy number variations among the necroptosis phenotypes were revealed by Kruskal-Wallis test. Asterisks denoted p-value (***p<0.001, **p<0.01 and ns was the abbreviation of no significance). (D) The heatmap showed regulon activity profiles for eight transcription factors (upper panel) and potential regulators associated with chromatin remodeling (bottom panel).



To further analyze transcriptomic differences among the clusters, a total of 8 LUAD-specific transcription factors and 15 underlying regulators correlated to cancer chromatin remodeling were surveyed. We confirmed the biological pertinence of the three necroptosis clusters since regulon activity was closely connected with the clusters (Figure 4D, upper part). Clusters A and C shared similar patterns of regulon activity, whereas Cluster A differed with higher activity of FOXA2 and ATOH8, while Cluster C was distinctly correlated with activated HOXA4. Cluster B contained a high concentration of regulons such as HOXA4, DACH1, EPAS1, ETV5, FOXA2, ATOH8, and SMAD6. Regulon activity information related to cancerous chromatin remodeling underlined alternative doable differential regulative patterns among the three necroptosis phenotypes, suggesting that epigenetically-driven transcriptional networks were, perhaps, important differentiators of these clusters (Figure 4D, bottom part). We found that Clusters A and C also shared similar regulon patterns, whereas Cluster A exhibited higher activity of SIRT1, SIRT4, and SIRT5. Meanwhile, regulons of SIRT1, CLOCK, EP300, HDAC5, SIRT4, SIRT2, HDAC10, and HDAC8 were significantly enriched in Cluster B.



Dysfunction of Signaling Pathways

We explored the differences in gene expression among the three phenotypes of necroptosis and analyzed the characteristics of several cancer-related signaling pathways, which help to understand potentially latent regulatory mechanisms and druggable pathways. Necroptosis regulatory molecules were associated with activated pathways, such as apoptosis, cell cycle A, EMT-A, and hormone AR-A, but consistently inhibited functions such as cell cycle I, hormone AR/ER-I, and RTK-I in pan-cancer (Figure 5A). In LUAD, most necroptosis-related genes activated pathways such as the cell cycle, EMT, and apoptosis, whereas they inhibited hormone ER and RTK signals (Figure 5B). We used semantic similarity to aggregate tightly related categories to screen for hub genes among the 30 regulators playing a part in necroptosis. The result indicated that TNFRSF21 showed the highest weight, followed by DIABLO and TRAF2 (Figure 5C). To analyze the biological behaviors of these distinct necroptosis phenotypes, we conducted GSVA enrichment explorations. As illustrated in Figure 5D, Cluster A was markedly enriched in RNA polymerase, aminoacyl tRNA biosynthesis, homologous recombination, and DNA replication. Cluster B included biological pathways associated with viral myocarditis, cell adhesion molecules (CAMs), natural killer cell-mediated cytotoxicity, and hematopoietic cell lineage. Besides, Cluster C was prominently enriched in primary immunodeficiency, the intestinal immune network for IGA production, cell cycle, DNA replication, mismatch repair, and base excision repair. We also assessed other carcinopathways in different clustering subtypes. The scores of NOTCH, NRF2, RAS, and TGFβ were significantly high in Cluster B, while cell cycle and TP53 signaling pathways were activated in Cluster C (Figure 5E). Moreover, the association between the three phenotypes and the cGAS-STING signaling pathway was examined. It demonstrated that cGAS (p < 0.001), IRF3 (p < 0.001), and TBK1 (p = 0.001) had the highest expression levels in Cluster C but were most down-regulated in Cluster A (Supplementary Figure 7A-D), which implied the significance of necroptosis in shaping the tumor immune microenvironment and immune response and further suggested the potential viability of necroptosis in chemotherapy and immunotherapy for LUAD treatment.




Figure 5 | Investigations of necroptosis- and cancer-related signaling pathways. (A) The heatmap illustrated the correlations between the mRNA expressions of the 29 necroptosis molecules in universally recognized cancer-related signaling pathways. Only a function (inhibited or activated) in at least 5 cancer types was displayed. “Pathway activate” in red represented the percentage of cancers where a pathway might be activated by the necroptosis regulators, and inhibition in a similar way illustrated as “Pathway inhibit” in blue. (B) The network showed the relationship between necroptosis regulatory genes by a line connection. The solid line meant activation, while dashed lines meant inhibition. (C) The distributions of functional similarities of the necroptosis-related molecules were summarized as complex boxplots. The boxes represent the middle 50% of the similarities, and the upper and bottom boundaries showed the 75th and 25th percentile. The lines in the boxes indicated the median values of the functional similarities. The continuous distribution was shown as the lines on boxes. The dots represented raw data. (D) Gene set variation analysis enrichment demonstrated the activated and inhibited states of biological pathways in distinct necroptosis regulatory phenotypes. The heatmap was employed to visualize the activity of biological pathways. Yellow represented activated pathways, and blue represented inhibited pathways. (E) The mountain graph showed the ten vital well-known cancerous signaling pathways among the three necroptosis clustering subtypes. Asterisks denoted p-value (***p < 0.001 and ns was the abbreviation of no significance), the color of which represented different statistical test methods. Black indicated Kruskal-Wallis test; red indicated one-way ANOVA test, and green indicated Welch one-way ANOVA test.





Clinical Values of the NecroScore

We then developed a scoring system named NecroScore based on the molecules related to necroptosis to measure the level of necroptosis in LUAD patients. Patients were classified into low-and high-NecroScore groups at the optimal cutoff in TCGA and GEO-meta cohorts independently, where the value of TCGA-LUAD was determined at -3.80 and that of GEO was determined at -0.22 (Supplementary Table 4). By comparing NecroScore levels among the three clustering subtypes, it was shown that NecroScore was the highest in Cluster C, followed by Cluster A, and then Cluster B by the Welch one-way ANOVA test (Figure 6A). Patients with a higher NecroScore experienced a worse prognosis than those with a lower NecroScore according to KM survival analysis in both the TCGA (p = 0.002, Figure 6B) and the GEO cohort (p < 0.001, Figure 6C). Not only that, patients of different clinical stratifications, including young and old, women and men, and early-stage and advanced-stage also had survival significance (Supplementary Figure 8). Higher non-smoker rates (p < 0.001) and more patients in advanced stages (p < 0.001) were found in the high-NecroScore group, while age and gender distribution had no statistical difference (Figure 6D). A univariate Cox model showed age, pathologic stage, and NecroScore were significantly associated with survival outcomes (Figure 6E, upper part), and a multivariate Cox regression verified that age (HR = 1.028, 95%CI = 1.016-1.041, p < 0.001), stage (HR = 1.750, 95%CI = 1.540-1.986, p < 0.001) and NecroScore (HR = 1.086, 95%CI = 1.040-1.133, p < 0.001) could serve as independent prognostic factors (Figure 6E, bottom part). The significant therapeutic advantages in patients with low NecroScore compared to those with high NecroScore were determined by t-test (p<0.05, Figure 6F). Among the three independent prognostic factors, the stage exhibited the highest net benefit, followed by age, and then NecroScore (Figure 6G). Moreover, the combination of the three variables had the highest level of net benefit according to decision analysis in 3, 5, and 10 years (Figure 6G). A nomogram model was established to predict the 1-, 3- and 5-year survival of LUAD patients (Supplementary Figure 9A). Calibration curves validated that the nomogram model had optimistic predictions for overall survival outcomes (Supplementary Figure 9B). We also found that patients with a combination of low TMB and high NecroScore had a poor prognosis, while those with high TMB and low NecroScore demonstrated an obvious advantage (Figure 6H).




Figure 6 | Clinical significance of NecroScore. (A). A Welch one-way ANOVA test confirmed the NecroScore at three distinct levels of necroptosis. The line in the box represents the median value, and the black dots represented outliers. Asterisks indicated p-value (***p<0.001). (B, C). Kaplan-Meier curves and log-rank test showed significant differences of overall survival probability between the low- and high-NecroScore groups in the TCGA-LUAD and GEO-meta cohorts, respectively. (D). The pie chart showed variations of clinicopathologic characteristics of lung adenocarcinoma between the low-and high-NecroScore groups by Fisher’s exact test. (E). A univariate (upper part) and multivariate (lower part) Cox model showed the independent prognostic values of age, pathologic stage, and the NecroScore shown by a forest plot. (F). Distribution of the NecroScore in distinct groups after primary therapy response group (CR, complete response; PR, partial response; SD, stable disease; PD, progressive disease) was revealed by t-test. (G). Decision analysis showed the clinical efficiency of the NecroScore. The x-axis represented the threshold probability threshold, and the y-axis represented the net benefit of 3, 5, and 10 years. The combination of age, pathologic stage, and the NecroScore exhibited the highest net benefit stably. (H). Survival analysis for patients with different tumor mutation burden and NecroScore stratifications was performed by log-rank test and visualized by Kaplan-Meier curves. “H” represented high and “L” represented low.



We further investigated the correlations between immunocyte infiltrating levels. The heatmap of immune responses based on TIMER, CIBERSORT, CIBERSORT-ABS, ESTIMATE, QUANTISEQ, MCP-counter, and XCELL using the ssGSEA method is illustrated in Supplementary Figure 10A. It shows that the infiltrating abundance of several cell types is negatively associated with NecroScore, such as myeloid dendritic cells, cancer-associated fibroblasts, hematopoietic stem cells, and monocytes. Different gene markers of immune cells, collected from another study, were used to validate the result. Most of the signs presented negative correlations, especially in endothelial cells, resting dendritic cells, and resting mast cells, and weak associations could be found in activated memory CD4+ T cells and fibroblasts (Supplementary Figure 10B). As to immunophenotypes, a higher proportion of C1 (20%h vs. 6%l), C2 (34%h vs. 19%l), and C6 (6%h vs. 2%l) were in the high-NecroScore group, while more samples of C3 (36%h vs. 66%l) and C4 (4%h vs. 6%l) were located in the low-NecroScore group (Supplementary Figure 10C). The overall distribution exerted significance as tested by Fisher’s exact test (p = 0.001). Evidence from TCIA revealed that low-NecroScore patients had significantly lower IPS of positive or negative status of anti-CTLA-4 with no response to PD-1 (Supplementary Figure 10D), suggesting anti-CTLA-4 inhibitors might also have effects on negative PD-1 status patients with low scores. Moreover, we found that several immune checkpoints, such as CD274, PDCD1, PDCD1LG2, LAG-3, and TMIGD2, were down-regulated in the low-NecroScore group (Supplementary Figure 11A). Interestingly, the TIDE score, MSI, and dysfunction scores were significantly increased in the low-NecroScore group. At the same time, low NecroScore patients had lower exclusion scores (Supplementary Figure 11B), indicating that individuals with negative or weak-expressed immune checkpoints might also demonstrate promising results from immune checkpoint blockade (ICB) therapy.



Mutation Status in the Low- and High-NecroScore Groups

To analyze the NecroScore-related mechanisms in LUAD, somatic mutations of the TCGA-LUAD cohort were surveyed. Comparing the mutation frequency between the two scoring groups, more mutations were found in the high-NecroScore group (r = 0.3, p < 0.001; Supplementary Figure 12A), including non-synonymous (r = 0.29, p < 0.001) and synonymous mutations (r = 0.3, p < 0.001; Supplementary Figure 12B, C). Meanwhile, a significantly higher mutant frequency of TP53, TTN, PCDH15, LRP1B, ZFHX4, NALCN, CSMD3, MUC16, XIRP2, APOB, PAPPA2, PRDM9, ANK2, and LRRC7 was observed in the high-NecroScore group, while KEAP1 had more mutations in the low-NecroScore group, shown by a forest plot (Supplementary Figure 12D). In addition, significant co-occurrences existed among these genes (Supplementary Figure 12E). We also uncovered the influence of high mutation genetic variation on the NecroScore and found that the NecroScore was positively correlated with the necroptosis-related gene CDKN2A mutant frequency (Supplementary Figure 12F).



Drug Discovery and Chemotherapeutic Response Analysis

We analyzed the association between necroptosis-related molecules and the clinical efficiency of LUAD treatment. According to the drug response data from GDSC, it was shown that some genes, such as BAHC2, LEF1, DNMT1, TERT, TNFRSF1B, TNFSF10, MPG, and ALK have synergistic effects with drugs, whereas PANX1, AXL, SLC39A7, TNFRSF21, and ID1 interacted antagonistically with drugs (Figure 7A). ALK manifested a significantly synergistic interplay with CH5424802 (alectinib, ALK, and RET inhibitor, Figure 7A). It was also evident that ID1 had the strongest negative correlation with drugs such as vorinostat (HDAC inhibitor), PHA-793887 (CDK2 inhibitor), PIK-93 (PI4K inhibitor), and SNX-2112 (HSP90 inhibitor, Figure 7A).




Figure 7 | Drug sensitivity in necroptosis-based subtypes and correlation between chemotherapeutic potential and the NecroScore. (A). The bubble diagram illustrated the results of correlation analysis of the necroptosis regulatory molecules on resistance to common clinical chemotherapeutics. Red indicated positive correlations, meaning that overexpressed mRNA levels of the necroptosis-related molecules were resistant to the drug and vice versa. The darker the color, the larger the correlation coefficients. The bubble size denoted the negative value of log10 of false discovery rate (FDR). (B). A Wilcoxon test showed the differences in half-maximal inhibitory concentration (IC50) between the low- and high-NecroScore groups. Asterisks indicated p-value (***p < 0.001, *p < 0.05). (C). Differences of the area under the curves (AUCs) of drug response among the three lung adenocarcinoma cell line clustering subtypes were revealed by Kruskal-Wallis test. (D). The heatmap showed each potential compounds sharing mechanisms of action (MoA, in rows) and sorted by descending number of compound with shared MoA shown in the right bar plot.



Given the importance of necroptosis regulatory molecules in chemotherapy, we further analyzed whether the NecroScore could accurately predict the chemotherapeutic sensitivity of LUAD patients. Ridge regression was utilized to predict IC50 in the low-and high-NecroScore groups. Results showed that higher NecroScore had lower IC50 of several LUAD-specific drugs such as cisplatin, docetaxel, and paclitaxel. In contrast, patients with a low NecroScore might respond more sensitively to erlotinib (tyrosine kinase inhibitor/TKI), gefitinib (EGFR-TK inhibitor), and lapatinib (TKI) (Figure 7B), suggesting that chemotherapy was a promising option for the high-NecroScore group. In contrast, targeted therapy for the low-NecroScore group might lead to favorable outcomes. The AUC of drug responses within cell line clusters obtained from the classifier based on the necroptosis phenotypes was compared. Only 274 compounds tested on over 90% of the LUAD cell lines were employed for analysis (Supplementary Table 5-7). AUCs of SB-590885, a B-RAF inhibitor, and UNC0642, a G9a/GLP inhibitor, were significantly lower in the Cluster 3 LUAD cell lines, but the information from 681640 and KN001-27 was absent to our knowledge (Figure 7C).

Furthermore, we identified potential compounds that could target stemness features and the NecroScore difference. Analysis of 24 compounds revealed 19 MoA was shared by these compounds (Figure 7D). Four compounds (fluphenazine, fluspirilene, mesoridazine, and pimozide) shared the MoA of dopamine receptor antagonist; metixene and orphenadrine shared the MoA of acetylcholine receptor antagonist; and amantadine and memantine shared the MoA of glutamate receptor antagonist. It could also be seen that pyrvinium-pamoate presented the MoA of the AKT inhibitor. The results help to adopt more tailored chemotherapeutic strategy for each stratified LUAD group based on the NecroScore, coupled with a reference to the mutation characteristics (Supplementary Figure 12).




Discussion

In this study, we showed the transcriptional variations of 30 necroptosis regulatory molecules in LUAD, revealing that the heterogeneity of necroptosis-related gene expression was associated with genome changes. Regulating the expression levels of necroptosis molecules may influence genome instability of LUAD cells (25), which can be utilized to seek chemotherapeutic targets inducing necroptosis. A total of 1,064 LUAD patients were distinguished into three molecular phenotypes based on the necroptosis molecule expression levels. The significant differences were confirmed in clinicopathologic features and TIME among distinct clustering subtypes. A previous study verified that targeting necroptosis could induce the innate immune system to kill neoplastic cells by activating RIPK1 and RIPK3 (26), the mutation of which exists in multiple tumors (27). Our results implied a significant interrelationship between necroptosis levels and TIME.

Changes in mRNA transcriptional levels among different necroptosis phenotypes determined that clustering subtypes were correlated with specific cancer-related pathways and potential immunotherapeutic efficiency. Cluster A was characterized by immune suppression of TIME and high tumor purity, presenting a cold tumor-like phenotype. Cluster B was characterized by several immune cells, low overall mutational load, upregulated CXCL12 expression, and TGFβ and Wnt signaling pathway activation. Cluster C was characterized by activating immunocyte infiltration and immune-related pathways such as natural killer cell-mediated cytotoxicity, primary immunodeficiency, mismatch repair, and high somatic mutations. These two types present the features of hot tumors. We also found a significant correlation between the cGAS-STING signaling pathway and necroptosis subtypes. Activating the pathway can detect cytoplasmic DNA, trigger immune effects, and make the tumor cells susceptible to apoptosis (28, 29) and thus, provide a potential therapeutic approach for patients of Cluster A. The corresponding result validated our previous conclusion that Cluster C, indeed, had more fractions of anti-tumor immunity in LUAD. Our study also found a strong correlation between necroptosis and the expressions of chemokines and receptors. Among them, CCL5 and CXCL9 have been widely investigated because their overexpressed levels were correlated with CD8+ T cell infiltration in cancers, namely immunoreactive tumors (30), which supported our results that abundant immune infiltration was enriched in Cluster C. Moreover, targeting CCL5 to augment TGFβ signaling, which was inhibited in Cluster C, is an alternative treatment protocol (31). The highest immune checkpoint expressions were observed in Cluster C, followed by Cluster B, and then immune-cold Cluster A. Patients with upregulated PD-1/PD-L1 respond better to ICI treatment in general (32). Therefore, it is possible to turn Cluster A into a “hot” tumor sensitive to anti-PD-1/PD-L1 ICI by further increasing its Hippo signaling level (33). In addition, regulon activity based on transcriptional factors and chromatin remodeling showed tight correlations with necroptosis phenotypes, supporting the regulators’ roles as hub drivers of LUAD (34, 35) and providing underlying interventional targets used for phenotype classification and therapy adoption (36). Combining the results above and drug analysis in the study, it could be speculated that the combination of ICI and necroptosis inducers might show promising therapeutic outcomes for LUAD, and this study would help in the development of novel combination treatment techniques as well as new immunotherapeutic drugs in the near future.

Given the critical function of necroptosis in immune control and the variability of necroptosis subtypes of LUAD, it is critical to characterize the expression of necroptosis regulatory factors in LUAD patients. To this end, we constructed a quantified prognostic system named NecroScore to assess the necroptosis molecules in LUAD patients. The NecroScore was reliable for evaluating patients’ survival outcomes. Patients from the high-NecroScore group had higher expressions of immune checkpoints, whereas, it was found that there was a negative correlation between the NecroScore and infiltrating levels of anti-tumor immunocytes and lower TIDE scores in the low-NecroScore group. A recent phase-3 clinical trial revealed that pembrolizumab (anti-PD-1/PD-L1), plus pemetrexed and platinum, enhanced the survival of LUAD patients despite PD-L1 expression (37). Hence, it favored that patients with a lower NecroScore might benefit from ICI treatment, such as those exhibiting characteristics of necroptotic Cluster B identified in this study. In contrast, patients from the high-NecroScore group with higher TIDE scores and lower MSI might have low ICI responses for immune evasion by T-cell exclusion (38). Above results suggest NecroScore may act as a preferable candidate tool for genomic aberrations and traditional histopathologic index.

We also found that high-NecroScore patients had more mutations such as TP53, TTN, and PCDH15. It has been reported that nonsense or truncating TP53 mutations are correlated with poor prognosis during immunotherapy (39, 40). However, TP53 mutations, with wild types of STK11 and EGFR, identify high CD8+ T-cell density and PD-1 expression (41). Genome editing technologies such as CRISPR/Cas9 can be employed to alter mutation profiles and provide a prerequisite for effective immunotherapy. Further explorations are still needed to confirm more detailed mutational features of the low- and high-NecroScore groups to tailor immunotherapeutic plans. The investigation of MoA led us to potential candidate targets for different therapies of distinct scoring subtypes (42). Multiple lines of evidence have validated that necroptosis-related genes and pathways play a crucial role in chemotherapy (43–45). This study found considerable discrepancies between chemotherapeutic drugs and their corresponding mRNA target expressions, and the NecroScore could effectively contribute to the application of chemotherapies. Our results have implications for clinical practice. The NecroScore could be employed to estimate the expression features of necroptosis-associated genes and the immunocyte infiltration of LUAD TIME, confirming the molecular subtypes or immunophenotypes of LUAD, and predict the survival of and medication treatment efficiency for patients.

However, there are several shortcomings in the present study. Firstly, this study was retrospective and the data was only collected from online databases. Although this research conducted batch effect correction, to a great extent, for thousands of patients, effects for genome analysis were still on, and further investigation should be conducted using larger data
sets from multicenter. Secondly, the molecular stratifications were only based on transcriptional expressions, mutational, metabolic, proteomic, and even imaging characteristics should be integrated to reveal comprehensive heterogeneity among distinct subtypes. We also expect to use single-cell sequencing technology to unmask cell fractions and genomic distinctions among the phenotypes. Moreover, wet-lab experiments in vivo and in vitro (i.e., flow cytometry) are required to verify the roles of necroptosis regulatory molecules in LUAD and hopefully to interrogate the impact of single nucleotide variants and copy number alterations on necroptosis.



Conclusions

This study depicted the molecular and immune landscape of necroptosis molecules in the LUAD tumor microenvironment. The three necroptosis phenotypes could distinguish the clinical features, immune infiltration, and somatic mutational characteristics of LUAD. To some extent, the developed NecroScore system could predict prognosis and chemotherapeutic treatment efficiency. Our comprehensive evaluation of individual tumor necroptosis patterns with multi-omic approaches will deepen our understanding of the tumor immune microenvironment and tailor more effective immunotherapy strategies.



Data Availability Statement

All data used in this work can be acquired from (TCGA,(https://portal.gdc.cancer.gov/), GEO (https://www.ncbi.nlm.nih.gov/geo/), UCSC Xena (https://xenabrowser.net/datapages/), GDSC (https://www.cancerrxgene.org/), TIMER (https://cistrome.shinyapps.io/timer/), TIP (http://biocc.hrbmu.edu.cn/TIP/index.jsp), MSigDB (http://www.gsea-msigdb.org/gsea/index.jsp), TCIA (https://tcia.at/) and CLUE (https://clue.io/).



Author Contributions

CZ and XL designed the study. KX and ZJ collected study data and performed computational analysis. CZ, KX and AA wrote the manuscript draft. AA edited the manuscript draft and did subsequent revision. All authors have read and approved the manuscript. CZ and KX have contributed equally to this work and share first authorship.



Funding

This research was supported by grants No.2014CFB394, 2019CFB721 from the Natural Science Foundation of Hubei Province (CN) and No.WJ2017M027 from Health and Family Planning Commission of Hubei Province (CN), No.Y-HS202101- 0079 from Cisco hausen Cancer Research Foundation.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.934494/full#supplementary-material



References

1. Bray, F, Ferlay, J, Soerjomataram, I, Siegel, RL, Torre, LA, and Jemal, A. Global Cancer Statistics 2018: Globocan Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J Clin (2018) 68(6):394–424. doi: 10.3322/caac.21492

2. Hirsch, FR, Scagliotti, GV, Mulshine, JL, Kwon, R, Curran, WJ Jr., Wu, YL, et al. Lung Cancer: Current Therapies and New Targeted Treatments. Lancet (2017) 389(10066):299–311. doi: 10.1016/S0140-6736(16)30958-8

3. Siegel, RL, Miller, KD, and Jemal, A. Cancer Statistics, 2020. CA Cancer J Clin (2020) 70(1):7–30. doi: 10.3322/caac.21590

4.Cancer Genome Atlas Research N. Comprehensive Molecular Profiling of Lung Adenocarcinoma. Nature (2014) 511(7511):543–50. doi: 10.1038/nature13385

5. Wu, P, Zheng, Y, Wang, Y, Wang, Y, and Liang, N. Development and Validation of a Robust Immune-Related Prognostic Signature in Early-Stage Lung Adenocarcinoma. J Transl Med (2020) 18(1):380. doi: 10.1186/s12967-020-02545-z

6. Matter, MS, Chijioke, O, Savic, S, and Bubendorf, L. Narrative Review of Molecular Pathways of Kinase Fusions and Diagnostic Approaches for Their Detection in Non-Small Cell Lung Carcinomas. Transl Lung Cancer Res (2020) 9(6):2645–55. doi: 10.21037/tlcr-20-676

7. Shaurova, T, Zhang, L, Goodrich, DW, and Hershberger, PA. Understanding Lineage Plasticity as a Path to Targeted Therapy Failure in Egfr-Mutant Non-Small Cell Lung Cancer. Front Genet (2020) 11:281. doi: 10.3389/fgene.2020.00281

8. Drosten, M, and Barbacid, M. Targeting Kras Mutant Lung Cancer: Light at the End of the Tunnel. Mol Oncol (2021) 16(5):1057–71. doi: 10.1002/1878-0261.13168

9. Santarpia, M, Aguilar, A, Chaib, I, Cardona, AF, Fancelli, S, Laguia, F, et al. Non-Small-Cell Lung Cancer Signaling Pathways, Metabolism, and Pd-1/Pd-L1 Antibodies. Cancers (Basel) (2020) 12(6):1475. doi: 10.3390/cancers12061475

10. Spella, M, and Stathopoulos, GT. Immune Resistance in Lung Adenocarcinoma. Cancers (Basel) (2021) 13(3):384. doi: 10.3390/cancers13030384

11. Fulda, S. The Mechanism of Necroptosis in Normal and Cancer Cells. Cancer Biol Ther (2013) 14(11):999–1004. doi: 10.4161/cbt.26428

12. Stoll, G, Ma, Y, Yang, H, Kepp, O, Zitvogel, L, and Kroemer, G. Pro-Necrotic Molecules Impact Local Immunosurveillance in Human Breast Cancer. Oncoimmunology (2017) 6(4):e1299302. doi: 10.1080/2162402X.2017.1299302

13. Feng, X, Song, Q, Yu, A, Tang, H, Peng, Z, and Wang, X. Receptor-Interacting Protein Kinase 3 Is a Predictor of Survival and Plays a Tumor Suppressive Role in Colorectal Cancer. Neoplasma (2015) 62(4):592–601. doi: 10.4149/neo_2015_071

14. Wu, W, Zhu, H, Fu, Y, Shen, W, Xu, J, Miao, K, et al. Clinical Significance of Down-Regulated Cylindromatosis Gene in Chronic Lymphocytic Leukemia. Leuk Lymphoma (2014) 55(3):588–94. doi: 10.3109/10428194.2013.809077

15. Park, S, Hatanpaa, KJ, Xie, Y, Mickey, BE, Madden, CJ, Raisanen, JM, et al. The Receptor Interacting Protein 1 Inhibits P53 Induction Through Nf-Kappab Activation and Confers a Worse Prognosis in Glioblastoma. Cancer Res (2009) 69(7):2809–16. doi: 10.1158/0008-5472.CAN-08-4079

16. Hacker, G. The Morphology of Apoptosis. Cell Tissue Res (2000) 301(1):5–17. doi: 10.1007/s004410000193

17. Galluzzi, L, Kepp, O, Chan, FK, and Kroemer, G. Necroptosis: Mechanisms and Relevance to Disease. Annu Rev Pathol (2017) 12:103–30. doi: 10.1146/annurev-pathol-052016-100247

18. Seifert, L, Werba, G, Tiwari, S, Giao Ly, NN, Alothman, S, Alqunaibit, D, et al. The Necrosome Promotes Pancreatic Oncogenesis Via Cxcl1 and Mincle-Induced Immune Suppression. Nature (2016) 532(7598):245–9. doi: 10.1038/nature17403

19. Tang, R, Xu, J, Zhang, B, Liu, J, Liang, C, Hua, J, et al. Ferroptosis, Necroptosis, and Pyroptosis in Anticancer Immunity. J Hematol Oncol (2020) 13(1):110. doi: 10.1186/s13045-020-00946-7

20. Hanahan, D, and Weinberg, RA. Hallmarks of Cancer: The Next Generation. Cell (2011) 144(5):646–74. doi: 10.1016/j.cell.2011.02.013

21. Gong, Y, Fan, Z, Luo, G, Yang, C, Huang, Q, Fan, K, et al. The Role of Necroptosis in Cancer Biology and Therapy. Mol Cancer (2019) 18(1):100. doi: 10.1186/s12943-019-1029-8

22. Wang, N, and Liu, D. Identification and Validation a Necroptosisrelated Prognostic Signature and Associated Regulatory Axis in Stomach Adenocarcinoma. Onco Targets Ther (2021) 14:5373–83. doi: 10.2147/OTT.S342613

23. Zhao, Z, Liu, H, Zhou, X, Fang, D, Ou, X, Ye, J, et al. Necroptosis-Related Lncrnas: Predicting Prognosis and the Distinction Between the Cold and Hot Tumors in Gastric Cancer. J Oncol (2021) 2021:6718443. doi: 10.1155/2021/6718443

24. Helleday, T, Eshtad, S, and Nik-Zainal, S. Mechanisms Underlying Mutational Signatures in Human Cancers. Nat Rev Genet (2014) 15(9):585–98. doi: 10.1038/nrg3729

25. Yan, S, Li, Q, Zhang, D, Wang, X, Xu, Y, Zhang, C, et al. Necroptosis Pathway Blockage Attenuates Pfkfb3 Inhibitor-Induced Cell Viability Loss and Genome Instability in Colorectal Cancer Cells. Am J Cancer Res (2021) 11(5):2062–80.

26. Snyder, AG, Hubbard, NW, Messmer, MN, Kofman, SB, Hagan, CE, Orozco, SL, et al. Intratumoral Activation of the Necroptotic Pathway Components Ripk1 and Ripk3 Potentiates Antitumor Immunity. Sci Immunol (2019) 4(36):eaaw2004. doi: 10.1126/sciimmunol.aaw2004

27. Koo, GB, Morgan, MJ, Lee, DG, Kim, WJ, Yoon, JH, Koo, JS, et al. Methylation-Dependent Loss of Rip3 Expression in Cancer Represses Programmed Necrosis in Response to Chemotherapeutics. Cell Res (2015) 25(6):707–25. doi: 10.1038/cr.2015.56

28. Kwon, J, and Bakhoum, SF. The Cytosolic DNA-Sensing Cgas-Sting Pathway in Cancer. Cancer Discovery (2020) 10(1):26–39. doi: 10.1158/2159-8290.CD-19-0761

29. Decout, A, Katz, JD, Venkatraman, S, and Ablasser, A. The Cgas-Sting Pathway as a Therapeutic Target in Inflammatory Diseases. Nat Rev Immunol (2021) 21(9):548–69. doi: 10.1038/s41577-021-00524-z

30. Dangaj, D, Bruand, M, Grimm, AJ, Ronet, C, Barras, D, Duttagupta, PA, et al. Cooperation Between Constitutive and Inducible Chemokines Enables T Cell Engraftment and Immune Attack in Solid Tumors. Cancer Cell (2019) 35(6):885–900.e10. doi: 10.1016/j.ccell.2019.05.004

31. Borczuk, AC, Papanikolaou, N, Toonkel, RL, Sole, M, Gorenstein, LA, Ginsburg, ME, et al. Lung Adenocarcinoma Invasion in Tgfbetarii-Deficient Cells Is Mediated by Ccl5/Rantes. Oncogene (2008) 27(4):557–64. doi: 10.1038/sj.onc.1210662

32. Topalian, SL, Hodi, FS, Brahmer, JR, Gettinger, SN, Smith, DC, McDermott, DF, et al. Safety, Activity, and Immune Correlates of Anti-Pd-1 Antibody in Cancer. N Engl J Med (2012) 366(26):2443–54. doi: 10.1056/NEJMoa1200690

33. Schoenfeld, AJ, Rizvi, H, Bandlamudi, C, Sauter, JL, Travis, WD, Rekhtman, N, et al. Clinical and Molecular Correlates of Pd-L1 Expression in Patients With Lung Adenocarcinomas. Ann Oncol (2020) 31(5):599–608. doi: 10.1016/j.annonc.2020.01.065

34. De Bastiani, MA, and Klamt, F. Integrated Transcriptomics Reveals Master Regulators of Lung Adenocarcinoma and Novel Repositioning of Drug Candidates. Cancer Med (2019) 8(15):6717–29. doi: 10.1002/cam4.2493

35. Audia, JE, and Campbell, RM. Histone Modifications and Cancer. Cold Spring Harb Perspect Biol (2016) 8(4):a019521. doi: 10.1101/cshperspect.a019521

36. Paull, EO, Aytes, A, Jones, SJ, Subramaniam, PS, Giorgi, FM, Douglass, EF, et al. A Modular Master Regulator Landscape Controls Cancer Transcriptional Identity. Cell (2021) 184(2):334–51.e20. doi: 10.1016/j.cell.2020.11.045

37. Garassino, MC, Gadgeel, S, Esteban, E, Felip, E, Speranza, G, Domine, M, et al. Patient-Reported Outcomes Following Pembrolizumab or Placebo Plus Pemetrexed and Platinum in Patients With Previously Untreated, Metastatic, Non-Squamous Non-Small-Cell Lung Cancer (Keynote-189): A Multicentre, Double-Blind, Randomised, Placebo-Controlled, Phase 3 Trial. Lancet Oncol (2020) 21(3):387–97. doi: 10.1016/S1470-2045(19)30801-0

38. Jiang, P, Gu, S, Pan, D, Fu, J, Sahu, A, Hu, X, et al. Signatures of T Cell Dysfunction and Exclusion Predict Cancer Immunotherapy Response. Nat Med (2018) 24(10):1550–8. doi: 10.1038/s41591-018-0136-1

39. Sun, H, Liu, SY, Zhou, JY, Xu, JT, Zhang, HK, Yan, HH, et al. Specific Tp53 Subtype as Biomarker for Immune Checkpoint Inhibitors in Lung Adenocarcinoma. EBioMedicine (2020) 60:102990. doi: 10.1016/j.ebiom.2020.102990

40. Zhao, L, Qu, X, Wu, Z, Li, Y, Zhang, X, and Guo, W. Tp53 Somatic Mutations Are Associated With Poor Survival in Non-Small Cell Lung Cancer Patients Who Undergo Immunotherapy. Aging (Albany N Y) (2020) 12(14):14556–68. doi: 10.18632/aging.103502

41. Biton, J, Mansuet-Lupo, A, Pecuchet, N, Alifano, M, Ouakrim, H, Arrondeau, J, et al. Tp53, Stk11, and Egfr Mutations Predict Tumor Immune Profile and the Response to Anti-Pd-1 in Lung Adenocarcinoma. Clin Cancer Res (2018) 24(22):5710–23. doi: 10.1158/1078-0432.CCR-18-0163

42. Malta, TM, Sokolov, A, Gentles, AJ, Burzykowski, T, Poisson, L, Weinstein, JN, et al. Machine Learning Identifies Stemness Features Associated With Oncogenic Dedifferentiation. Cell (2018) 173(2):338–54.e15. doi: 10.1016/j.cell.2018.03.034

43. Cao, L, and Mu, W. Necrostatin-1 and Necroptosis Inhibition: Pathophysiology and Therapeutic Implications. Pharmacol Res (2021) 163:105297. doi: 10.1016/j.phrs.2020.105297

44. Otani, Y, Sur, HP, Rachaiah, G, Namagiri, S, Chowdhury, A, Lewis, CT, et al. Inhibiting Protein Phosphatase 2a Increases the Antitumor Effect of Protein Arginine Methyltransferase 5 Inhibition in Models of Glioblastoma. Neuro Oncol (2021) 23(9):1481–93. doi: 10.1093/neuonc/noab014

45. Min, W, Sun, L, Li, B, Gao, X, Zhang, S, and Zhao, Y. Lnccrla Enhanced Chemoresistance in Lung Adenocarcinoma That Underwent Epithelialmesenchymal Transition. Oncol Res (2022) 28(9):857–72. doi: 10.3727/096504021X16203818567367




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


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Zhao, Xiong, Adam, Ji and Li. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-13-934494-g003.jpg
Interterons and

A

Chemokines and receptors

Interieukins and receptors

receptors

Other cytokines

Cluster:

ccL11
CCL16
ccL17
CCL18,
cCcL20
celL2t
ccL22
cclLas
ccLas
ccLs
ceLr
ccLs
CCR1
CCR10
CCR2
CCR3
CCR4
CCRS
CCRé
CCR7
CX3CL1
CX3CR1
CXxcL10
cxcL11
CXCL12
CXCL13
CXCL14
CXCL1B
CXCL8
CXCLY
CXCR3
CXCR4
CXCR6
PF4
PPBP
XcLt

IL10
IL10RA
IL10RB

L1

IL12A
1128
IL12RB2
1178
117D
IL17RD

IL18

IL1A

IL1B

IL1RY
IL1R2
IL21R
1L23A

IL24

IL26

IL27
IL27RA

IL2RA
IL2RB
IL2RG
IL31RA
1L32

133

IL4R

IL6

IL7R

IL9R

IFNG
IFNGR2
IFNAR2

TGFBR1
VEGFA
EGFR
LTA
TPO
VEGFB
PDGFRA
PDGFRB
PDGFD
CSF1
TNF
PDGFC
TGFBR2
FASLG
TGFB3
EPOR
TGFBR3
EGF
CSF2
VEGFC
CSF2RB

ns

ns

ns

Toe el Clustor

40100 BRI e score
19118 01151011 Stromal score
Clustor
coars
POCD1
co2e7
POCDILG2
cria
TNFRSFD
TNFRSFS
Teolls CO4.naive
Tl ollcularhelper
8 colls naive
8.cells memory
T colls gamma delta
Dendrilc.cels.activated

Macrophages M1
NK.cols.actvated
Plasma.colls

T.cells CD4 memory resting
T.colls CD4 memory activaled

| Mast colls activatod

Rrpcty

NKcels resting
Macrophages MO

Macrophages M2

Eosinophis

Monocytes.

Dendritc. ol resting

Mast celsresting

Neutrophis

Step1: Release of cancer cll antgens
Step2: Cancer antigen presentation

Stepd: Priming and actvation

Stepd: Trafficking o T cels o tumors

Steps: Infilration of T call into tumors
Stepe: Recognition of cancer cells by T call
Step?: Kiling of cancer cells

MeTiL

Cluster B3 A B3 8 B C

Normalized Score
o o
o S
3 a

025
000
$
N
§
7
& o
o S
£¢
g
2001 il il el I i il =]
RTINS )l
TRAF2 Bl Bl
TNESF10 1=
TNFRSF21 T 1
FRSFIB 1=
TLR3 B Gl Bl
TERT ol -
SLo3AT 1t
PLK o) = ..
(NN N N G O o N N Il Il P<001
YNNG O ot N it el O Bt Bl et ol I B Lo
[T il ] O Ll O il == Corelation
[T O ] ol ]l B - B el B Bd £ Bl ] 06
WFo B B il Wl -
ek g [ )} . '
oz £ Bl =1
(O i O O ol il i il Bl il ) - 6
o1 et ma e 0 O
camaa i) i il
CECl O 7l O Il O B ] i B ] ™
VAR il O e O e ol O e O . o N I 0 O - .
oislo LT R ] L — T Bl L]
CFLAR L Bd i Bl W B
COKN2A - I
BNIP3 B B
BAGHz T el
XL BaBACT
ALK - o e
&
«

7R,
&3





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Necroptosis Identifies Novel Molecular Phenotypes and Influences Tumor Immune Microenvironment of Lung Adenocarcinoma

      

        		

          Introduction

        



        		

          Materials and Methods

        

          		

            Data Sources and Preprocessing

          



          		

            The Construction of Necroptosis Regulator Phenotypes

          



          		

            Development of a NecroScore Prognostic System

          



          		

            Statistical Analysis

          



        



        



        		

          Results

        

          		

            Epigenetic and Transcriptional Characteristics of Necroptosis Regulators

          



          		

            Novel Subtypes of LUAD Identified by Unsupervised Clustering

          



          		

            TME Immune Variations in Distinct Necroptosis Phenotypes

          



          		

            Delineation of Genome Alterations Among Necroptosis Phenotypes

          



          		

            Dysfunction of Signaling Pathways

          



          		

            Clinical Values of the NecroScore

          



          		

            Mutation Status in the Low- and High-NecroScore Groups

          



          		

            Drug Discovery and Chemotherapeutic Response Analysis

          



        



        



        		

          Discussion

        



        		

          Conclusions

        



        		

          Data Availability Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-934494-g005.jpg
Symbol
x
2

bOLe

23

Rs~~ 332 33
SR
ol

g

d b

§ oo
EL Pl

SE L.
&

.

!

&

‘
|
a8
a8

]

o!
&

do oo o

bbby
o <3 ~ B

RO RS
o

% sal
bl
N
£

0 =25

16
)

-3

os.
d

025 0

=
&

30
&

0 =18
!
i
0 -12

v

PRSI LU SO
ﬁy .;‘f‘*\*é*&"&
&

Pathway (A:Activate; LInhibit) Percent B

S
&
P

250 25 50

TNFRSF21
DIABLO
TRAF2
FADD
TNFSF10
TLRS
D1
ALK
BNIP3
TNFRSF1B:
DNMITY
GATAS
TERT
AXL
LEF1
CDKN2A
28p1
CFLAR
oTULIN
TRIMI 1
PLK1
YCN
PANX1
BACH2
1DH1
TPt
KLFS
PG
IDH2
SLC3eA?

E

TGFB
Wnt

TP53
PI3K

RAS
NRF2
NOTCH
mYc
Hippo
Cell Cycle

08

kk

*kk

*kk

*kk

*hk

- g _—

*kk

Fkk

ns

Fkk

06

Regulation — Actvate

DNA Damage Response

PIBKIAKT

Cluster

KEGG_VIRAL_MYOCARDITIS
KEGG_LEISHMANIA_INFECTION
KEGG_CELL_ADHESION_MOLECULES_CAMS
KEGG_NATURAL_KILLER_CELL_MEDIATED_CYTOTOXICITY
KEGG_ASTHMA

KEGG_ALLOGRAFT_REJECTION
KEGG_AUTOIMMUNE_THYROID_DISEASE 0
KEGG_HEMATOPOIETIC_CELL_LINEAGE
KEGG_GRAFT_VERSUS_HOST_DISEASE
KEGG_INTESTINAL_IMMUNE_NETWORK_FOR_IGA_PRODUCTION [l =1
KEGG_SYSTEMIC_LUPUS_ERYTHEMATOSUS
KEGG_TYPE_|_DIABETES_MELLITUS

KEGG_RNA_POLYMERASE -2
KEGG_AMINOACYL_TRNA_BIOSYNTHESIS
KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION
KEGG_HOMOLOGOUS_RECOMBINATION
KEGG_PRIMARY_IMMUNODEFICIENCY

KEGG_DNA_REPLICATION

Cluster 2

KEGG_NATURAL KILLER_CELL_MEDIATED_CYTOTOXICTY
KEGG_LEISHMANIA_INFECTION

KEGG_VIRAL_MYOCARDITIS 1
KEGG_ALLOGRAFT_REJECTION
KEGG_GRAFT_VERSUS_HOST_DISEASE 0

KEGG_AUTOIMMUNE_THYROID_DISEASE
KEGG_TYPE_I_DIABETES_MELLITUS

KEGG_INTESTINAL_IMMUNE_NETWORK_FOR_IGA_PRcDUCTION (Il "

KEGG_PRIMARY_IMMUNODEFICIENCY

KEGG_ASTHMA -2
Cluster 2
KEGG_CELL_CYCLE 1

KEGG_DNA_REPLICATION
KEGG_HOMOLOGOUS_RECOMBINATION [l 0
KEGG_MISMATCH_REPAIR
KEGG_BASE_EXCISION_REPAIR -1
KEGG_PROTEASOME





OEBPS/Images/fimmu-13-934494-g001.jpg
02 Pvaive 204 o ° Gain * Loss
04 075 9
c T 050 315
S ) 025 H
= 00 o
] YT i |t
5 -01 g 10 [ TYS
8 Corr S °
8 3
Qo3

Cancer Type Cancer Type
Overall Survival Status | Bladder Cancer | Bone Cancer || Mature B-Cell Neoplasms || Meduloblastoma || Melanoma

CDKN2A || ”I‘ 1o% | Breastcancer | Cenvical Cancer || Mixed || Mature B-cell ymphoma
TERT [ 1% | Colorectal Cancer || Embryonal Tumor || Myelodysplastic/Myeloproliferative Neoplasms
TRIMI1 1w A ; ’
Sed e ) Endometrial Cancer || Esophagogastric Cancer || Pancreatic Cancer || Prostate Cancer
D1 | g% | Essential Thrombocythemia | Glioma || Renal Cell Carcinoma | Soft Tissue Sarcoma
OTULIN I || ‘ 9% || Head and Neck Cancer || Hepatobiliary Cancer || Thyroid Cancer | Uterine Endometrioid Carcinoma
TNFSF10 b %
FADD i ot | intraductal Papillary Mucinous Neoplasm || Non-Small Cell Lung Cancer || Lung Cancer
AXL 1 [ille | "6% | Ovarian Cancer ‘
DNMT1 I I ™
GATA3 || .jn | 1| ) e
TNFRSF21 il | &% LUAD
SLC39A7 I e Altered in 111 (19.79%) of 561 samples.
ALK ||| [ ot Y s 1888
TLR3 | 1] | [N} ™ - “h"l” (TN
BACH2 | i o] ¥ % s %
CDKN2A r- muin 4%
IDH1 | ]l e s oo B
IDH2 | | | it % cares il 1 y
LeF1
wee ]| ||l | copn | % oH1
MYCN | Jilld (T B 3% v -
TRAF2 A | ] I I % el
PANX1 " i | N .. Tz 1 I
puia [ | | I 290 4 1
ITPK1 | | § pT™ TLRS 1
DIABLO [IIRNK Ik | 27% il |
KLF9 il | ] | pay  TNRRSF2 1 1]
LEF1 il [ T ' | 23% = Missense Mutation  In_Frame Del = Spiice Site * Nonsense_Mutation
CFLAR i [ 1 2% Frame_Shift_Del = Frame_Shift_Ins = Mult_Hit
TNFRSF1B | Il il ] I 1.9%
snips || | ] | ST
Genetic Alteration # Inframe Mutation (putative driver) # Inframe Mutation (unknown significance) & Missense Mutation (putative driver)

¥ Splice Mutation (putative driver) || Splice Mutation (unknown significance) ¥ Truncating Mutation (putative driver) || No alterations
| Ampiication || Deep Deletion § Missense Mutation (unknown significance) i Truncating Mutation (unknown significance)

Overall Survival Status ] 0:ivNG || 1:DECEASED No data






OEBPS/Images/fimmu-13-934494-g007.jpg
L &4

TERT-

TNERSF1B+
TNFSFI0-

~Iog10(FDR)

Ak

KFs-

8P+

. @@
o Phenformin
S

XAVS39

~CHIR-99021
8216763

Lapatinib

Erlotinib
Gefinib
@ Adatinib
© @-Cetuxmab
-EKB-569
- HG-5-88-01
" Vorinostat
Tubastatin A
AR-42
o @ cAviosos
CUDC-101
. Belinostat
- VNLG/124
-LAQa24
PHA-793887
AT 71e
THZ-2-102-1
THz-2-49
~KIN0O1-270
~PD-0332991

. -RO-3306
-CGP-80474
NP76=I1-72-1
GSK1070916
spinesi Mesyste

gee

*-5-Tryi-L-cyseine.
Tramelinb
® o215
“selumetinib
~RDEAT1S
£PD-0325901
~Dabrafenib
. “AZ628
FPLXeT20
“omK
Ci-1040
~Su590885
P03
KINoO1-102

GSKes06e3
KINOD1-264
- GSK2126456

TGX221
CAL-101
75605240
BEZ235
- 17-AAG
TPCA-1
NG-25
TL-1-85
XMD13-2
QL-X-138
KINDO1-250
YN201636
SNX-2112
BNS345541
BX02189
IW-7-24-1
CX-5461
QLXII-61
KINOO1-236
Bortezomib

[
(ot
[5uoe
Rio-27
S s
i
S 81-3608
i
D it
il
(oS- s05744
R
LT e
o @@
% Dovaing
iy
o
[Sancais
[ LYY hree
b
. Oatocas esrole
O3tz
Rebsoes
3 iz
ot
e
A
Wraios
Xiotise
esine
)
s
[t
(S izison
Py
Weosaurn
o glbcum
s
Vssse
A

Noiin-3a -
Y ) ’.-sn-mﬁ )

TAK-715
°
)

- JNK Inhbitor VIl
CPagET22

- AZD7T62
Methotrexste
5-Fluorouraci

~Bleomyci (50 M)

3
H
:

TLRs-
FADD+
T
MYeN-
i+
1ok1-
01+

crLAR+
Famioss-
CoKNzA-
PLK
stcasn
TNERSF21-

10

‘Spearman Correlation

@]
(]
&

00 02 o4

Cisplatin (IC50)

(Ic50)

4

4

3.

3.

3

3.

5

inhibitors

2 -46
0 =)
n -48
I3}
. =
. £
: 8 -s0
8 8
. g
o
4 . ]
4 . H
z T T
Low High Low High Low High
- - .
35
1
4q % 55 |
§ . 1]
24 Q °
== 2
04 i £
& 5
5 g
© 45
: O 15 3
: .
1.0
. 40
4 T T T T T
Low High Low Low High
0! 0975
2080 4N 5 1
2 2 0ss0 i
s 085 X
Q 5
2 H
080 0925 N
- Cluster1
075 { Kruskal-Wals. p = 0.0064 Keuskai-Walls, p = 0.043
Cluster2
= = : - * - Cluster3
oe7s
g qoss ]
: g
B 0950 . J g
8 2 o
2 5
s 3
2 2
< o925 0.90
Kruskal-Wallis, p = 0.032 Kruskal-Wallis, p = 0.038
0500 ; -
8 g
25 208 fhafs oy
3588 23858 eiPEResioies
RN
§58883s222E2222 58883505
| mechanism of action
count
. o ——
o o Acetylcholine receptor antagonist
. . ubte oo siarid
. Acrenergic eceptor agonist
o ATimibior
. actral ol wll yrithsilLancstro dematyfaseSierl dematytase il
o cotcim el cker
@ | Cytocome P50 ior SIRT actvato
. Detydrogenase inhiicr, nositc monophcsphatase hibir
o ONA eplcation nfibior STAT nior
B ticoctrct recoprSocnit bnrmiripSa
o IKimibior
. Muscerecant
. NEKB pathwiay nibtor
o Nircoxde synthase nnibtor
1§ Prosohedestarese bt
® | ||| Protein synthasi niotor
. Topolorierase e
N Toyclic antidopressant






OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu.2022.934494_cover.jpg
’ frontiers ‘ Frontiers in Immunology

Necroptosis Identifies Novel
Molecular Phenotypes and
Influences Tumor Immune
Microenvironment of Lung

Adenocarcinoma





OEBPS/Images/M1.jpg
NecroScore = > (PC1 + PC2}





OEBPS/Images/fimmu-13-934494-g006.jpg
Welch one-way ANOVA: p<0.001 TCGA cohort GEO cohort
15 ! 10 NecroScore 1.0 NecroScore
—_—— = High = High

—

—_Low — Low

10 : > 08 z 08
: : 1

a .g 05 .g 0.6
. . 3

2 So4 S 04
2 2
5 5

@ 02 @02

0.0 0.0 { P<0.001
0 5 10 15 20 0 5 10 15
Cluster Time (year) Time (year)
F
- - T-test: p<0.05
Gender Variable HR (95% Cl) P-value P

—_—
Age 1024 (1.012-1.036) @ <0.001
)
Gender  1.226 (0.978-1.536) ‘I—.—i 0.077
!
Stage  1.803 (1.594-2.039) —8—40,001
|
i

o
Q
NecroScore 1.098 (1.054-1.144) 1@t <0001 3
 —— [=]
5 T 2
( ; ‘ Age  1.028(1.016-1.041) ® <0001 @
' Z
- ‘ Gender  1.053 (0.838-1.323) n—{o—c 0.659
'
Stage 1750 (1.540-1.986) —e— <0001
p=051 p=0.14 p=72e-15 p=25e-10 !
NecroScore 1.086 (1.040-1.133) st <0.001
<60 W60 -Femsle EMale <No =Yes mUnknown -Stage| =Stage Il wStage imStage IV - . . p o
= 5-year 10-year
55 3-year p Y
stk — Age — Age 1.0
— Gender — Gender 05 — Gender N
= — Sage — stage e et
— NecroScore 0.3 — NecroScore 04 — NecroScore ot
02 — AgesStage+NecroScore — Age+StagesNecroScore — AgevStage+NecroScore o7 - L THBHLNecroscore
E — Al positive E — All positve. £ Al positive z
2 Al negative g 83 Al negaive g 03 All negative 3
8 @ @ Soso
© 01 ki B 02 3
2 4 z H
0.1 3
01 025
00
L VA AAY 9 =0003

T T T 1 T T T T 1
000 025 050 075 100 000 025 050 075  1.00 000 025 050 075 100 P T S S H o
Threshold Probability Threshold Probability Threshold Probability Time (year)





OEBPS/Images/fimmu-13-934494-g004.jpg
NI TN
RN

Cluster

A
e

o

T™B
Mutsig
W sBs1

I Cluster ) SBS2
B4

»

SBS5

Mutsig ~ Others

cottm
FAT3

| 2nesas
PCOHIS
csmD1
Muct?

1q21.3-Amp
5p15:33-Amp
8q24.21-Amp
12q15-Amp

12q14.1-Amp

Alterations
Gain

1 Loss

CNV (arm-level)
Gain

1 Loss

Alterations
Gain
High_balanced_gain
Loss

M High_balanced_loss

Percentage

KW test: p<0.001

—

10g2(TMB)

Cluster

KW test: p<0.001 (arm-evel)

4000
ns

3000 4

Burden of copy number gain
3 3
g g
g 8
P

o
~

= r-.

Cluster

KW test: p<0.001 (focal)
14q133-Amp —_—
20q13.33-Amp.
| 1913.1-Dol
4q34.3-Del
9p21.3-Del

9p23-Del
1:q|2 11-081
mmz-.m

ns

!
o]
A

Cluster

%Jmnu|uuﬂmuuuuuuum

11 coxnza
Ty Alterati Cain
| cams m :A'm;:: High_balanced_gain

ALK M High_balanced_loss

CNV (gene-level)

Burden of copy number gain

a8% [ LI
42%JIVHII

37% IR

lII [T
II\II\ II HIIHI LR IlllII m
I‘ITIIIHI 101 W II |||HI‘\ \I”I| l\’l ! |

KW test: p=0.001 (arm-level)
—ns

2 o [R—
g 200 —
E 2000 § %
2 : .
il - S
hﬂ‘ H‘HHL[ [ ( i 5 1000
Y c
\\ ‘H "w\ 00 e | N £ w0
I 141§ ‘ ! £
| : '
A c

Cluster

KW test: p<0.001 (focal)

itk

i N Chromatin remodeling % 3000 —_—
‘ |\'u\ \| i \‘J\\H\‘“M\H'IJUhm IZ *i o] ' :
lv H’W“ phny’“ m ’W Hn M 2 : 1000 & ; é
"}“\H“H‘H ‘\H Wil z .

Cluster

<«— Chromatin remodeling —» < Regulon —» O





OEBPS/Images/fimmu-13-934494-g002.jpg
A

Raw PCA for combined expression profile Combat PCA for combined expression profile
GsE13213 2 oo ¢ o GSE13213
GsE2603 - Goezees
Gse29015 . o |~ osezsnts 25
Gseanzio o S csearzt0
il TCoA g = Tooa =
] 8 8
g g 5 S
2 o = 2
< > &
5 © » @ 25
° & o
£ = g 3
S ™ 8 -4
= o -5.0
g | S9N Cluster A
' ¢ N - -75: .
w w0 s ° © w0 1o 100 B ° % e 19 - s 50 55
Comp 1: 85.2% variance Comp 1: 8% variancs PC1( 16% variance )
C
Stage | 1111111110 L T T TV o l Stage
Relapse [T 3 Stage |
Smoke IIMMMNENIN (A0 N0 U RN LI 2 Stage Il
Gender Stage Ill
Agel I[N [TV I 0 RO 1 Stage IV
Cluster. 1 Unakgneo b
Al YNSRI P A 0 "
AXL |
BACH2 | | | (i | ‘ I [ | Wil _, Relapse
BNIP3 I HH’ I \ [l | o
AR 1 M M R L R
FLAR ||/ | | |
et SR MR R, TR Rl
| | | | | wex
FADD \ | 0 il - Smoke
GATA3 | | || | LR L ' [CWLIRLAC R - No
m'ﬁl 111 [ i ‘I 0l I ‘l‘ | Il (il -~ Yes
L F L JME (| HE wee
IDH2 | 1) i I‘ 1 I (A, - Unkngwn
ITPK1 WM [0 I ns
Gend
werol Il A | i LU e .
LEF1 [ | | Tt | I Male
MPG [ | | (I L * Female
MYCN | | . e
F”;’Eé} | 1 | ‘HI “L I ‘M ‘l‘ ' | I Age
| | ' =
SLC39A7 | | F | [ [l <=0
TERT \ | 1l | AR 4N I e 260
TLR3 [ [l | Il | 1 | I e Unknown
TNFRSF1B | |
TNFRSF21 | LT Cluster
TNFSF10 Jill | | A
TRAF2 Il l [ 1l | | e
TRIM11 | A Il | B
ZBP1 | 01 I ] e c
D E
TCGA cohort GEO cohort — Univariate Multivariate
10 Cluster 10 Cluster HR (95% CI) P-value FIR (95% CI) P-value
—A — A Age 0.003
— B — B <=60  Reference
> 08 - C 08 - C >60 1.400 (1.120-1.750) 0.003  1.478 (1.179-1.854) ~ <0.001
Gender 0071
S s 0.6 Male Reference
g Female 0.826 (0.671-1.016) 0.071 0.970 (0.782-1.203) 0779
= Stage <0.001
T o4 0.4 Stage!  Reference
g Stagell 2.173(1.693-2788) <0.001 2.080 (1.600-2.689) <0.001
2 02 Stage Il 3.364 (2552-4.436) <0.001 3317 (2512-4.381) <0.001
Stage IV 4.907 (3.004-8.016) <0.001 4.600 (2.800-7.557) <0.001
Cluster <0.001
0.0 0.0 c Reference
5 10 15 20 0 5 0 15 B 0.616 (0.485-0.782) <0.001 0.674 (0.529-0.860) 0.001
Time (year) Time (year) A 0.852 (0.639-1.135)  0.274  0.789 (0.591-1.054)  0.109






