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Ferroptosis-related genes (FRGs) have been identified as potential targets involved in oncogenesis and cancer therapeutic response. Nevertheless, the specific roles and underlying mechanisms of FRGs in GBM and temozolomide (TMZ) resistance remain unclear. Through comprehensive bioinformatics, we found that ferroptosis-related Fanconi anemia complementation group D2 (FANCD2) was significantly up-regulated in GBM tissues, and the high expression level of FANCD2 was related to the poor prognosis in primary and recurrent GBM patients. Furthermore, FANCD2 could promote TMZ resistance by attenuating ferroptosis in GBM cells. Knockdown of FANCD2 could increase reactive oxygen species (ROS) levels and inhibit cell survival. The two characteristics were associated with ferroptosis in TMZ-resistant GBM cells T98G-R and U118-R. The Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis indicated that aberrantly expressed FANCD2 was potentially linked with several cancer-associated signaling pathways, including chromosome segregation, DNA replication, and cell cycle transition. In addition, we demonstrated that FANCD2 expression was positively correlated with several tumor-infiltrating lymphocytes (TILs) and multiple immune-associated signatures in GBM. Therefore, up-regulated FANCD2 could protect GBM cells from ferroptosis and promote TMZ resistance. FANCD2 may be a novel therapeutic target in GBM.
Keywords: FANCD2, ferroptosis, temozolomide resistance, glioblastoma, immune microenvironment
INTRODUCTION
Glioblastoma (GBM) is one of the most aggressive and lethal tumors. The GBM patients have high recurrence with a median recurrent time of 6.9 months. In the past 30 years, few clinical outcomes of GBM have been improved. For GBM patients, the median survival time is 14.4 months, and the 5-year survival rate is 5.6% (Louis et al., 2021). Nowadays, the treatment strategies for GBM mainly include surgical resection, radiotherapy, and chemotherapy. The temozolomide (TMZ)-based chemotherapy represents a promising management paradigm for treating GBM patients. However, there are still great challenges to improving therapeutic effects due to the high rate of post-therapeutic TMZ resistance and poor prognosis (Yan et al., 2016; Hu et al., 2021). Emerging targeted therapies, such as immunotherapy, are recommended to treat GBM patients in clinical practice (Yan et al., 2020). Adding DCVax-L autologous dendritic cell vaccine into standard therapy can extend the survival time in newly-diagnosed GBM patients (Liau et al., 2018). Nevertheless, only a small minority of GBM patients can benefit from immunotherapy because of the heterogeneity of malignancy (Zhang et al., 2020). Consequently, exploring predictive biomarkers and potential therapeutic targets is imperative to improve outcomes for GBM patients.
Ferroptosis is an iron-dependent regulated cell death characterized by alterations of cellular iron homeostasis and excessive accumulation of lipid peroxides (Yan et al., 2021). Nowadays, increasing studies have identified that ferroptosis-associated modulators are implicated in tumor development and treatment. For instance, as a ferroptosis inducer, sorafenib exerts promising anti-tumor activities by inhibiting the P62-Keap1-Nrf2 signaling pathway in vitro and in vivo (Sun et al., 2016). In GBM, the inhibition of ferroptosis always contributes to the malignant characteristics and is closely related to poor prognosis. Activating ferroptosis can attenuate the immunosuppressive microenvironment and ameliorate the efficacy of immune checkpoint blockade (Liu et al., 2022). However, the specific effects and potential mechanisms of ferroptosis in GBM pathogenesis and therapeutic response remain unclear.
Fanconi anemia-associated gene, Fanconi anemia complementation group D2 (FANCD2), plays a key role in DNA inter-strand crosslinks repair upon stress. The FANCD2 inhibits ferroptosis-mediated damage by blocking iron accumulation and lipid peroxidation in bone marrow stromal cells (Song et al., 2016). In esophageal squamous cell carcinoma, depletion of FANCD2 protein suppresses cancer proliferation and metastasis by inhibiting cyclin-CDK and ATR/ATM signaling (Lei et al., 2020). Emerging evidence has indicated that FANCD2 inhibition can sensitize cancer cells to therapeutic agents. For instance, FANCD2 RNAi can enhance the sensitivity of lung cancer cell lines to cisplatin and oxaliplatin (Kachnic et al., 2010). The FANCD2 overexpression promotes the resistance to PARP inhibitors in BRCA1/2 deficient cancer cells (Kais et al., 2016). However, the roles of FANCD2 in prognosis, immune infiltration, and chemoresistance in GBM remain unclear.
In this study, we explored the detailed effects of FANCD2 in malignant biological behaviors of GBM. Subsequently, the relationship between FANCD2 expression and tumor-infiltrating lymphocytes (TILs) in GBM was also analyzed. We revealed that as a ferroptosis-related gene (FRG), FANCD2 influenced the progression and prognosis of GBM patients. Furthermore, silencing FANCD2 enhanced the TMZ sensitivity in GBM cells T98G-R and U118-R. These results have indicated that FANCD2 can be a biomarker for GBM prognosis and TMZ sensitivity. Furthermore, FANCD2 can regulate the immune response in GBM.
MATERIALS AND METHODS
Data Collection
We searched several GBM datasets from Gene Expression Omnibus (GEO) database using the followed inclusion criteria: (Louis et al., 2021): Cancer Type: GBM. (Yan et al., 2016). Analysis Type: cancer tissue vs normal brain tissue. Three GBM datasets from GEO were identified, such as GSE2223, GSE4290 and GSE15824 ((Bredel et al., 2005; Sun et al., 2006; Grzmil et al., 2011)). Then, the differential expressed genes (DEGs) between GBM tissues and normal brain tissues were screened out using the GEO2R tool (Table 1). The cut-off value was as follows: p-value < 0.01 and | logFC| > 1. Next, we searched and downloaded the FRGs in GBM from the FerrDb database (Zhou and Bao, 2020), and identified the overlapping genes among DEGs and FRGs through Venn analysis provided by Omicstudio (https://www.omicstudio.cn/tool/6).
TABLE 1 | The primary characteristics of three GEO datasets on gene expression profiling via microarray.
[image: Table 1]Bioinformatics Analyses
The prognostic values of overlapping genes in GBM patients were performed in the Chinese Glioma Genome Atlas (CGGA) (Zhao et al., 2021). The expression levels of FANCD2 in GBM were analyzed in the three GEO datasets and the TCGA_GTEx-GBMLGG dataset. Using the Xiantao bioinformatics toolbox (https://www.xiantao.love/products), we also explored the relationship between FANCD2 expression and patients’ clinical parameters, such as age, WHO grade, IDH status, and 1p/19q codeletion. Next, we utilized LinkedOmics (Vasaikar et al., 2019) to perform the enrichment analysis of gene ontology biological process (GO-BP) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways. The correlation of FANCD2 expression with several immune features in GBM patients was assessed using the TISIDB platform (Ru et al., 2019).
Cell Transfection
According to previous studies, two TMZ-resistant GBM cell lines (T98G-R and U118-R) were established and cultured (Yan et al., 2019; Lu et al., 2022). Small interfering RNAs (siRNAs) targeting FANCD2 were purchased from Genepharma (Suzhou, China). The sequences were as follows: siFANCD2-1 GTC​CTA​TAT​TCC​TAA​CTG​A and siFANCD2-2 GAC​CCA​AAC​TTC​CTA​TTG​A. Transfection was performed using Lipofectamine 3,000 reagent (Invitrogen, United States) according to the manufacturer’s protocol. After the indicated incubation times, the cells were harvested and subjected to protein extraction or other cellular experiments.
Western Blot
Protein extraction was performed according to a previous study (Zhu et al., 2021). Protein samples were separated by SDS-PAGE, transferred to polyvinylidene difluoride membrane, and hybridized with the antibodies specific to FANCD2 (28619-1-AP, Proteintech) and β-actin (8432, Santa Cruz). Protein bands were visualized in the Bio-Rad ChemiDoc XRS system (Berkeley) using the HRP substrate chemiluminescence reagent (Millipore, United States).
Cell Colony Formation
The colony formation assay was applied to analyze the cell survival. After 24 h of transfection, cells were re-inoculated in 6-well plates at a 1 × 103/well density. Then the cells were incubated at 37°C with 5% CO2 for about 15 days. The cells in 6-well plates were fixed with methanol for 20 min and stained with crystal violet for 15 min. Colonies were examined and calculated using ImageJ software (Schneider et al., 2012).
Measurement of Reactive Oxygen Species (ROS)
We used the peroxide-sensitive fluorescent probe DCFDA/H2DCFDA to detect the cellular ROS level. Cells were inoculated in six-well plates and treated with si-NC, si-FANCD2-1, si-FANCD2-2, and TMZ. The level of ROS was determined by a flow cytometer.
Statistical Analysis
SPSS 19.0 software was applied to perform statistical analysis. A p-value of less than 0.05 is statistically significant. All experiments in this study were conducted at least three times with mean ± standard deviations (SD). The student’s t-test was adopted to analyze the expression, ROS levels, and cell survival rates. The prognosis for GBM was analyzed with Kaplan-Meier analysis. Wilcoxon rank sum test or Kruskal–Wallis rank test was utilized to evaluate the relation between FANCD2 expression and clinicopathological variables. Furthermore, correlations between genes and immune cells were analyzed using Spearman’s correlation coefficient.
RESULTS
Identification of Differentially Expressed FRGs in GBM
The co-DEGs in GBM were identified from three GEO datasets (GSE2223, GSE4290, and GSE15824). As shown in Table 1, there are 650 up-regulated genes and 891 down-regulated genes identified in GSE2223, 1873 up-regulated genes and 1969 down-regulated genes identified in GSE4290, and 1770 up-regulated genes and 1708 down-regulated genes identified in GSE15824. The FRGs in GBM were downloaded from the FerrDb database. Additionally, we preliminary identified three up-regulated FRGs (FANCD2, EGFR, and SLC40A1) and two down-regulated FRGs (GABARAPL1 and TF) in GBM tissues through the Venn analysis (Figure 1A,B).
[image: Figure 1]FIGURE 1 | The co-differentially expressed FRGs in three GBM datasets (A) Three up-regulated FRGs (EGFR, FANCD2, and SLC40A1) in GBM datasets (B) Two downregulated FRGs (TF and GABARAPL1) in GBM datasets.
High Expression Level of FANCD2 Exhibits Poor Prognosis in GBM Patients
The roles of FANCD2, EGFR, SLC40A1, GABARAPL1, and TF in the patients’ prognosis were analyzed based on the CGGA database. In the mRNA_array_301 dataset, patients with high FANCD2 conferred a poor OS in primary glioma of all WHO grades (HR > 1, p < 0.0001), recurrent glioma of all WHO grades (HR > 1, p = 0.0016), primary glioma of WHO grade III (HR > 1, p = 0.00025), and recurrent glioma of WHO grade III (HR > 1, p = 0.01) (Figure 2A). However, Figure 2B–E show no significant correlation between the expression of EGFR, SLC40A1, GABARAPL1 or TF and prognosis in recurrent GBM patients (p > 0.05). The above results indicated that high expression of FANCD2 may play a key role in the tumorigenesis and therapeutic responses in GBM patients.
[image: Figure 2]FIGURE 2 | (Continued). Prognostic values of FANCD2, SLC40A1, EGFR, TF, and GABARAPL1 in GBM patients (A–E) CGGA database indicated the prognostic values of FANCD2, SLC40A1, EGFR, TF, and GABARAPL1 in patients with primary and recurrent glioma.
HIGH EXPRESSION LEVEL OF FANCD2 IN GBM CORRELATES WITH THE CLINICOPATHOLOGIC FEATURES
Compared with normal brain tissues, FANCD2 expression was significantly up-regulated in GBM tissues in the three GEO datasets (Figure 3A–C). The FANCD2 expression was also up-regulated in the TCGA_GTEx-GBMLGG dataset (Figure 3D,E). Furthermore, the differential expression of FANCD2 between GBM and its corresponding non-cancer tissues can be confirmed by GEPIA (Tang et al., 2017) (Figure 3F). Then, the relationships between FANCD2 expression level and patients’ clinical parameters were analyzed by exploring the TCGA database in the Xiantao bioinformatics toolbox (https://www.xiantao.love/products). Table 2 shows that FANCD2 expression is significantly correlated to the WHO grade (p < 0.001), IDH status (p < 0.001), and 1p/19q codeletion (p < 0.001).
[image: Figure 3]FIGURE 3 | The expression levels of FANCD2 in GBM tissues (A–C) Compared with normal brain tissues, FANCD2 expression was significantly increased in GBM tissues from three GEO datasets (D–E) The expression level of FANCD2 was up-regulated in the TCGA-GBMLGG cohort (F) GEPIA database indicated that FANCD2 expression was dramatically up-regulated in GBM.
TABLE 2 | Association between the patients’ clinical characteristics and FANCD2 expression levels in GBM patients.
[image: Table 2]Knockdown of FANCD2 Promote Ferroptosis and TMZ-Sensitivity in GBM Cells
Two TMZ-resistant GBM cell lines (T98G-R and U118-R) were used to explore the function of FANCD2 on TMZ resistance. siRNA mediated knockdown strategy was applied to inhibit the expression of FANCD2 in TMZ-resistant cells T98G-R and U118-R (Figure 4A). As a characteristic associated with ferroptosis, ROS accumulation was detected to investigate the roles of FANCD1 knockdown on ferroptosis regulation (Chen et al., 2020). The knockdown of FANCD2 could induce TMZ-induced ROS in T98G-R and U118-R cells (Figure 4B,C) and significantly inhibit the cell survival rate induced by the TMZ treatment (Figure 4D,E). These results demonstrate that high expression levels of FANCD2 may promote the TMZ-resistance by preventing ferroptosis in GBM cells.
[image: Figure 4]FIGURE 4 | FANCD2 knockdown sensitized GBM cells to TMZ and improved cellular ROS levels (A) Two GBM cells (T98G-R and U118-R) were transiently transfected with the FANCD2 siRNA. Cell lysates were then blotted with the indicated antibodies (B–C) Cellular ROS levels were up-regulated in FANCD2 knockdown cells (D–E) FANCD2 knockdown significantly inhibited the cell survival induced by the TMZ treatment. **p < 0.01.
FANCD2 Co-Expression Analysis in GBM
To better understand the biological significance of FANCD2 in GBM progression, the co-expression pattern of FNACD2 in the TCGA-GBM cohort was explored using LinkedOmics analysis. As shown in Figure 5A, 4534 genes (red dots) are positively correlated with FANCD2, and 4459 genes (green dots) are negatively correlated with FANCD2. Figure 5B,C show the heatmaps of the top 50 genes positively-related and negatively-related with FANCD2, respectively. In addition, we investigated the prognostic values of these co-expressed genes. As shown in Figure 5D, 54% (27 out of 50) positively-related genes (red boxes) have unfavorable hazard ratios, and 2% (1 of 50) negatively-related genes have protective hazard ratios, indicating that the co-expressed genes have attractive prognostic values for the GBM patients. The co-expressed genes of FANCD2 have been found to participate in several cancer-associated signaling pathways, such as signaling pathways of chromosome segregation, DNA replication, and cell cycle phase transition (Figure 5E). The KEGG pathway analysis also suggested that complement and coagulation cascades and the PPAR signaling pathway were the top enriched pathways regulated by FANCD2 co-expressed genes (Figure 5F).
[image: Figure 5]FIGURE 5 | The co-expression genes of FANCD2 in GBM (A) LinkedOmics database indicated the significantly correlated genes with FANCD2 in GBM (B–C) Heatmaps indicated the top 50 genes displaying positive and negative associations with FANCD2 in GBM (D) Survival heatmaps exhibited the prognostic values of the top 50 genes displaying positive and negative association with FANCD2 in GBM (E–F) GO and KEGG annotations of FANCD2 co-expression genes in GBM.
The Roles of FANCD2 in Tumor Immune Infiltrations
Many reports have demonstrated that ferroptosis may contribute to the immune response in GBM cells (Xu et al., 2022). We analyzed the potential function of FANCD2 in regulating the immune cell infiltration in the TCGA-GBMLGG cohort through Spearman correlation. The results showed that FANCD2 expression was positively correlated with T helper 2 (Th2) and T helper (Th) cells and negatively correlated with NK-CD56bright and follicular helper T cells (TFH) (Figure 6A–E). We further investigated the roles of FANCD2 in immune-associated signatures, such as immune-stimulators, immune-inhibitors, chemokines, and their receptors, in GBM pathogenesis. Figure 7A,B respectively show the top four negatively correlated immune stimulators (CD86, IL6R, TNFSF13, and TNFSF14) and the top four negatively correlated immune inhibitors (C10orf54, PDCD1LG2, CTLA4, and CD274). Figure 8A,B respectively show the top four negatively correlated chemokines (CCL2, CXCL5, CXCL14, and CXCL16) and the top four negatively correlated chemokine receptors (CCR1, CCR2, CCR5, and CX3CR1). These findings suggested that aberrantly expressed FANCD2 might regulate the immune microenvironment in GBM patients.
[image: Figure 6]FIGURE 6 | Correlation between FANCD2 expression and tumor-infiltrating lymphocytes in GBM (A) The association between FANCD2 expression and 24 types of immune cells in the TCGA database. Absolute values of Spearman r were measured by the size of round dots (B–E) The scatterplot showed the association between FANCD2 expression and the abundance of tumor-infiltrating lymphocytes, including Th2, Th, NK-CD56bright, and TFH cells.
[image: Figure 7]FIGURE 7 | Associations between FANCD2 expression and immunomodulators from the TISIDB database (A) The top four immune stimulators (CD86, IL6R, TNFSF13, and TNFSF14) negatively correlated with FANCD2 (B) The top four immune inhibitors (C10orf54, PDCD1LG2, CTLA4, and CD274) negatively correlated with FANCD2.
[image: Figure 8]FIGURE 8 | Associations between FANCD2 expression and chemokines-chemokines receptors from the TISIDB database (A) The top four chemokines (CCL2, CXCL5, CXCL14, and CXCL16) negatively correlated with FANCD2 (B) The top four receptors (CCR1, CCR2, CCR5, and CX3CR1) negatively correlated with FANCD2.
DISCUSSION
We explored novel biomarkers involved in ferroptosis and GBM progression by analyzing multiple bioinformatics platforms. Five overlapping genes were found among three GEO datasets and FRGs, including three up-regulated genes (EGFR, FANCD2, and SLC40A1) and two downregulated genes (TF and GABARAPL1). However, only FANCD2 showed potential prognostic values in GBM patients. Additionally, our findings showed that the up-regulated FACND2 was critical to GBM pathological progression and TMZ resistance.
Ferroptosis is a newly discovered regulated cell death characterized by aberrant lipid peroxidation and lethal ROS accumulation. Increasing evidence suggests that ferroptosis is important for inhibiting cancer cells, especially in drug-resistant tumor cells (Tang et al., 2021). A study in vitro indicates that quinacrine, a ferroptosis inducer, can impair the autophagic process and increase TMZ sensitivity by triggering ferroptosis in glioblastoma stem-like cells (GSCs) (Buccarelli et al., 2018). Erastin, another ferroptosis inducer, can enhance the sensitivity of TMZ by facilitating ferroptotic cell death in GBM cells (Sehm et al., 2016). In addition, the activity of system Xc-, a key regulatory target of ferroptosis, is markedly induced by TMZ via promoting Nrf2-dependent activation of transcription factor 4 (ATF4) in GBM cells (Chen et al., 2015). Studies mentioned above have demonstrated that ferroptosis can affect the development and treatment of GBM. However, the detailed roles of FRGs in GBM prognosis and TMZ resistance remain unclear. In this study, we firstly identified that ferroptosis suppressor FANCD2 may be a novel therapeutic and prognostic target in GBM. Furthermore, FANCD2, as a DNA damage response regulator, also regulates ferroptosis sensitivity by inhibiting iron accumulation and lipid peroxidation in an autophagy-independent manner ((Sumpter et al., 2016). The FANCD2 has crosstalk with RNA processing and extracellular vesicles to enhance cancer metastasis and drug resistance (Miao et al., 2022). In this study, FANCD2 was up-regulated in GBM and displayed poor prognosis values in patients. Knockdown of FANCD2 attenuated the TMZ resistance by up-regulating ROS level and ferroptosis.
Conventional therapy strategies for GBM include surgical resection, radiotherapy, and TMZ chemotherapy. However, the effects are unsatisfactory. Nowadays, immune checkpoint inhibitors, as the most promising strategies in immunotherapy, play a key role in the field of anti-tumor. It is essential to discover more immune checkpoint targets and develop their roles in anti-tumor research (Ribas and Wolchok, 2018). Immunosuppressive microenvironment and programmed cell death participate in the immunotherapeutic resistance. Liu et al. reported that ferroptosis inducer could combine with immune checkpoint blockade to generate a synergistic therapeutic outcome in GBM murine models (Liu et al., 2022). In this study, we assessed the underlying roles of FANCD2 in the immune response of GBM patients and found that aberrant FANCD2 might regulate multiple immune-associated signatures in GBM pathogenesis, such as immune-stimulators, immune-inhibitors, chemokines, and their receptors.
Furthermore, T helper 1 (Th1) and Th2 cells are the main Th cells involved in anti-tumor immunity. The Th1 exhibits prominent antitumoral activity by activating cytotoxic CD8+ T cells and macrophages. The process is linked to tumor regression. The roles of Th2 in cancer immunity are controversial (García de Durango et al., 2021). On the one hand, Th2 cells secrete the inhibitory cytokines to block the differentiation and effector functions of T cells, and promote tumor recurrent (Shimato et al., 2012). On the other hand, Th2-related cytokines can exhibit antitumoral activity by recruiting eosinophils in the tumor environment (Ellis and Riley, 2020). The TFH cells can help B cells with potent antibody responses. In tumor tissues, high levels of TFH cells are often related to favorable outcomes in cancer patients (Baumjohann and Brossart, 2021). Here, we demonstrated that in microenvironments, FANCD2 expression was positively correlated with several TILs, such as Th2, Th, and TFH cells. The FANCD2, associated with various immune regulators, may play a key role in GBM microenvironments and potentially function as an immunotherapeutic target.
Nevertheless, this paper still has some limitations. First, the specific molecular mechanisms of the effects of FANCD2 on TMZ resistance in GBM has not been explored in this paper. Secondly, we need to research the effects of FANCD2 knockdown on survival in animal models. Third, more potential signal molecules containing immune microenvironment involved in GBM progression and TMZ resistance require further investigation. Fourth, ferroptosis-related regulated molecules could be further identified in further study.
CONCLUSION
This study has verified that FANCD2, an FRG, is significantly up-regulated in GBM and displays poor prognostic values. The FANCD2 knockdown can sensitize GBM cells to the TMZ treatment, significantly increase cellular ROS levels, and inhibit cell survival rates. Therefore, it is concluded that ferroptosis suppressor FANCD2 may be a promising prognostic and therapeutic target for GBM patients.
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The transcription factor nuclear factor erythroid 2-related factor 2 (NRF2) and its negative regulator kelch-like ECH-associated protein 1 (KEAP1) regulate various genes involved in redox homeostasis, which protects cells from stress conditions such as reactive oxygen species and therefore exerts beneficial effects on suppression of carcinogenesis. In addition to their pivotal role in cellular physiology, accumulating innovative studies indicated that NRF2/KEAP1-governed pathways may conversely be oncogenic and cause therapy resistance, which was profoundly modulated by epigenetic mechanism. Therefore, targeting epigenetic regulation in NRF2/KEAP1 signaling is a potential strategy for cancer treatment. In this paper, the current knowledge on the role of NRF2/KEAP1 signaling in cancer oxidative stress is presented, with a focus on how epigenetic modifications might influence cancer initiation and progression. Furthermore, the prospect that epigenetic changes may be used as therapeutic targets for tumor treatment is also investigated.
Keywords: NRF2, KEAP1, oxidative stress, DNA methylation, histone acetylation, ncRNA, SFN
1 INTRODUCTION
Living organisms are constantly exposed to oxidative stress which is considered as one of the most ubiquitous and significant causes of tumors, and thus have developed an adaptive defense machinery against reactive oxygen species (ROS) to maintain the redox homeostasis at the cellular levels (Suzuki and Yamamoto, 2015). In general, ROS is a collective term that refers to a heterogeneous group of oxygen containing chemically reactive radicals including superoxide (O2-), hydroxyl (OH−) and hydrogen peroxide (H2O2), which are unavoidable during cellular aerobic metabolism (D'Autréaux and Toledano, 2007). Contingent upon concentration, ROS are known to exert both beneficial and deleterious effects in cells. At low levels, ROS act as secondary messengers, which are essential for cell survival and various important signal transduction events including nuclear factor-κB (NF-κB) pathway, mitogen-activated protein kinase (MAPK) pathway and activation of p53 (Storz, 2005). On the contrary, elevated generation of intrinsic ROS and/or excessive exposure to extrinsic sources of ROS (for instance, arsenics, nitroaromatics, quinones, X-rays and UV rays) can induce oxidative stress and lead to macromolecules damage, which may be associated with tumorigenesis and cancer progression (Castaldo et al., 2016; He and Jiang, 2016; Kumari et al., 2018). However, the roles of ROS in cancer remains contradictory, varying from distinct cancer types and stages (Schumacker, 2006). Central to the regulation of redox balance is the transcription factor nuclear factor erythroid 2-related factor 2 (NRF2) and its negative regulator kelch-like ECH-associated protein 1 (KEAP1). Under oxidative stress, the interaction between NRF2 and KEAP1 promotes the expression of several antioxidant genes. Thus, activating NRF2/KEAP1 signaling to protect cells from ROS has been widely acknowledged as a promising therapeutic strategy to alter redox equilibration of ROS-related chronic diseases, including cancer (Jeong et al., 2006). Though the roles of NRF2/KEAP1 signaling in other oxidative damage-related diseases including cardiovascular disease, diabetes and neurodegenerative diseases are purely protective, accumulating innovative studies point to a pivotal role for activated NRF2/KEAP1 signaling in promoting cancer progression, metastasis, and resistance to chemo- and radiotherapy, which is essentially arose from the dual nature of ROS in tumor biology (Padmanabhan et al., 2006; Sporn and Liby, 2012; Wang et al., 2016a; Tao et al., 2018). Therefore, activation of NRF2/KEAP1 signaling may lead to distinct even opposite outcomes in cancer and therapeutic strategies targeting this pathway must be cautiously assessed according to the context.
Aberrant NRF2/KEAP1 signaling is correlated with cancer initiation and progression. However, somatic mutations of NRF2 and KEAP1 only occurred in small portion of tumor samples and varied from different clinicopathologic characteristics (Singh et al., 2006; Solis et al., 2010). Thus, alternative mechanisms, other than regulation at DNA level, must govern the NRF2/KEAP1 signaling pathway. Apart from genetic dysregulation, disruption of epigenetic modifications in various signaling pathways can lead to carcinogenesis as well (Zhang et al., 2021; Zhang et al., 2022). Epigenetic changes, namely DNA methylation, histone modifications (methylation, acetylation and phosphorylation) and non-coding RNA (ncRNA) regulation, are covalent and reversible modifications to DNA, histones or mRNA without altering the DNA sequence (Campbell and Tummino, 2014). Intriguingly, it has been reported that epigenetic mechanisms profoundly influence oxidative stress responses through NRF2/KEAP1 signaling and further play an essential role in cancer. For instance, KEAP1 with abnormal promoter methylation contributes to breast tumorigenesis (Barbano et al., 2013a). In addition, histone modifications and ncRNA regulation also occur in NRF2/KEAP1 signaling, resulting in altered expression of target genes (Guo et al., 2015a). In brief, intricate interactions exist between epigenetic alterations and NRF2/KEAP1 signaling, thus selective epigenetic therapeutics targeting NRF2/KEAP1 signaling based on a deeper understanding of contextual and temporal control of NRF2-mediated effects will benefit the development of novel tumor treatments.
Here, we present current advances in respect to the role of NRF2/KEAP1 signaling in cancer oxidative stress, with a particular emphasis on how this pathway can be regulated by epigenetic mechanisms to affect cancer initiation and progression. In addition, the possibility that epigenetic alterations may be potential therapeutic targets for tumor therapy is explored as well.
2 NRF2/KEAP1 SIGNALING AND ITS ROLE IN CANCER OXIDATIVE STRESS
2.1 The Molecular Structure of NRF2/KEAP1
NRF2 is the genetic product of the NFE2L2 gene, which is located on frequent copy number-gained region of chromosome 2q31.2 and can be genetically altered by copy number amplifications (CNA), promoter demethylation, somatic mutations in ETGE or DLG motifs required for KEAP1 combination, or oncogene-regulated transcription of NRF2 including KRASG12D, BRAFV600E and cMYCERT2, reflecting the universal instabilities of genome inherent to distinct tumors (Cancer Genome Atlas Research, 2012; Imielinski et al., 2012; Berger et al., 2017; Campbell et al., 2016). At the protein level, human NRF2 transcription factor contains 605 amino acids and is composed by seven conserved NRF2-ECH homology (Neh) domains, namely Neh 1–7 with various functions (Higgins and Hayes, 2011) (Figure 1A). Neh 1 contains the Cap-n-Collar (CNC) and basic leucine-zipper (bZIP) domains allowing the binding of NRF2 to small muscle aponeurosis fibromatosis (sMAF) proteins and antioxidant response elements (ARE) (Itoh et al., 1995; McMahon et al., 2006). Neh 2 is the prime regulatory domain located at the N-terminus region (NTR) of NRF2, mediating the KEAP1-dependent degradation of NRF2 through the ETGE and DLG motifs (Itoh et al., 1999). Neh 3–5 are transactivation domains. In greater detail, Neh 3 is located at the C-terminus region (CTR) responsible for promoting NRF2 transcription through interaction with chromo-ATPase/helicase DNA binding protein 6 (CHD6) (Nioi et al., 2005). Both Neh 4 and Neh 5 are essential for NRF2 binding to other transcriptional coactivators, such as mediator complex subunit 16 (MED16), HMG-CoA reductase degradation one homolog (HRD1), receptor-associated coactivator (RAC), brahma-related gene 1 (BRG1) and CREB binding protein (CBP) (Katoh et al., 2001; Zhang et al., 2007; Kim et al., 2013; Wu et al., 2014; Sekine et al., 2016). Neh 6 is a serine-rich domain containing DSAPGS and DSGIS motifs which regulate NRF2 stability. Serine phosphorylation mediated by glycogen synthase kinase 3-beta (GSK-3β) within the DSGIS motif promotes beta-transducin repeat-containing protein (β-TrCP) recognition which leads to NRF2 degradation (Rada et al., 2011; Chowdhry et al., 2013). Neh 7 domain is demonstrated to negatively regulate NRF2 target genes expression through interaction with the retinoic acid receptor X receptor α (RAR α) (Wang et al., 2013).
[image: Figure 1]FIGURE 1 | Domain structure and function relationship of NRF2 and KEAP1. (A) Schematic representation of NRF2 structure. NRF2-interacting molecules are shown in dash line boxes and placed above their interacting domains. (B) Schematic representation of KEAP1 structure. Neh, NRF2-ECH homology; KEAP1, kelch-like ECH-associated protein 1; MED16, mediator complex subunit 16; HRD1: HMG-CoA reductase degradation 1 homolog; RAC, receptor-associated coactivator; BRG1, brahma-related gene 1; CBP, CREB binding protein; RAR α, retinoic acid receptor X receptor α; GSK-3β, glycogen synthase kinase 3-beta; β-TrCP, beta-transducin repeat-containing protein; sMAF, small muscle aponeurosis fibromatosis; ARE, antioxidant response elements; CHD6, chromo-ATPase/helicase DNA binding protein 6; NTR, N-terminus region, BTB, Broad complex/Tramtrack/Bric-a-brac; CUL3, Cullin 3; IVR, intervening region; DGR, double glycine repeat; NRF2, nuclear factor erythroid 2-related factor 2; CTR, C-terminus region.
KEAP1 is a negative regulator of NRF2, acting as an adaptor protein of the Cullin 3 (CUL3) ubiquitin ligase to promote the ubiquitination and subsequent degradation of NRF2 in the proteasomes (Komatsu et al., 2010; Cullinan et al., 2004; Furukawa and Xiong, 2005). KEAP1 contains five distinct domains, including an NTR, a Broad complex/Tramtrack/Bric-a-brac (BTB) domain, an intervening region (IVR), a double glycine repeat (DGR) domain and a CTR (Figure 1B). Among them, the BTB domain is critical for its interaction with CUL3 E3 ubiquitin ligase complex and maintaining KEAP1 dimerization (Furukawa and Xiong, 2005; Ogura et al., 2010). The IVR contains a conserved nuclear export signal (NES) that is implicated in the control of KEAP1 cytoplasmic translocation (Velichkova and Hasson, 2005). Besides, the majority of highly reactive cysteine residues are located at IVR as well, including Cys226, Cys273, Cys288 and Cys297, which are susceptible to modification by oxidants, reactive nitrogen species (RNS) and hydrogen sulfide (H2S) resulting in the altered affinity of KEAP1 for NRF2 and eventually NRF2 stabilization or degradation (Dinkova-Kostova et al., 2002; Zhang and Hannink, 2003; Velichkova and Hasson, 2005; Moldogazieva et al., 2018). The DGR domain is composed by six Kelch repeats that are essential for interaction between ETGE/DLG motifs of NRF2 and KEAP1 (Hayes and McMahon, 2009; Komatsu et al., 2010).
2.2 The Role of NRF2/KEAP1 Signaling in Antioxidant Defense
Oxidative stress is defined as an imbalance between the elevated ROS generation and antioxidant defense mechanisms. At moderately increased levels, ROS may function as a secondary messenger and control various biological events (Murphy et al., 2011), while excessive generation of ROS has been linked to tissue injury and DNA damage related to neoplastic transformation, maintenance of oncogenic phenotype, cancer cell survival and tumor progression, which emphasize the critical role of precisely regulated redox homeostasis (Khandrika et al., 2009; Idelchik et al., 2017). However, aberrant redox balance is observed in cancer cells. Relative excess of ROS is pro-tumorigenic but cytotoxic at the same time, which indicates that tumor cells adapt to optimize ROS-driven proliferation and avoid senescence, apoptosis or ferroptosis as well through increasing their antioxidant status (Redza-Dutordoir and Averill-Bates, 2016; Reczek et al., 2017; Dodson et al., 2019).
Therefore, the involvement of antioxidant response as an atypical context-dependent driver of tumorigenesis is gaining attention. NRF2 is a master regulator of the cellular antioxidant response through inducing the transcription of a wide range of antioxidant genes (Itoh et al., 1997; McMahon et al., 2001; Hayes et al., 2010). Under normal conditions, KEAP1 are kept binding to Neh 2 domain (ETGE and DLG motifs) of NRF2, which drive NRF2 to CUL3 ubiquitin ligase for subsequent proteasomal degradation, resulting in consistent transcriptional inactivation of NRF2 (Itoh et al., 1999; Nguyen et al., 2003; Tebay et al., 2015). As a cysteine-rich protein that is susceptible to be modified by various electrophilic compounds and oxidant, KEAP1 is an excellent sensor for oxidative stress (Dinkova-Kostova et al., 2002; McMahon et al., 2010). After oxidation of the corresponding cysteine thiols, Cys288 of KEAP1 was found to diminish NRF2 activity, whereas Cys151 was showed to facilitate NRF2 activity (Yamamoto et al., 2008; He and Ma, 2010). Similarly, modification of highly reactive cysteine residues (Cys119 and Cys235) of NRF2 hinder KEAP1 recognition and binding (He and Ma, 2009). Cysteine modifications alter the conformation of KEAP1 and/or NRF2, disrupting the relatively low-affinity interaction between DLG motif and KEAP1, while the association between ETGE motif and KEAP1 remains intact (Tong et al., 2006; Tong et al., 2007). Consequently, the switch from two-site to one-site binding under cellular oxidative stress leads to NRF2 escape from ubiquitination and degradation. Subsequently, NRF2 translocates to the nucleus, where it forms a heterodimer with sMAF protein and binds to ARE cis-regulatory sequences to trigger the transcription of target genes (Zhang, 2006). NRF2 downstream genes are mainly involved in intracellular redox-balancing, including sulfiredoxin 1 (SRXN1), peroxiredoxin 1 (PRDX1), thioredoxin reductase (TXNR), thioredoxin 1 (TXN1), glutathione peroxidase (GPx) and glutamate cysteine ligases (GCLC, GCLM), which maintain cellular thioredoxin and glutathione (GSH) levels and reduce ROS levels (Suzuki et al., 2013; Hayes and Dinkova-Kostova, 2014). In specific, NRF2 maintains the proper intracellular reduced GSH/oxidized GSH ratio by regulating the expression of GCLC/GCLM to control GSH synthesis and reduction (Higgins et al., 2009). In addition, NRF2 also controls the pentose phosphate shunt to regulate nicotinamide adenine dinucleotide phosphate (NADPH) availability, which is essential for the reduction of oxidized GSH (Lee et al., 2019; Zhang et al., 2019). Beside the regulation of GSH levels, detoxification of oxidized thiols, peroxide radicals and H2O2 is under the control of NRF2 as well through fine-tuned expression of GPx2, TXN1 and SRXN1 (Thimmulappa et al., 2002). Heme oxygenase 1 (HMOX1) is another NRF2-regulated cytoprotective enzyme, which catalyze the breakdown of catalase and heme molecules, resulting in the reduction of H2O2 (Alam et al., 1999).
Though NRF2 has traditionally been regarded as a tumor suppressor due to its cytoprotective role in oxidative stress, increasing evidence demonstrate that NRF2 activation in cancer creates an environment which favors the survival not only of normal cells but also of tumor cells. Several research have revealed that NRF2-related pathways are involved in chemotherapeutic drugs detoxification. Multiple drug metabolic enzymes, including UDP glucuronosyltransferase, aldehyde dehydrogenase and NAD(P)H: quinone reductase (NQO1), are missing in NRF2-deficient mice which results in lower drug detoxification and increased apoptosis, implying that NRF2 is significant for drug metabolism (Aleksunes and Klaassen, 2012; Bai et al., 2016). Importantly, advanced-stage lung cancer cell lines overexpress NQO1. As a transcriptional target of NRF2, upregulated NQO1 can be attenuated by NRF2 blockade to sensitize lung cancer cells to several conventional chemotherapeutic drugs including etoposide, doxorubicin and cisplatin (Wang et al., 2008a). Furthermore, ATP-binding cassette transporters that govern the elimination of chemotherapeutic drugs in cancer cells are regulated by NRF2 as well, conferring the chemoresistance phenotype on tumor (Singh et al., 2010). To conclude, NRF2 is correlated with reduced apoptosis in cancer cells that are exposed to chemotherapeutic agents. In addition to chemoresistance, NRF2 activity is found to be associated with cancer metastasis. As mentioned above, NRF2-regualted cytoprotective enzyme HMOX1 is critical for heme catabolism. Lignitto et al. (2019) discovered that HMOX1 and the cellular heme level modulated the transcription factors BTB and CNC homology 1 (BACH1), which dictated lung cancer metastasis. Besides, NRF2 also can activate a metastatic program through the RhoA/ROCK pathway in breast cancer (Zhang et al., 2016a). In brief, their study demonstrated that NRF2 are involved in promoting cancer metastasis through multiple mechanisms. Therefore, the boundaries between NRF2 negative and positive effects should be cautiously defined in terms of cancer types and stages (Menegon et al., 2016).
3 EPIGENETIC REGULATION OF NRF2/KEAP1 SIGNALING IN CANCER
DNA can substantially encode all the biological information an organism needed. Apart from this structure, epigenetic regulation of gene expression also plays a critical role in cell differentiation and mammalian development (Iacobuzio-Donahue, 2009; Wainwright and Scaffidi, 2017). The mechanism of epigenetic modification is the molecular biological process that affects cell behavior through alterations in gene expression without modifying DNA sequences (Yen et al., 2016). Recent research about the correlation between carcinogenesis and epigenetic change suggested that cancer can be induced by abnormal epigenetic alterations in genome sequences at multiple stages (Guo et al., 2015b).
A great deal of previous research into the NRF2/KEAP1 signaling focuses on the dual roles of NRF2 in cancer (Menegon et al., 2016; Sun et al., 2017; Schmidlin et al., 2021). As mentioned above, NRF2/KEAP1 signaling commonly acts as cellular defensive machinery under oxidative stress, which is a vital factor correlated with neoplastic diseases (Sporn and Liby, 2012; Rojo de la Vega et al., 2018). Epigenetic modification has been a crucial mechanism for regulating the NRF2/KEAP1 signaling pathway under oxidative stress, including DNA methylation, histone acetylation and ncRNAs (Bhat et al., 2018; Wei et al., 2019). The following paragraph aims to outline the mechanism of NRF2/KEAP1 epigenetic modifications in cancer (Table 1).
TABLE 1 | Epigenetic modification and potential targets of NRF2/KEAP1 signaling.
[image: Table 1]3.1 DNA Methylation
DNA methylation, the most representative chemical modification in the epigenome, usually occurs in a cytosine-guanine dinucleotide (CpG) site through covalent addition of a methyl group at the 5-carbon position of the cytosine base to form 5-methylcytosine (5mC) (Skvortsova et al., 2019; Wang et al., 2021). These CpG sites are not distributed randomly across the human genome, conversely, concentrated in so-called CpG islands situated in gene promoter regions or non-transcribed regions with large repetitive sequences (Erdmann et al., 2016). CpG islands methylation can turn off tumor suppressor genes, which is related to deregulation of the transcriptome and cellular pathways (Choi et al., 2017). Additionally, the overall DNA methylation modification can be iconically compared to three processes: writing, reading and erasing (Wang et al., 2021) (Figure 2A).
[image: Figure 2]FIGURE 2 | The mechanism of DNA methylation and histone modifications. (A) DNA can be epigenetically modified by DNMT-based methylation. DNMTs are involved in catalyzing a methyl group to CpG dinucleotides, thus representing writers in epigenetic modifications. MBPs serve as readers to recognize and bind to the methylated CpG sites. TET proteins function as erasers to remove the epigenetic label of 5mC. (B) Nucleosomes comprise eight histone proteins including two copies of H2A, H2B, H3 and H4. Histone acetylation is maintained by the coordination of HATs and HDACs, which acetylate or deacetylate the lysine residues respectively in the N-terminal tails of histones protruding from the octamer. Histone lysine methylation is regulated by HMTs and HDMs, which transfer or remove highly processive methyl addition to the lysine. TET, ten-eleven translocation; DNMT, DNA methyltransferase; MBP, methyl-CpG binding protein; Me, methyl group; HAT, histone acetyltransferase; HDAC, histone deacetylase; HMT, histone methyltransferase; HDM, histone demethylase; K, lysine residue; AC, acetyl group.
3.1.1 The Writing Process in DNA Methylation Pattern
DNA methylation is routinely mediated by DNA methyltransferases (DNMTs), a class of enzymes involved in delivering a methyl group from S-adenosyl methionine (SAM) to the 5-carbon position of cytosine ring to propel the DNA methylation process, thus representing “writers” in epigenetic modifications (Toh et al., 2017). The target cytosine gets off the DNA double-helical structure and binds to the active site of DNMT. Then the thiolate in the cysteine residue of DNMT functions as a strong nucleophile, attacking the 6-carbon atom in the pyrimidine ring of cytosine to construct a covalent bond between the thiolate atom and the 6-carbon atom. Subsequently, the sulfonium methyl of the cofactor SAM transfers to the 5-carbon of the cytosine ring. Afterwards, β-elimination takes place between the 5-carbon and 6-carbon bond to dislodge DNMTs from the methylated cytosine (Erdmann et al., 2016; Poh et al., 2016).
To date, four active enzymes have been identified as significant members of the DNMT family: DNMT1, DNMT3a, DNMT3b and DNMT3L. Among all, DNMT1 is involved in the maintenance of the global DNA methylation pattern by duplicating DNA methylation to newly biosynthesized DNA, predominantly targeting hemimethylated DNA during S phase (Medina-Franco et al., 2015; Köhler and Rodríguez-Paredes, 2020). DNMT3a and DNMT3b function as de novo DNA methyltransferases to catalyze the methylation of unmethylated genomic regions with the help of DNMT3L (Schmitz et al., 2019). In mammals, DNMT3a and DNMT3b initially establish the methylation pattern during embryonic development (Zocher et al., 2021). Specifically, DNMT3L can activate the enzymatic activity of DNMT3a/DNMT3b and gradually enlarge the methylation pattern on DNA sequences (Agrawal et al., 2018). Furthermore, many chemopreventive chemicals targeting DNMT have been found and will be discussed in section 4.1.
3.1.2 The Reading Process in DNA Methylation Pattern
The methyl-CpG binding proteins (MBPs), which serve as “readers” to recognize and bind to the methylated CpGs sites, subsequently coordinating the crosstalk among DNA methylation, histone acetylation and chromatin remodeling to activate downstream regulatory elements (Zafon et al., 2019). So far, three MBP families have been identified, including the methyl binding domain (MBD) family, the zinc finger/Kaiso family, and the SET and RING associated (SRA) domain family (Bartels et al., 2011; Jobe and Zhao, 2017).
3.1.3 The Erasing Process in DNA Methylation Pattern
The ten-eleven translocation (TET) family proteins are regarded as demethylases which include three family members: TET1, TET2 and TET3. The TET proteins sequentially oxidize 5mC into 5-hydroxymethylcytosine (5hmC), 5-formylcytosine (5fC) and 5-carboxylcytosine (5caC), then ultimately reverse it to an unmethylated cytosine residue. Therefore, they function as “erasers” to remove the epigenetic label of 5mC (Cheng et al., 2016; Morgan et al., 2018). TET-mediated demethylation is triggered by passive and active mechanisms, namely the DNA replication-dependent passive pathway and the thymine DNA glycosylase (TDG)-initiated base excision repair (BER) active pathway (Wu and Zhang, 2017).
When DNMT1 fails to methylate the newly synthesized DNA sequence, the deposition of 5hmC may activate a passive mechanism by inhibiting the enzymatic activity of DNMT1 and thus impede DNMT1-mediated methylation process (Ji et al., 2014). In addition, the active DNA demethylation refers to an enzymatic process in which 5mC and other derivatives are oxidized through TDG-initiated BER pathway by TET proteins in the local genome. Specifically, TDG is a DNA mismatch repair enzyme that recognizes and excises the oxidized cytosine base of 5fC and 5caC, which leaves an abasic site for BER and eventually results in DNA demethylation (Rasmussen and Helin, 2016). Compared to the passive pathway, the active pathway is more rapid and may cause DNA damage and genomic instability (Wu and Zhang, 2017).
3.2 Histone Modifications
In addition to DNA methylation, histone modifications including acetylation and methylation can regulate gene expression by influencing chromatin structure. The nucleosome, the basic subunit of chromatin, encompasses eight histone proteins with two copies each of H2A, H2B, H3 and H4, whose lysine residues in the N-terminal tails of histones protruding from the octamer contain sites for post-translational modifications (PTMs). They can either be acetylated or methylated by histone acetyltransferases (HATs) or histone methyltransferases (HMTs), as well as deacetylated or demethylated by histone deacetylases (HDACs) or histone demethylases (HDMs) (Li et al., 2016; Shah, 2019) (Figure 2B). Here, we review two pivotal histone modifications in NRF2/KEAP1 signaling pathway.
3.2.1 Histone Acetylation
There is compelling evidence that acetylation process plays an essential role in the epigenetic regulation of chromatin structure and gene transcription. HAT acetylates histones by adding acetyl groups to lysine residues in the lysine-rich N-terminal tails, which causes nucleosome relaxation and gives DNA access to the transcriptional protein complex (Meeran et al., 2010). Conversely, the deacetylation is catalyzed by HDACs and the overexpression of HDACs is closely correlated with transcriptional repression of tumor suppressor genes, leading to dysregulation of cell cycle, proliferation, differentiation and apoptosis in malignancies (Kaufman-Szymczyk et al., 2015; Su et al., 2018a; Luan et al., 2019). To date, 18 mammalian HDACs have been identified and preliminarily classified into four classes based on their sequence homologies and catalytic mechanism (Yoon and Eom, 2016; Yoon et al., 2019): 1) class I (HDAC1-3 and 8); 2) class II (HDAC4-7, 9 and 10); 3) class III (Sirt1-7); 4) class IV (HDAC11). Class II HDAC is further divided into two subgroups including class IIa (HDAC4, 5, 7 and 9) and class IIb (HDAC6 and 10) (Hull et al., 2016). HDACs are regarded to be overexpressed in cancer cells, which is correlated with poor clinical outcomes in various cancers, such as gastric (Calcagno et al., 2019), colon (Kim et al., 2019) and breast cancer (Guo et al., 2018). In cell-free biochemical assay, HDAC1-3 and 6 are more sensitive to enzyme substrates with peptides containing simple acetyl-lysine than other isoforms, thus will be discussed below (Ho et al., 2020).
HDAC1 and HDAC2 are regarded as core HDACs in that they directly impact gene transcription and exist in virtually all species (Kelly and Cowley, 2013). In addition to histone proteins, they also deacetylate crucial non-histone proteins involved in transcriptional regulation (Adler and Schmauss, 2016; Liu et al., 2019). For instance, excessive deacetylation of tumor suppressor protein p53 suppresses its influences on cellular activities such as cell cycle arrest, apoptosis and even autophagic regulatory (Mrakovcic et al., 2019). Similarly, HDAC3 is also omnipresently expressed and involved in histone deacetylation. The difference lies in the C-terminal tails, where HDAC3 binds to the nuclear NCoR/SMRT complexes and therefore acquires the catalytic function (Emmett and Lazar, 2019). A variety of studies have shown that class I HDACs inhibit ARE-dependent gene expression. Specifically, NF-κB subunit p65 antagonizes NRF2-ARE pathway via depriving NRF2 of CREB binding protein (CBP), a member of HAT, and recruiting HDAC3 to the ARE element, hence mediating the necrotic cell death in response to oxidative stress (Guo et al., 2020). On the other hand, HDAC3 also regulates KEAP1/NRF2 in tumor cells through modulating the expression of miR-200a as well (Zhao et al., 2019).
Unlike other zinc-dependent type II HDACs, HDAC6 is primarily localized in the cytoplasm, thus its biological functions are more related to the acetylation of non-histone proteins such as α-tubulin, HSP90 and cortactin with two functional catalytic domains (DD1 and DD2) and a C-terminal ubiquitin-binding zinc finger domain (ZnF-UBP domain), which regulates ubiquitination-mediated degradation (Ho et al., 2020; Liu et al., 2021). According to recent research, DD1 and DD2 are responsible for the deacetylation of substrates bearing acetyl-lysine at C-terminus residues or peptides with internal acetyl-lysine residues, respectively (Li et al., 2018a; Kutil et al., 2019). Marc Kästle et al. (Kästle et al., 2012) reported that HDAC6 participates in preventing cellular damage through proteasome inhibition. During the accumulation of ubiquitinated proteins, HDAC6 deacetylates p38 properly and facilitates the subsequent phosphorylation of p38, leading to the activation of NRF2 and the induction of anti-inflammatory protein HO-1 transcription.
3.2.2 Histone Methylation
The methylation or demethylation of histones occurs by adding or removing various methyl groups on the basic amino acids lysine and arginine. Similar to DNA methylation, histone methylation also uses SAM as the methyl group donor with the help of HMT (Kim et al., 2017). Depending on the residue methylated loci and degree, histone methylation leads to either gene activation or repression (Hyun et al., 2017; Gong and Miller, 2019). For example, the lysine methyltransferase EZH2 catalyzes the trimethylation of histone H3 lysine 27 (H3K27me3), and lysine methyltransferase 7 (SetD7) targets histone H3 lysine 4 (H3K4). It is reported that EZH2 downregulation in lung cancer leads to the reduction of H3K27me3 at NRF2 promoter area and increases NRF2 transcription eventually (Li et al., 2014), whereas SetD7 can activate the antioxidant NRF2/KEAP1 pathway by elevating H3K4 methylation in prostate cancer cells (Wang et al., 2018a).
3.3 Regulation of ncRNAs
The ncRNA network is established by microRNAs (miRNAs), long noncoding RNAs (lncRNAs) and circular RNAs (circRNAs), modulating a myriad of cellular mechanisms related to cancer initiation and progression at transcriptional and post-transcriptional levels (Fabrizio et al., 2018; Yu et al., 2021). Particularly, tremendous progress has been made in various tumor treatments using nanoparticle-conjugated miRNA mimetics (Rupaimoole and Slack, 2017). Therefore, we will focus on the regulation mechanism of miRNA in the following section. MiRNA, an important class of short ncRNA molecules that regulates gene expression at the post-transcriptional level by binding to the 3′-untranslated region (3′-UTR) of specific mRNA, negatively regulates the KEAP1/NRF2 pathway through inhibiting specific mRNA translation or inducing mRNA degradation by sequence complementarity (Fabrizio et al., 2018). Most miRNA synthesis is carried out through the canonical pathway (Figure 3). In this respect, miRNA genes are initially transcribed to primary miRNAs (pri-miRNAs) aided by RNA polymerase II (Amirkhah et al., 2019). Pri-miRNAs contain some stem-loop structures with a poly-A tail at the 3′end and a cap at the 5′end. It is then converted to precursor miRNAs (pre-miRNAs) in the nucleus by an enzymatic complex containing RNAse III Drosha and the double-strand binding protein DGCR8 (Yang et al., 2020a). Subsequently, it is exported to the cytoplasm via nuclear receptor Exportin-5 and finally cleaved into small double-stranded RNAs (dsRNAs) by Dicer/TRBP complex, which can be separated into guide strand and passenger strand (Saliminejad et al., 2019; Treiber et al., 2019). After the cleavage of passenger strand, the remanent guide strand then binds to argonaute protein (Ago) and generates the RNA-induced silencing complex (RISC), which specifically binds to the 3′-UTR of the target mRNA through complementary base pairing. Judging by the degree of complementarity between the sequences of the miRNA and the target mRNA, this leads to either inhibited translation or mRNA degradation (Hosseinahli et al., 2018).
[image: Figure 3]FIGURE 3 | Biogenesis and functions of miRNA. At the beginning, miRNA gene is transcribed to pri-miRNA by RNA polymerase II. Then RNAse III Drosha and its cofactor protein DGCR8 bind to pri-miRNA to generate pre-miRNA through enzymatic cleavage. Subsequently, pre-miRNA is exported to cytoplasm via Exportin five and finally cleaved into dsRNA by Dicer/TRBP complex, which can be separated into guide strand and passenger strand. After the cleavage of passenger strand, the remanent guide strand binds to Ago to form RISC, which mediates the recognition of target mRNA. Judging by the degree of complementarity between the sequences of miRNA and the target mRNA, this leads to either inhibited translation or mRNA degradation. miRNA: microRNA; RNA Pol II: RNA polymerase II; pri-miRNA: primary miRNA; pre-miRNA: precursor miRNA; dsRNA: double-stranded RNA; Ago: argonaute protein; RISC: RNA-induced silencing complex.
The recent scientific evidence shows that several miRNAs affect the NRF2/KEAP1 signaling by directly regulating the NRF2 expression or indirectly modulating KEAP1 and other upstream factors of the pathway (Panieri and Saso, 2019; Ashrafizadeh et al., 2020). For example, miR-200a stimulates the NRF2/KEAP1 signaling by suppressing KEAP1 to decrease ROS concentration in breast cancer cells (Cloer et al., 2019; Bono et al., 2021), while a few identified miRNAs including miR144/153/27a/142-5p directly modulate NRF2 dependent redox homeostasis by suppressing NRF2 gene expression in neuronal cells (Narasimhan et al., 2012). It is also reported that during carcinogenesis, the decreased miR144/153/27a/142-5p as well as miR-200a contribute to the upregulated NRF2 levels and activate phosphorylation activity, which increases cell survival and facilitates tumor growth (Zimta et al., 2019).
4 THERAPEUTIC STRATEGIES TARGETING EPIGENETIC MODIFICATIONS OF NRF2/KEAP1 SIGNALING IN CANCER
4.1 Targeting DNA Methylation
Recent studies have shown that there are various natural chemical ingredients or phytochemicals in vegetables and medicinal herb exerting anti-carcinogenic effects via epigenetic regulation of NRF2, among which the isothiocyanates (ITC), a bioactive present enzymatically hydrolysed from glucosinolates (GLs) in Brassicaceae plant family (Kołodziejski et al., 2019), was considered as one of the most successful, naturally occurring and dietary chemopreventive compound (de Figueiredo et al., 2015). Among the numerous ITC members, sulforaphane (SFN) and phenethyl-isothiocyanate (PEITC) exhibit strong anti-inflammatory and anti-carcinogenic activity (Saw et al., 2011), closely related to the decreased incidence of cancers via influencing proliferation, apoptosis and cell cycle (Clarke et al., 2011; de Figueiredo et al., 2015; Johnson et al., 2017; Zuo et al., 2018) (Figure 4).
[image: Figure 4]FIGURE 4 | Epigenetic mechanisms and therapeutic strategies targeting NRF2/KEAP1 pathway. CpG sites of NFE2L2 promoter region can be epigenetically modified by DNMT-based methylation, while histone acetylation is maintained by the coordination of HATs and HDACs, which acetylate or deacetylate the lysine residues in the N-terminal tails of histones protruding from the octamer respectively. SFN, a natural phytochemical, primarily attenuates both DNMTs and HDACs, individually suppressing DNA hypermethylation and histones deacetylation, ultimately upregulating NRF2. Another epigenetic modification of NRF2/KEAP1 pathway deregulation in cancer comes from several miRNAs that downregulate or upregulate NRF2 protein expression in the cytoplasm by directly targeting 3′-UTR sequences of NRF2 or KEAP1 mRNA. The important phytochemicals and mechanisms interacting with NRF2/KEAP1 pathway are displayed. For instance, Vitamin C could inhibit miR-93 to upregulate NRF2 mRNA while PEITC could inhibit miR-200c to downregulate KEAP1 mRNA, jointly resulting in activation of NRF2/KEAP1 pathway. Under normal conditions, NRF2 is bound to KEAP1, ubiquitylated by CUL3 ubiquitin ligase, and turns into proteasomal degradation. In response to oxidative stress, KEAP1 is suppressed and leads to NRF2 stabilization. Subsequently, it translocates to the nucleus where it binds to the ARE in the genome with sMAF proteins, and eventually activates the transcription of its downstream genes, which are mainly involved in the redox homeostasis of the cell. DNMT: DNA methyltransferase; Me: methyl group; HAT: histone acetyltransferase; HDAC: histone deacetylase; AC: acetyl group; miRNA: microRNA; RNA Pol II: RNA polymerase II; pri-miRNA: primary miRNA; pre-miRNA: precursor miRNA; Ago: argonaute protein; ARE: antioxidant response element; SFN: Sulforaphane; PEITC: Phenethyl-isothiocyanate.
Masses of research have revealed that SFN upregulated both expression and stabilization of NRF2 primarily through its role as a DNMT inhibitor (Su et al., 2018b), exerting powerful anti-cancer effect in the esophageal cancer (Lu et al., 2021), breast cancer (Myzak et al., 2006) and cervical cancer (Myzak et al., 2006). In particular, in both in vitro and in vivo prostate cancer models (Zhang et al., 2013; Su et al., 2014; Li et al., 2018b; Soundararajan and Kim, 2018), the significant attenuation of DNMT1 and DNMT3a contributed to a decrease in the methylated CpG ratio in the NFE2L2 promoter region in an SFN dose- and time-dependent manner, thus increasing NRF2 expression and consequently increasing the transcription of its target genes such as NQO1 and catechol-O-methyltransferase (COMT) to inhibit the formation of DNA adducts against reactive oxygen damage, promoting cell apoptosis and cell cycle disorders (Nair et al., 2010; Zhang et al., 2013; Negrette-Guzmán et al., 2017). However, although ITCs can trigger the activation of NRF2 dependent genes, it is believed that excessive activation of NRF2 is associated with tumor progression and increased resistance to chemotherapeutics, indicating the complicated roles of ITC in cancer (Ernst et al., 2011). A clinic trial conducted by OHSU Knight Cancer Institute (NCT01228084) proved that SFN may prevent or slow the growth of recurrent prostate cancer, essentially without severe adverse events.
Additionally, various chemopreventive compounds were reported to serve as DNMT inhibitors, reverse NFE2L2 hypermethylation in parallel mechanism to SFN and consequently regulate NRF2/KEAP1 pathway to exert anticancer effects, such as 3,3′-diindolylmethane (DIM) (Wu et al., 2013), γ-Tocopherol-rich mixture of tocopherols (γ-TmT) (Huang et al., 2012), Corosolic acid (CRA) (Yang et al., 2018a) and Curcumin (Khor et al., 2011) in the prostate cancer, and Apigenin (Pandey et al., 2012; Tseng et al., 2017), Delphinidin (Kuo et al., 2019), Pelargonidin (Li et al., 2019), Reserpine (Hong et al., 2016), Tanshinone IIA (TIIA) (Wang et al., 2014; Yang et al., 2020b), Taxifolin (TAX) (Kuang et al., 2017) and Ursolic acid (Kim et al., 2016; Wang et al., 2018b) in the mouse skin epidermal (JB6 P+) cell. Especially, Astaxanthin (AST), a red dietary carotenoid, could significantly increase the mRNA expression of DNMT3a at a low concentration but decrease the expression and activation of DNMT1, 3a and 3b at a relatively high concentration, while steadily attenuated NQO1 expression via NRF2/KEAP1 pathway in dose-dependent manners, ultimately reducing the cell viability and cellular transformation respectively in the prostate cancer cells (Yang et al., 2017) and mouse skin JB6 P+ cells (Yang et al., 2018b). It reminds us of the importance that the phytochemicals’ effect of concentration or duration on its effectiveness. The same mechanism or effectiveness could happen with the treatment of Luteolin (LUT) in colon caner (Zuo et al., 2018; Kang et al., 2019), Resveratrol in breast cancer (Singh et al., 2014), Fucoxanthin in both hepatoma carcinoma and mouse skin epidermal cells model (Yang et al., 2018b).
KEAP1 methylation also has a great impact on cancer biology by regulating NRF2/KEAP1 signaling. Aberrant hypermethylation in KEAP1 promoter region was the most common alteration found in nearly half of the non-small cell lung cancer (NSCLC) cases (Muscarella et al., 2011a), and has been proven to be associated with poor prognosis in various cancers including malignant glioma, breast cancer and pancreatic cancer (Muscarella et al., 2011b; Barbano et al., 2013b; Zhang et al., 2016b). Numbers of research has revealed that 5-aza-2′-deoxycytidine (5-aza) treatment demethylated the CpG sites in the KEAP1 promoter region, synergistically contributing to KEAP1 overexpression, NRF2 degradation and inactivation of various relevant signal pathways (Wang et al., 2008b; Guo et al., 2015c; Gao et al., 2019), which were related to enhanced survival and reduced lymph node metastasis of NSCLC patients (Chien et al., 2015). Contrary to 5-aza, Fumonisin B, a common toxic mycotoxins of cereal grains, activated NRF2/KEAP1 pathway by hypermethylating CpG islands in KEAP1 gene, consequently enhancing ROS production along with promoting cell membrane damage in human hepatoma cells (Arumugam et al., 2021). In conclusion, the expression and activation of KEAP1 could be regarded as an effective therapeutic strategy for advanced human cancers.
4.2 Targeting Histone Acetylation
According to previous research, numbers of chemopreventive compounds could affect histone acetylation mainly by regulating the activation or expression of HDACs involved in chromatin remodeling, gene expression and NRF2/KEAP1 signaling (Jabbarzadeh Kaboli et al., 2020), among which SFN could effectively inhibit various sorts of HDAC, which was commonly accompanied with decreased DNMTs, to induce autophagy, apoptosis and cell cycle alterations in different cancers. SFN has been shown to limit the total activation and global protein level of HDAC1-4, as well as directly enhance the nuclear translocation of NRF2 and, as a result, upregulate cellular defense enzymes HO-1 and NQO1, acting as an anti-cancer agent against neoplastic transformation of mouse skin JB6 P+ cells (Su et al., 2014). Additionally, SFN also indirectly upregulated NRF2 expression by enhancing binding between NFE2L2 promoter and active chromatin marker acetylated histone 3 (Ac-H3), while the protein level of Ac-H3 could be increased by prominently attenuated HDAC1, 4, 5, and 7 or impaired formation of the transcriptional regulator complex partly consisted of DNMT and HDAC after SFN treatment in prostate cancer (Zhang et al., 2013) and breast cancer (Sharma et al., 2005; Saxena and Sharma, 2010; Meeran et al., 2012) respectively, restoring the cellular antioxidant and detoxification effects.
Besides, disparate bioactive dietary supplements regulate NRF2/KEAP1 pathway via targeting histone acetylation. CRA was observed to prevent cellular damage and maintain tissue homeostasis via restricting class I and II HDAC thus activating NRF2 in the prostate cancer (Chen et al., 2012; Yang et al., 2018a). Furthermore, demethylated CpGs in NFE2L2 promoter region on account of decreased HDACs synergistically accompanied with attenuated DNMTs after treatment with DIM in prostate cancer (Lewinska et al., 2017) or Delphinidin in the mouse skin JB6 P+ cells (Kuo et al., 2019) was observed, contributing to enhanced expression of NRF2 and its downstream target gene such as HMOX1, NQO1 and SOD1, ultimately inducing different anticancer effects such as the upregulated detoxification and excretion of chemicals (Nioi and Hayes, 2004) or attenuated cell transformation (Kuo et al., 2019). In addition, a clinic trial conducted by Barbara Ann Karmanos Cancer Institute (NCT00888654) confirmed that the use of DIM may slow the growth of tumor in 41 patients with stage I or stage II prostate cancer undergoing radical prostatectomy. Other than these, diverse cancer chemopreventive agents like pelargonidin (Li et al., 2019), taxifolin (TAX) (Kuang et al., 2017) and Ursolic acid (UA) (Kim et al., 2016) have been proven to epigenetically diminish HDACs and reactivate NRF2/KEAP1 pathway to exert anticancer effects in the mouse skin JB6 P+ cells, while CRA in NSCLC (Jin et al., 2021) and LUT in colorectal cancer (Zuo et al., 2018) have been observed to target the same signal pathway, subsequently inducing downstream target genes with respect to cell cycle arrest, autophagy and apoptosis in cancer cells.
Apart from histone acetylation towards NFE2L2, Alam et al. (2017) have elaborated that glucocorticoids (GC) could directly inhibit histone acetylation at ARE and decrease NRF2 transcriptional activation through glucocorticoid receptor (GR) signaling, resulting in impaired NRF2-mediated antioxidant response due to the side effects of GC in hepatocellular carcinoma.
4.3 Targeting ncRNA
Besides DNA methylation and histone acetylation, ncRNAs widely involve in posttranslational gene modification, regulating the pathophysiological processes of cells (Bandres et al., 2009). MiRNA, the most common and effective ncRNA, has been substantiated to epigenetically regulate NRF2/KEAP1 signaling, considered as a hallmark of cancer (Duthie, 2011; Sandoval and Esteller, 2012). Some investigators have implicated that various dietary bioactive compounds could potently control the aberrant expression of miRNAs, contributing to the activation or silence of downstream genes. Here, we reviewed phytochemical-based cancer treatments targeting miRNAs in NRF2/KEAP1 signaling.
As one of the most powerful phytochemicals, the role of ITC as a potent miRNAs regulator resulting in preventing tumor incidence has received intense attention. In prostate cancer model, PEITC remarkably elevated miR-200c (Gerhauser, 2013) while diminished both pri-miR-141 and mature miR-141 expression (Xiao et al., 2012), reducing tumor metastasis by nearly 50%, inhibiting ROS production as well as inducing apoptotic cell death (Chiao et al., 2004). In addition, it has been confirmed that miR-200a-3p/141-3p directly combined to 3′-UTR of KEAP1, thus profoundly dysregulating NRF2/KEAP1 pathway in renal tumorigenesis and ovarian cancer cells, which could be blocked by PEITC significantly to reduce the oxidative stress response (Mateescu et al., 2011; Lan, 2012; Jiang et al., 2013; Cortez et al., 2014). A clinic trail conducted by Portland VA Medical Center (NCT01265953) that enrolled 98 patients suffering from prostate cancer has not only proven the protective role of ITC in inhibiting cancer development, but also identified the altered gene expression caused by epigenetic modifications.
In addition to ITC, other chemopreventive compounds exerted anti-tumorous effects via regulating miRNA in various cancers. In breast cancer model, miR-93 could decrease NRF2 expression at mRNA and protein levels (Singh et al., 2013) to impair its downstream genes such as NQO1 and SOD3 (Singh and Bhat, 2012; Singh et al., 2012), thus playing a crucial role in regulating apoptosis and oxidative DNA damage in cancer cells. Singh et al. (2014) has elaborated that in combination with 17β-estradiol (E2), Resveratrol treatment inhibited expression of NRF2 targeting miR-93 and upregulated NRF2 promoter methylation, substantially attenuating cellular proliferative changes and tumor development. Similarly, as a dietary supplement expected to prevent oxidative stress-mediated chronic diseases, Vitamin C prevented E2-mediated miR-93 overexpression to upregulate NRF2 and its downstream NQO1, consequently exerting defensive effect against oxidative DNA damage and E2-induced mammary tumorigenesis in mouse model (Mense et al., 2009; Singh et al., 2012; Singh et al., 2013). Intriguingly, Wang et al. (2016b) also found the antineoplastic effect of Vitamin C via regulating miR-153 in E2-treated human mammary cell lines, but the specific mechanism needed further exploration.
Other dietary phytochemicals also made a difference in regulating miRNAs and subsequently targeting NRF2/KEAP1 signaling. In hepatocellular carcinoma, accumulating evidence indicated that Apigenin negatively regulated the protein level of NRF2 through inducing miR-101, which could directly target the 3′-UTR of NRF2 (Gao et al., 2017) to ultimately suppress cancer apoptosis and oxidative damage (Liu et al., 2016). Coincidentally, Zhao et al. (2018) has proven that Polydatin (3,4′,5-trihydroxy-stilbene-3-β-D-glucoside) upregulated miR-200a to target the 3′-UTR of KEAP1, activating NRF2 and its target genes, accordingly restraining liver inflammation and lipid deposition. Those findings provided us that various dietary phytochemicals could influence miRNA expression level to regulate NRF2/KEAP1 pathway, acting as essential parts in anti-oxidative and anti-tumorous microenvironment.
5 CONCLUSION
NRF2/KEAP1 signaling plays an important role in modifying oxidative stress, which is subjected to various regulations at transcriptional, translational and post-translational levels. A growing body of recent evidence shows that NRF2 and KEAP1 expression can be regulated by CpGs methylation/demethylation, histones acetylation/deacetylation and ncRNAs. In addition, the association between NRF2/KEAP1 signaling and cancer aggressiveness is certain. Thus, targeting the epigenetic modifications of NRF2/KEAP1 signaling is suggested as a feasible and promising therapeutic approach for cancer in three aspects. First, genetic mutations are permanent while epigenetic abnormalities are reversible, which offers a potential opportunity to revert it with agents or drugs. Second, there are many FDA-approved epigenetic therapies and ongoing investigation about second generation of novel epigenetic therapies for cancer treatment (Grønbaek et al., 2007; Dhanak and Jackson, 2014). Third, the consumption of dietary phytochemicals is proved to prevent cancer and have anticancer effects through altering epigenetic modifications.
However, the dual roles of NRF2/KEAP1 signaling in cancer must be taken into consideration. During early stages of tumorigenesis, oxidative stress has been shown to increase the frequency of DNA mutation, which in turn, contributes to tumor initiation. Therefore, enhancement of NRF2 activity is desirable to combat oxidative stress and prevent malignant transformation in premalignant states. While once a tumor is formed, the same defense system can also be utilized by fully malignant cancer cells to create a reductive microenvironment which is beneficial to rapid proliferation and therapy resistance of tumor (Sporn and Liby, 2012). Apart from different cancer stages, it is also critical to consider the temporal nature of NRF2/KEAP1 signaling. Transient NRF2 induction in an acute xenobiotic exposure can initiate vital stress response pathways and provide cytoprotection for chemopreventive purposes. Dissimilarly, chronic toxicant exposure, mutations and epigenetic modifications have all been demonstrated to activate NRF2 in a prolonged manner, resulting in tumor progression (Dodson and Zhang, 2017). Therefore, a deeper understanding of contextual and temporal control of NRF2 will allow the optimal development of new drugs targeting epigenetic modifications of NRF2/KEAP1 signaling.
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Pancreatic adenocarcinoma (PAAD) is a malignant cancer with high incidence and mortality. Glycometabolic rearrangements (aerobic glycolysis) is a hallmark of PAAD and contributes to tumorigenesis and progression through numerous mechanisms. This study aimed to identify a novel glycolysis-related lncRNA-miRNA-mRNA ceRNA signature in PAAD and explore its potential molecular function. We first calculated the glycolysis score for each PAAD patient by the ssGSEA algorithm and found that patients with higher hallmark glycolysis scores had poorer prognosis. Subsequently, we obtained a novel glycolysis-related LINC02432/hsa-miR-98–5p/HK2 axis from the TCGA and GEO databases using comprehensive bioinformatics analysis and developed a nomogram to predict overall survival. Furthermore, functional characterization analysis revealed that LINC02432/hsa-miR-98–5p/HK2 axis risk score was negatively correlated with ferroptosis. The tumor immune infiltration analysis suggested positive correlations between ceRNA risk score and infiltrated M0 macrophage levels in PAAD. Correlation analysis found that ceRNA risk scores were positively correlated with four chemokines (CXCL3, CXCL5, CXCL8 and CCL20) and one immune checkpoint gene (SIGLEC15). Meanwhile, tumor mutation burden (TMB), an indicator for predicting response to immunotherapy, was positively correlated with ceRNA risk score. Finally, the drug sensitivity analysis showed that the high-risk score patients might be more sensitive to EGFR, MEK and ERK inhibitors than low-risk score patients. In conclusion, our study suggested that LINC02432/hsa-miR-98–5p/HK2 axis may serve as a novel diagnostic, prognostic, and therapeutic target in PAAD treatment.
Keywords: PAAD, ceRNA network, glycolysis, ferroptosis, immune infiltration, tumor mutation burden, drug sensitivity
1 INTRODUCTION
Pancreatic cancer is a devastating cancer of the digestive system with poor prognosis, short survival rate, and high mortality (Cai et al., 2021). Pancreatic adenocarcinoma (PAAD) accounts for more than 95% of all pancreatic cancers and is the most common type of pancreatic cancer (Luchini et al., 2021). So far, surgical resection is the only viable curative therapy for PAAD (Tummers et al., 2019). Unfortunately, at least 80% of PAAD patients are originally identified as unresectable or transference tumors. As a result, a substantial number of patients develop either local recurrences or distant metastases after surgical resection. Even with resection, PAAD has a poor prognosis with a 5-years overall survival rate of less than 10% (Yang et al., 2020; Carotenuto et al., 2021). In spite of the tremendous developments in diagnostic tools, surgical approaches, chemotherapy, radiotherapy, and targeted therapy, these approaches can only provide very few survival advantages for PAAD patients (Brero et al., 2020). Clearly, a better understanding of the mechanisms behind PAAD development, is urgently needed to identify novel biomarkers for early diagnosis, prognosis, and treatment.
Whole-genome sequencing shows that roughly 93% of the DNA in the human genome is transcribed into RNA. But, only about 2% of the DNA sequence ultimately encodes a protein. The remaining 98% were called non-coding RNAs (ncRNAs) (Pi et al., 2021). According to the length of the sequences, ncRNAs can be divided into long non-coding RNAs (lncRNAs, over 200 nucleotides) and microRNAs (miRNAs, 19–23 nucleotides in length) (Zhang et al., 2021a). With the deeper research into ncRNA function, the complex regulatory network involving lncRNA, miRNA, and mRNA is drawing increasing research attention worldwide. LncRNAs can act as competitive endogenous RNAs (ceRNAs) to sequester miRNAs from their target mRNAs. This effectively reduces the suppressive effects of miRNAs on mRNA which plays a role in many human diseases, particularly various cancers (Anastasiadou et al., 2018). Abnormal tumor metabolism is increasingly acknowledged as an important hallmark of cancer, leading to renewed interest in therapeutic strategies targeting glycolysis. Studies have identified that the normal pancreas metabolizes glucose through oxidative phosphorylation, whereas PAAD cells prefer aerobic glycolysis for glucose metabolism, known as the Warburg effect. Therefore, exploring the glycolysis-related ceRNA network may offer an attractive new target for prognostic and therapeutic interventions for PAAD.
Ferroptosis, a novel non-apoptotic cell death mode, is closely related to the disturbance of iron-dependent lipid peroxides (Wu et al., 2022). These accumulated lipid reactive oxygen species could lead to ferroptotic cell death. The SLC7A11-GSH-GPX4 signaling axis constitutes the major surveillance system to defend against ferroptosis in cancer cells (Koppula et al., 2022). SLC7A11 and GPX4 are considered as the central regulators of ferroptosis, and SLC7A11 expression and GPX4 activity are always regarded as markers of ferroptosis (Liu P. et al., 2020; Zhang et al., 2021b; Yuan et al., 2021). GPX4 is on the downstream of SLC7A11, utilizing GSH to detoxify lipid peroxides and prevent ferroptosis. SLC7A11 is overexpressed in many cancers, especially in PAAD (Zhou et al., 2021). Research showed that the deletion of SLC7A11 was sufficient to decrease cystine import, downregulate GSH activity, induce tumor ferroptosis, and inhibited PAAD growth (Ping et al., 2022). Studies have shown that, in addition to lipid, lactic acid is also indispensable in the ferroptosis process (Liao et al., 2021). Lactic acid as a glycolytic metabolite has been shown to be a negative regulator of ferroptosis (Zhao et al., 2020). Lactic acid can induce the formation of monounsaturated fatty acids through the HCAR1/MCT1-SREBP1-SCD1 pathway and resist oxidative stress-induced ferroptosis in hepatocellular carcinoma (HCC) cells (Zhao et al., 2020; Liu et al., 2021). It has been suggested that the rerouting of tumour cell metabolism from glycolysis to OXPHOS could make cells more vulnerable to GSH depletion and ferroptosis (Ždralević et al., 2018). Recent studies have shown that ferroptosis is associated with PAAD prognosis and chemotherapy, but its relationship to glycolysis in PAAD remains unclear (Tang et al., 2022). Therefore, this study revealed a new molecular regulatory mechanism of PAAD by investigating the relationship between glycolysis-related ceRNAs and ferroptosis.
The tumor microenvironment (TME) is a complex overall system formed by the association of cancer cells with surrounding stromal and immune cells (Melaiu et al., 2020). It participates in the whole process of tumor occurrence, development, and drug reaction (Li and Wang, 2020; Kumari et al., 2021). PAAD patients have a highly immunosuppressive TME, which is a major cause of immunotherapy resistance in PAAD (Qiu et al., 2021). Accumulation of lactate resulting from aerobic glycolysis forms an acidic environment facilitating tumor invasion, which plays a significant role in shaping the immunosuppressive TME (Lecoultre et al., 2020). Tumor-associated macrophages (TAMs), regulatory T cells (Tregs), and Myeloid-derived suppressor cells (MDSCs) are the principal components of this immunosuppressive TME. These cells have been reported to facilitate systemic T cell dysfunction, allowing PAAD to evade immune detection (Liang et al., 2021; Truong and Pauklin, 2021). Studies have shown that knockdown of interferon-inducible protein 16 (IFI16) significantly enhances gemcitabine treatment in PAAD, which may be associated with reduced TAMs infiltration in the tumor microenvironment (Chen et al., 2021). Recent clinical studies have identified tumor mutation burden (TMB) as an indicator for predicting response to immunotherapy (Zhang W. et al., 2021). High TMB have better response to PD-1/PD-L1 therapy across diverse tumor entities (Ak et al., 2021). Therefore, analyzing the relationship between glycolysis-related ceRNA networks, tumor-infiltrating immunity, TMB and drug sensitivity is critical to explain the potential molecular mechanisms implicated in the development of PAAD, and identify promising biomarkers and novel therapeutic drugs.
In this study, we comprehensively analyzed several databases to construct a novel glycolysis-related LINC02432/hsa-miR-98–5p/HK2 ceRNA network and constructed a three-gene signature using Cox regression survival analysis to forecast the prognosis for PAAD patients. Next, we downloaded ferroptosis-related gene sets (driver, suppressor, and marker) from FerrDb and analyzed the correlation between the LINC02432/hsa-miR-98–5p/HK2 axis risk score and ferroptosis. Meanwhile, we probed the relationship among the ceRNA axis and immune cell infiltration in PAAD by ImmuCellAI and the CIBERSORT algorithm. Furthermore, we explored the correlation between LINC02432/hsa-miR-98–5p/HK2 ceRNA network and the expression levels of 40 known chemokines and eight immune checkpoint genes through Pearson correlation analysis in PAAD cancers. We downloaded somatic mutation data from The Cancer Genome Atlas (TCGA) GDC data to assess the relationship between the ceRNA network and TMB. Finally, the R package oncoPredict and the Genomics of Drug Sensitivity in Cancer (GDSC) database were used to predict potential drugs for PAAD patients with high risk score. In conclusion, a novel glycolysis-related LINC02432/hsa-miR-98–5p/HK2 ceRNA network targeting PAAD patients was constructed and its functions were analyzed, which may establish new insights for clinical decision making and precision medicine.
2 MATERIALS AND METHODS
2.1 Gene Expression Profile Data Collection
Download two lncRNA expression arrays (GSE57144 and GSE86436) from the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/). The GSE57144 dataset contained three pancreatic cancer tissues and three adjacent normal tissues. The GSE86436 dataset contained six pairs of pancreatic tumor tissues with normal adjacent tissues. Meanwhile, seven mRNA microarray datasets (GSE15471, GSE16515, GSE28735, GSE32676, GSE62165, GSE62452, and GSE71729) were obtained from the GEO database. GSE15471 contained 39 PAAD tumor tissues and 39 adjacent normal controls. GSE16515 included 36 PAAD tumors and 16 adjacent non-tumor tissues. GSE28735 contained 45 PAAD tumors and 45 adjacent non-tumor tissues. GSE32676 included 25 PAAD samples and seven adjacent non-tumor samples. GSE62165 contained 118 PAAD tissues and 13 adjacent control tissues. GSE62452 included 69 PAAD tumors with 61 adjacent non-tumor tissues. GSE71729 contained 145 PAAD tumors and 46 adjacent non-tumor samples. In addition, the level 3 RNA sequencing data (lncRNA, miRNA, and mRNA) and corresponding clinical information for patients with PAAD were obtained from TCGA database by the TCGAbiolinks package of R software (version 4.0.4).
2.2 Evaluation of Glycolysis Score
The gene sets associated with the glycolysis pathway (reactome glycolysis and hallmark glycolysis) were obtained from the Molecular Signatures Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb). Then, single sample Gene Set Enrichment Analysis (ssGSEA) was used to calculate the glycolysis score for each PAAD patient. We divided PAAD patients into high glycolysis score and low glycolysis score groups based on the median glycolysis score. Finally, the association of glycolysis score with prognosis was assessed by Kaplan-Meier survival analysis.
2.3 Identification of Glycolysis-Related Genes
The GEO2R web application (http://www.ncbi.nlm.nih.gov/geo/geo2r) was performed to analyze differentially expressed lncRNAs (DELs) and differentially expressed genes (DEGs) among PAAD tumor tissues and adjacent non-tumor tissues. Meanwhile, we used the R package limma to determine DELs and DEGs among the high glycolysis score and low glycolysis score groups. The log2 (fold change) >= 1.0 or <= -1.0 and p-value < 0.05 were set as the cut-off criteria. We used Venn diagram analysis to further screen for glycolysis-related lncRNAs and mRNAs in PAAD. Meanwhile, through Kaplan-Meier analysis, Pearson correlation analysis, and univariate Cox regression analysis, the key prognostic genes of glycolysis-related were identified.
2.4 Construction of a Glycolysis-Related lncRNA-miRNA-mRNA ceRNA Network
The downstream miRNAs of the target lncRNAs were predicted by miRNet database (https://www.mirnet.ca/) and starBase database (http://starbase.sysu.edu.cn/index.php). The miRTarBase database (http://mirtarbase.cuhk.edu.cn/) was used to forecast upstream miRNAs of key mRNAs. We selected mRNA-miRNA interactions with strong experimental evidence (reporter analysis or western blot) for further study. Based on ceRNA theory and the association between lncRNAs, miRNAs and mRNAs, ceRNA networks were established by Cytoscape software (version 3.8.0). We calculated the expression correlations of lncRNA-mRNA, lncRNA-miRNA, and mRNA-miRNA pairs by Pearson correlation analysis. We chose gene pairs with |r| > 0.1 and p-value < 0.05 for further analysis.
2.5 Gene Expression and Subcellular Localization Analysis
We used UALCAN to explore the HK2 protein expression in PAAD with data from the Clinical Proteomic Tumor Analysis Consortium (CPTAC). Moreover, the immunohistochemistry (IHC) staining data of protein expression and distribution of HK2 in PAAD tissues and normal tissues were obtained from the Human Protein Atlas (HPA) database (https://www.proteinatlas.org/). lncLocator (http://www.csbio.sjtu.edu.cn/bioinf/lncLocator/) was used to obtain subcellular localization of LINC02432. We also examined the specificity of SIGLEC15 mRNA expression in different pancreatic single cell types using the single-cell RNA-seq (scRNA-seq) data through the HPA dataset.
2.6 Construction and Assessment of ceRNA-Related Prognostic Model
We used multiple Cox regression analysis of the LINC02432/hsa-miR-98–5p/HK2 axis levels to calculate the risk scores in PAAD patients. According to the median risk score, we performed Kaplan-Meier analysis in PAAD patients using the survminer R package. At the same time, we used the ROC package in R to draw receiver operating characteristic (ROC) curves for 1-year, 3-years and 5-years survival rates, and calculated the corresponding area under the curve (AUC) to evaluate the predictive power of ceRNA-related features. Based on Cox proportional hazards regression analysis, we developed a 5-years overall survival risk stratified nomogram based on prognostic factors using the rms library in R.
2.7 Correlation Analysis Between Ferroptosis and Glycolysis
A total of 259 ferroptosis-related genes were downloaded from the FerrDb website (http://www.zhounan.org/ferrdb/legacy/index.html), including 108 driver genes, 69 suppressor genes, and 111 marker genes. The ssGSEA heatmap was done using the pheatmap R package to show the enrichment of the three ferroptosis-related gene sets across all PAAD samples. The correlation heatmap was generated by R software with the corrplot function package. The GEPIA2 database (http://gepia2.cancer-pku.cn/) was used to explore the differential expression of important ferroptosis suppressor genes between PAAD and normal tissues. Survival analyses of key ferroptosis suppressor genes were conducted with the Kaplan-Meier plotter (http://kmplot.com/analysis/).
2.8 Tumor Immune Infiltration Analysis
The ImmuCellAI and the CIBERSORT algorithm were used to evaluate the abundance of tumor-infiltrating immune cells. We used the ImmuCellAI (Immune Cell Abundance Identifier, http://bioinfo.life.hust.edu.cn/web/ImmuCellAI/) algorithm to forecast the abundance of 24 immune cells from transcriptome data using gene set signatures. Meanwhile, we visualized the 24 immune cell infiltration estimation of TCGA samples as a heatmap by the R package ComplexHeatmap. According to the CIBERSORT algorithm, we selected the LM22 gene signature and 1000 permutation parameters in R to analyze the score of 22 immune cells. LM22 is an annotated gene signature matrix consisting of 547 genes that defines 22 immune cell subtypes and can be downloaded from the CIBERSORT portal (http://cibersort.stanford.edu/). Macrophage lineage expression profiles in LM22 signature were derived from freshly isolated monocytes in peripheral blood monocytes. M0 macrophages were generated by monocyte differentiation in human serum for 7 days. M1 macrophages were generated by monocyte differentiation in colony stimulating factor 1 (CSF1) for 7 days and then stimulated with LPS and IFNγ for 18 h. M2 macrophages were generated by monocyte differentiation in CSF1 for 7 days and then stimulated with IL-4 for 18 h (Newman et al., 2015). The proportions of 22 immune cell infiltrations in PAAD patients were visualized by cumulative histograms using the ggplot2 package. We calculated the Pearson correlation coefficients of ceRNA risk scores and tumor-infiltrating immune cells by the R package ggpubr.
2.9 Expression Levels Analysis of Chemokines and Immune Checkpoint Genes
The expression of chemokine and immune checkpoint genes was compared between PAAD tumors and adjacent normal samples by the GEPIA2 database website (http://gepia2.cancer-pku.cn/). We summarized the differential expression of chemokine and immune checkpoint genes among high and low ceRNA risk score groups as boxplots by the ggplot2 package in R software. The clustering analysis of differentially expressed chemokines and heatmap visualization of the correlation matrix were performed using the R corrplot package. The Pearson correlation analysis of ceRNA risk score with the key chemokines and immune checkpoint genes was performed and visualized using the R package ggpubr.
2.10 Association Among Somatic Mutation and Risk Score
We used the maftools package in R software to organize the single-nucleotide polymorphism (SNV) data downloaded from the TCGA database in multiple alignment (MAF) format. Meanwhile, we plotted horizontal histograms showing the genes with the highest mutation frequencies by the maftools package in R. The Pearson correlation coefficient between the top 10 frequently mutated genes was calculated and plotted using the corrplot package in R. We assessed TMB values for each sample and analyzed the overall survival in the high and low TMB groups using the Kaplan-Meier method. Meanwhile, we compared TMB values among high- and low risk groups, and assessed the association of TMB with risk scores.
2.11 Tumor Immune Dysfunction and Exclusion (TIDE) Analysis in PAAD.
The TIDE (http://tide.dfci.harvard.edu/) model was a computational method, which integrated the expression signatures of T cell dysfunction and T cell exclusion to model tumor immune evasion. The clinical response of immune checkpoint blockade (anti-PDCD1 and anti-CTLA4) could be predicted by TIDE algorithm based on pre-treatment tumor profiles. The TIDE score was compared between high risk score and low risk score groups.
2.12 Drug Sensitivity Analysis
Genomics of Drug Sensitivity in Cancer (GDSC, https://www.cancerrxgene.org/) is the largest publicly available pharmacogenomics database which can be used to predict response to anti-cancer drugs. In this study, we used data from GDSC2, an updated version of GDSC containing 809 cell lines and 198 compounds. Based on this database, we used the R software package oncoPredict to predict the antineoplastic drug susceptibility for PAAD patients with the high- and low risk groups. The regression analysis was conducted to obtain the half-maximal inhibitory concentration (IC50) estimated value of each specific antineoplastic drug treatment.
2.13 Statistical Analysis
Most statistical analysis was done by the aforementioned bioinformatics tools. The R software (version 4.0.4) was used for all the rest of the statistical analyses. Two-tailed Student’s t test was used to estimate the differential expression levels of mRNA, miRNA, and lncRNA. The p-value adjustment was performed by the Benjamini–Hochberg FDR method. The correlation was assessed by the Pearson correlation coefficient. A p-value < 0.05 was considered as statistically significant.
3 RESULTS
3.1 Identification of Glycolysis-Related lncRNAs and mRNAs in PAAD.
The flowchart in Supplementary Figure S1 outlines the entire design and process of this research. We first obtained two glycolysis pathway gene sets (hallmark glycolysis and reactome glycolysis) from the MSigDB. Next, a heatmap was drawn to show the glycolytic activity of each pathway in each TCGA-PAAD sample quantified by the ssGSEA algorithm (Supplementary Figure S2A). Kaplan–Meier survival analysis results indicated that the PAAD overall survival was associated with the hallmark glycolysis score (Figure 1A), but was not associated with the reactome glycolysis score (Supplementary Figure S2B). Patients with higher hallmark glycolysis scores had poor prognoses.
[image: Figure 1]FIGURE 1 | Identification of glycolysis-related differentially expressed lncRNAs and mRNAs. (A) Kaplan-Meier survival analysis of PAAD patients based on hallmark glycolysis score. (B) Volcano map of the DELs among high-glycolysis and low-glycolysis groups. (C) DELs volcano maps between PAAD tissues and normal tissues in the GSE57144 and GSE86436 datasets. Upregulated lncRNAs were indicated by red dots and downregulated lncRNAs were indicated by blue dots. (D) Venn diagram depicting the overlap among three sets of DELs. (E) The Pearson correlation analysis was performed to evaluate the association between glycolysis ssGSEA score and three lncRNAs. (F) Volcano plots of DEGs between PAAD tissues and normal tissues in the GSE15471, GSE16515, GSE28735, GSE32676, GSE62165, GSE62452, and GSE71729 datasets downloaded from the GEO database (G) Venn diagram of upregulated DEGs based on the seven GEO datasets. (H) DEGs volcano plot among high-glycolysis and low-glycolysis groups. (I) The overlapping upregulated DEGs were identified by Venn plot. (J) Heat map of 48 upregulated DEGs related to glycolysis.
To identify glycolysis-related lncRNAs, we first obtained the DELs between high/low hallmark glycolysis score groups (Figure 1B). The volcano maps showed the lncRNA expression patterns between PAAD and normal tissues based on the GEO datasets (GSE57144 and GSE86436) (Figure 1C). To investigate potential overlaps of the three sets of significant DELs, we created a visualization of the overlaps as a Venn diagram. We found three upregulated glycolysis-related lncRNAs (LINC02432, AL451042.2, and AC011352.1), but no downregulated glycolysis-related lncRNAs were found (Figure 1D). Pearson correlation analysis indicated that the expression of LINC02432, AL451042.2, and AC011352.1 were positively associated with glycolytic activity level (Figure 1E).
To further explore DEGs between PAAD and normal samples, we downloaded seven gene microarrays datasets from the GEO database: GSE15471, GSE16515, GSE28735, GSE32676, GSE62165, GSE62452, and GSE71729. The distribution of all DEGs according to the two dimensions of -log10 (p-value) and log2 (fold change) were represented by volcano maps in Figure 1F. In the ceRNA network, the correlation of lncRNA and mRNA was positive. Given that the three glycolysis-related lncRNAs (AC011352.1, AL451042.2, and LINC02432) were all found to be upregulated in PAAD, we further identified upregulated DEGs. Among the upregulated DEGs from the seven GEO datasets, we obtained 70 overlapping upregulated DEGs through Venn diagram analysis (Figure 1G). Then, DEGs between high/low hallmark glycolysis score groups were analyzed using the volcano map, of which, 394 were upregulated and 638 were downregulated (Figure 1H). The result of Venn analysis suggested that 48 upregulated DEGs related to glycolysis were identified for further study by overlapping the 70 DEGs and 394 upregulated genes (Figure 1I). In addition, we drew a cluster heat map for 48 upregulated DEGs expressions in Figure 1J. Finally, univariable Cox regression analysis was performed to assess the prognostic impact of 48 upregulated DEGs related to glycolysis (Supplementary Figure S3). The results showed that 30 of the 48 upregulated DEGs (p-value < 0.05 and HR > 1.2) were considered key prognostic genes of glycolysis-related. The above 30 genes were marked with red font in Figure 1J. We used the Pearson correlation analysis to determine the associations between three lncRNAs and 30 key mRNAs. We found that the expression of AL451042.2 and LINC02432 was significantly positively correlated with the expression of 30 key mRNAs, while the expression of AC011352.1 was significantly positively correlated with 23 of these genes (Supplementary Figure S4).
3.2 Construction and Analysis of Glycolysis-Related ceRNA Network
Based on the ceRNA network theory, we predicted the downstream potential miRNA that could potentially bind to three upregulated glycolysis-related lncRNAs (AC011352.1, AL451042.2, and LINC02432) using starBase and miRNet. Potential upstream miRNAs targeting 30 key glycolysis-related genes were then analyzed using miRNA-target interactions supported by strong experimental evidence in miRTarBase. Meanwhile, the lncRNA-miRNA-mRNA ceRNA network was integrated by Cytoscape software, which contained one lncRNA, 79 miRNAs and 13 mRNAs (Figure 2A). From the lncRNA-miRNA-mRNA ceRNA network, two potential regulatory axes (LINC02432/hsa-miR-98–5p/HK2 and LINC02432/hsa-miR-133b/MET) were identified. To select the most meaningful ceRNA regulatory axis in this study, we only selected mRNAs, miRNAs, or lncRNAs that were significantly related to the prognosis of PAA. First, by correlation analysis of each element in the two potential regulatory axes, we found that LINC02432 was positive correlated with HK2 and MET, and was negatively correlated with hsa-miR-98–5p (Figure 2B), but not correlated with hsa-miR-133b (Supplementary Figure S5A). At the same time, hsa-miR-98–5p was significantly negatively correlated with HK2 (Figure 2B), while hsa-miR-133b was not correlated with MET (Supplementary Figure S5B). Furthermore, Prognostic survival analysis showed LINC02432 high expression, hsa-miR-98–5p low expression, and HK2 high expression were correlated with poor prognosis (Figure 2C). As shown in Supplementary Figure S5C, the expression of hsa-miR-133b in pancreatic cancer was not associated with prognosis. Therefore, the LINC02432/hsa-miR-98–5p/HK2 axis is considered to be the most meaningful glycolysis-related ceRNA regulatory axis. Analysis of the Clinical Proteomic Tumor Analysis Consortium (CPTAC) database using UALCAN found that protein expression levels of HK2 were significantly increased in PAAD tissues compared with adjacent healthy tissues (Figure 2D). Moreover, the IHC results from the HPA database showed HK2 was highly expressed in PAAD tissues, and the elevated HK2 was mainly localized in the cytoplasm of PAAD cells (Figure 2E). Cytoplasmic lncRNAs usually acted as ceRNA by binding miRNAs. We found that LINC02432 was expressed in the cytoplasm through the lncLocator website (Figure 2F). A schematic figure describing the LINC02432/hsa-miR-98–5p/HK2 axis showing that LINC02432 regulates glycolytic rate-limiting enzyme HK2 expression and PAAD progression by acting as a ceRNA against hsa-miR-98–5p (Figure 2G). Moreover, the predicted targeting sites of hsa-miR-98–5p on the LINC02432 and HK2 were identified (Figure 2H). We found two putative binding sites for has-miR-98–5p in LINC02432, located at 617–624 bp (Site 1) and 829–836 bp (Site 2).
[image: Figure 2]FIGURE 2 | Identification of glycolysis-related ceRNA network modules. (A) A diagram of lncRNA-miRNA and mRNA-miRNA interactive networks was constructed by Cytoscape software. (B) The Pearson correlation analysis was performed to identify the correlation between genes (LINC02432, HK2, MET, and hsa-miR-98–5p). (C) Survival analysis of LINC02432, hsa-miR-98–5p and HK2 was performed using Kaplan-Meier survival curves. (D) HK2 protein expression of PAAD patients was evaluated in the CPTAC datasets via the UALCAN database. (E) IHC staining of HK2 protein was analyzed in the HPA database. (F) Subcellular localization of LINC02432 was predicted using the lncLocator website. (G) Schematic illustration of the LINC02432/hsa-miR-98–5p/HK2 ceRNA axis. (H) Identification of target sites for hsa-miR-98–5p on the 3′-UTR of LINC02432 and HK2.
3.3 Construction of the Three-Gene-Based PAAD Prognostic Model
To estimate the association between LINC02432/hsa-miR-98–5p/HK2 axis and clinical prognosis, all 177 TCGA PAAD samples were randomly divided into a training cohort (n = 133) and a testing cohort (n = 44) at a ratio of 3:1. The risk curves, scatterplots and Kaplan-Meier curve analysis were performed in training cohort. The risk curves and scatterplots showed that PAAD patients in the high risk group had higher risk factors and mortality in the training cohort. Heat map showing the expression profiles of the LINC02432/hsa-miR-98–5p/HK2 axis in the training cohort (Supplementary Figure S6A). The result of the Kaplan-Meier curve showed that the overall survival of the high risk group was significantly lower than that of the low risk group in the training cohort (Supplementary Figure S6B). This result was consistent with that of the testing cohort (Supplementary Figures S6C,D) and the entire cohort (Figures 3A,B). In addition, we executed time-dependent ROC curve analysis to assess the sensitivity and specificity of survival prediction for the three-gene signature in TCGA. The AUC values of the risk scores corresponding to 1-year, 3-years, and 5-years survival were 0.646, 0.639, and 0.746, respectively (Figure 3C). This further confirms the high sensitivity and specificity of the three-gene signature as a reliable predictor of overall survival in PAAD. The univariate Cox regression demonstrated that risk score, age, grade, and pathological N could forecast poorer PAAD survival (Figure 3D). As shown in Figure 3E, we created a nomogram model combining the three-gene-based risk score with clinicopathological characteristics (age, grade and pathological N) to evaluate the probability of survival at 1-year, 3-years, and 5-years overall survival in PAAD. Our results demonstrated that the LINC02432/hsa-miR-98–5p/HK2 ceRNA axis might be especially important for the development and prognosis of PAAD by influencing glycolytic activity.
[image: Figure 3]FIGURE 3 | Construction of a prognostic model of PAAD based on the LINC02432/hsa-miR-98–5p/HK2 ceRNA network. (A) Risk curves and scatter plots for each sample in the TCGA-PAAD cohort after rearrangement by the ggrisk algorithm. The heat map exhibited the expression levels of LINC02432, hsa-miR-98–5p, and HK2 in the high risk score and low risk score groups. (B) Kaplan-Meier analysis showing overall survival in low-risk and high-risk patient groups. (C) The time-dependent ROC curves and AUC for 1-year, 3-years, and 5-years overall survival. (D) Univariate Cox regression analysis was used to assess the association of clinicopathological features and risk scores. (E) A nomogram model was constructed using four independent prognostic factors (risk score, age, grade, and pathological T).
3.4 Glycolysis-Related LINC02432/Hsa-miR-98–5p/HK2 Axis Inhibited Ferroptosis
To investigate the role of the glycolysis-related ceRNA network in regulating the ferroptosis pathway, we first downloaded a total of 259 ferroptosis-related genes from the FerrDb database, including 108 driver genes, 69 repressor genes, and 111 marker genes. Then, the ssGSEA scores of the three ferroptosis-related gene sets were plotted through a heatmap in PAAD samples (Figure 4A). We found that the correlation of ceRNA risk score was strongest with the ferroptosis suppressor gene set score. Pearson correlation analysis revealed that ceRNA risk score was significantly positively correlated with ferroptosis suppressor gene sets score (R = 0.66, p < 0.001) (Figure 4B). Meanwhile, we found a significant positive correlation between the glycolysis score and the ferroptosis inhibitory genome score (Figure 4C). Following the correlation heatmap cluster analysis of ferroptosis suppressor gene expression data, two clusters of genes were identified as key ferroptosis suppressor genes in PAAD (Figure 4D). Further, we analyzed the correlation between the ceRNA axis and the two clusters of ferroptosis suppressor gene. We found six ferroptosis suppressor genes (HELLS, PROM2, CA9, MUC1, NQO1, and SRC) were significantly positively correlated with risk score, LINC02432, and HK2 and significantly negatively correlated with hsa-miR-98–5p (Figure 4E). GEPIA expression analysis showed that the mRNA expression levels of these six ferroptosis suppressor genes were significantly higher in PAAD tissues than in adjacent normal tissues (Figure 4F). Kaplan-Meier survival analysis demonstrated that high expression of HELLS, PROM2, CA9, MUC1, NQO1, and SRC was significantly associated with a poor prognosis in PAAD patients (Supplementary Figure S7). To gain more evidence that the ceRNA network regulates ferroptosis in pancreatic cancer, we analyzed the relationship between the ceRNA axis and SLC7A11. We found that SLC7A11 expression was positively correlated with the expression of LINC02432 and HK2, and negatively correlated with the expression of hsa-miR-98–5p (Figure 4G). In addition, sorafenib was a ferroptosis inducer. Drug sensitivity analysis showed that the IC50 of sorafenib in the high risk group was significantly higher than that in the low risk group (Figure 4H). Correlation analysis indicated that the expression of LINC02432 was positively correlated with sorafenib IC50 in PAAD (Figure 4I).
[image: Figure 4]FIGURE 4 | The correlation between LINC02432/hsa-miR-98–5p/HK2 axis and ferroptosis. (A) Heatmap of ssGSEA scores for the three ferroptosis-related genes in PAAD samples. (B) Dot plot of Pearson correlation between ceRNA risk score and ferroptosis suppressor gene set score. (C) The Pearson correlation was used to assess the relationship between glycolysis score and ferroptosis suppressor gene set score. (D) Correlation heatmap showing the clustering of ferroptosis suppressor gene expression. (E) The correlation heatmap demonstrated the relationship between the LINC02432/hsa-miR-98–5p/HK2 axis and two ferroptosis suppressor gene clusters. (F) GEPIA data analysis exhibited the differential expression of HELLS, PROM2, CA9, MUC1, NQO1, and SRC in PAAD compared to normal tissue. (G) Pearson correlation analysis was applied to assess the relationship between SLC7A11 and LINC02432/hsa-miR-98–5p/HK2 axis. (H) Comparison of sorafenib IC50 between low and high risk score groups in PAAD. (I) Correlation between LINC02432 expression and sorafenib IC50 values.
3.5 CeRNA Risk Score Was Positively Correlated With M0 Macrophages Infiltration
To assess the relationship among ceRNA risk scores and immune cell infiltration, we applied the ImmuCellAI tool to calculate the abundance of 24 immune cell subsets in PAAD samples. As shown in Supplementary Figure S8A, the association among immune cell infiltration and ceRNA risk score was demonstrated by a heat map. We then investigated the infiltration differences of 24 immune cells between the high ceRNA risk score and low ceRNA risk score groups. We discovered that the expression signatures for three types of infiltrating cells (Th17 cells, macrophages, and neutrophils) were elevated in the high ceRNA risk score group. The low ceRNA risk score group had higher infiltration levels of CD4+ naive cells, Tex cells, Tr1 cells, iTreg cells, Th2 cells, Tfh cells, Tcm cells, MAIT cells, NK cells, CD4+ T cells and CD8+ T cells (Figure 5A). Univariate Cox regression analysis revealed that, among the 14 differentially infiltrating immune cells, only macrophages was a significant prognostic factor for the overall survival of PAAD patients (Figure 5B). Furthermore, Kaplan-Meier curve analysis suggested that high macrophage infiltration PAAD patients had poor overall survival (Figure 5C). Finally, the Pearson correlation analysis revealed that macrophage infiltration levels were positively correlated with ceRNA risk score, LINC02432, and HK2, which was also negatively correlated with hsa-miR-98–5p (Figure 5D).
[image: Figure 5]FIGURE 5 | Relationship between LINC02432/hsa-miR-98–5p/HK2 ceRNA network and tumor-infiltrating immune cells in the TME of PAAD. (A) The box plots showed the differences in the proportions of 24 tumor-infiltrating immune cells among the high ceRNA risk score and low ceRNA risk score groups. (B) Univariate Cox regression analysis of 14 differentially expressed tumor-infiltrating immune cells. (C) Kaplan-Meier curve analysis of overall survival in high macrophages fraction and low macrophages fraction groups. (D) The Pearson correlation among the fraction of macrophages and the LINC02432/hsa-miR-98–5p/HK2 ceRNA network. (E) Based on the CIBERSORT algorithm, histograms showed the infiltration of 22 immune cells in each sample. (F) The box plots showed the difference of the 22 infiltrating immune cells between groups with different ceRNA risk scores. (G) Kaplan-Meier curves of M0 macrophages for overall survival in PAAD patients. (H) The Pearson correlation between the fraction of M0 macrophages and the ceRNA risk score.
The macrophages could be split into three subtypes (M0, M1, and M2), of which M0 was the inactive subtype and could differentiate into either the M1 or M2 activated subtypes. In the present study, we investigated the correlations among ceRNA risk scores and three macrophage subtypes by the CIBERSORT algorithm. The histogram of immune cell infiltration clearly showed that PAAD patients had a high abundance of M0 macrophages, M2 macrophages, and CD4+ memory resting T cells (Figure 5E). In addition, the box plot of the discrepancy of immune cell infiltration revealed that the abundance of CD8+ T cells and naive B cells were significantly higher in the low risk group, and the levels of M0 macrophages was significantly higher in the high risk group (Figure 5F). Subsequently, we performed a Kaplan-Meier survival analysis of the three differentially infiltrating immune cells. We found that only higher M0 macrophage infiltration was significantly associated with decreased overall survival (Figure 5G). However, more CD8+ T cells and naive B cells infiltration were not significantly associated with overall survival (Supplementary Figure S8B). Then, a Pearson correlation analysis was performed to assess the correlation between M0 macrophages infiltration and ceRNA risk score. We discovered that the infiltration level of M0 macrophages was positively correlated with ceRNA risk score (Figure 5H).
3.6 CeRNA Risk Scores Were Associated With Chemokine Levels in PAAD
Chemokines, also referred to as chemotactic cytokines, have long been recognized as critical mediators of the inflammatory response and played a key role in the infiltration and activation of immune cells. To elucidate the relationship between ceRNA risk scores and chemokine levels in PAAD, we compared the gene expression levels of 40 known chemokines among the high-risk score and low-risk score groups. We found that six chemokines (CCL7, CCL20, CCL24, CXCL3, CXCL5, and CXCL8) were upregulated in the high-risk score group, while 14 chemokines (CCL2, CCL3, CCL4, CCL5, CCL14, CCL16, CCL17, CCL19, CCL21, CCL23, CXCL12, CXCL13, XCL1 and XCL2) were downregulated in the high risk score group (Figure 6A). As showed in Figure 6B, the GEPIA analysis showed that 13 of the above 20 chemokines were significantly upregulated in PAAD. Furthermore, through the cluster heatmap of Pearson correlation hierarchical clustering analysis based on the 13 differentially expressed chemokines pattern, we identified two gene clusters: cluster one included four genes (CXCL3, CXCL5, CXCL8, and CCL20), and cluster two included eight genes (CCL2, CCL3, CCL4, CCL5, CCL17, CCL19, CCL21, and CXCL13) (Figure 6C). The Pearson correlation analysis demonstrated that ssGSEA score of cluster one was negatively correlated with cluster two score (Figure 6D). Moreover, Kaplan-Meier survival analysis showed that high cluster one score patients had worse overall survival, and high cluster two score patients had better overall survival (Figure 6E). Finally, we performed Pearson correlation analysis to investigate the relationship between LINC02432/hsa-miR-98–5p/HK2 ceRNA network and two chemokine clusters. As shown in Figure 6F, we found that cluster one score was positively correlated with macrophages, M0 macrophages, risk score, LINC02432, and HK2, and negatively correlated with hsa-miR-98–5p. On the contrary, cluster two score was negatively correlated with macrophages, M0 macrophages, risk score, LINC02432, and HK2, as well as positively correlated with hsa-miR-98–5p.
[image: Figure 6]FIGURE 6 | Correlation between ceRNA risk scores and chemokine levels. (A) The box plots showed the expression differences of 40 chemokines among high risk score and low risk score groups of TCGA-PAAD patients. (B) The box plot revealed the expression levels of chemokines between PAAD tissues and normal tissues by the GEPIA2 tool. (C) The clustered heatmap showed the Pearson correlation of 13 differentially expressed chemokines. (D) The Pearson correlation analysis of two chemokine clusters based on the ssGSEA scores. (E) The Kaplan-Meier curves of PAAD overall survival based on the ssGSEA scores of two chemokine clusters. (F) The Pearson correlation analysis of two chemokine clusters with LINC02432/hsa-miR-98–5p/HK2 ceRNA network and macrophages infiltration levels.
3.7 Correlation Between ceRNA Risk Scores and Immune Checkpoint Genes
Immune checkpoint genes, as key genes regulating immune responses, were frequently dysregulated in tumor and immune cells, leading to immune evasion of cancer cells. In order to further analyze the association between ceRNA risk scores and immune checkpoint genes, we first compared differential expression of the eight immune checkpoint genes (CD274, CTLA4, HAVCR2, LAG3, PDCD1, PDCD1LG2, SIGLEC15, and TIGIT) in PAAD samples and normal samples. We found that all eight immune checkpoint genes had high expression levels in PAAD tissues (Figure 7A). As presented in Figure 7B, LAG3 and PDCD1 were downregulated in the high risk group, but they were not significantly different between LINC02432 high and low expression groups. Only SIGLEC15 was significantly up-regulated in the high-risk score group and the high LINC02432 expression group. TIDE analysis showed no correlation between ceRNA risk score and immunotherapy (anti-PDCD1 therapy and anti-CTLA4 therapy) (Figure 7C). We then assessed the correlation between SIGLEC15 and ceRNA risk score by Pearson correlation analysis. We found that SIGLEC15 expression was significantly positively correlated with ceRNA risk score and LINC02432 expression (Figure 7D). Moreover, Kaplan-Meier analysis indicated that high expression of SIGLEC15 could predict poor prognosis of PAAD patients (Figure 7E). This was uniform with the prognostic results of LINC02432 and HK2. To further validate the expression of SIGLEC15 across different cell types in pancreas tissues, we used the scRNA-seq data from the HPA. We discovered that SIGLEC15 was expressed almost exclusively in cluster c-13 corresponding to macrophages of the pancreas (Figure 7F).
[image: Figure 7]FIGURE 7 | Correlation of ceRNA risk score with the expression of immune checkpoint genes for PAAD. (A) The expression of eight immune checkpoint genes between PAAD tissues and normal pancreas tissues. (B) The expression differences of eight immune checkpoint genes among different groups. (C) Statistical analysis of TIDE scores between low and high risk groups. (D) The correlation between SIGLEC15 expression and ceRNA risk score was analyzed by Pearson correlation analysis. (E) The prognostic significance of SIGLEC15 assessed by Kaplan-Meier analysis. (F) SIGLEC15 expression was identified in different human pancreas cell types by scRNA-seq data from the HPA.
3.8 LINC02432/Hsa-miR-98–5p/HK2 Axis Was Related to TMB in PAAD
TMB, the total number of somatic mutations in tumors, was emerging as a promising biomarker for immunotherapy response in cancer patients. To analyze the relationship between ceRNA risk scores and TMB, somatic mutation analysis was performed to show the top 10 frequently mutated genes associated with PAAD tumorigenesis. The mutation frequency of high LINC02432 expression group was mostly higher than that of low LINC02432 expression group, especially KRAS, TP53, SMAD4 and CDKN2A (Figure 8A). Subsequently, the results of mutual exclusion and co-occurrence analysis of the top 10 frequently mutated genes were shown in Figure 8B. KRAS mutations, as the highest frequency mutations in PAAD, were co-occurrence with TP53, SMAD4, and CDKN2A mutations. The 169 PAAD samples were divided into four groups according to gene mutational status (WT: wild type; MUT: mutant) and high/low risk score. As shown in Figure 8C, the mutation frequencies of KRAS, TP53, and SMAD4 genes were significantly higher in the high-risk score patients than that in the low-risk score patients. Furthermore, we analyzed the differential expression of the LINC02432/hsa-miR-98–5p/HK2 ceRNA axis in the MUT and WT groups. The results demonstrated that LINC02432 and HK2 were significantly upregulated in the KRAS, TP53, and SMAD4 mutant groups, and hsa-miR-98–5p was significantly downregulated in the KRAS and TP53 mutant groups (Figure 8D). Based on TCGA mutation data of whole-exome sequencing, we calculated the TMB score for each PAAD patient. The survival curve showed that the survival time of patients in the high TMB score group was significantly shorter than that in the low TMB score group (Figure 8E). Meanwhile, patients with high ceRNA risk score had remarkably higher TMB score than patients with low ceRNA risk score (Figure 8F). Finally, Pearson correlation analysis indicated that TMB scores were positively correlated with the ceRNA risk score in PAAD patients (Figure 8G). Previous studies reported that patients with high TMB had better response to immunotherapy. Combined with the above results, PAAD patients in the high risk group might be more sensitive to anti-SIGLEC15 immunotherapy, but not to anti-PD-L1 and anti-CTLA4 immunotherapy.
[image: Figure 8]FIGURE 8 | The relationship between TMB and risk score. (A) The mutation signatures of the top 10 significant mutated genes in the high and low LINC02432 expression groups. (B) The heatmap showing the co-occurrence and mutually exclusive mutations within the top 10 frequently mutated genes. (C) The distribution ratio of PAAD patients in different risk subgroups. (D) The expression levels of LINC02432, hsa-miR-98–5p, and HK2 in the WT and Mut groups of KRAS, TP53, and SMAD4 genes. (E) Kaplan-Meier survival analysis for PAAD patients stratified by TMB score. (F) TMB score between patients from the high and low ceRNA risk score subgroups. (G) The Pearson correlation analysis between risk score and TMB score.
3.9 Correlation Analysis Between Risk Score and the Drug Sensitivity
Previous studies have shown that the high rates of tumor cell glycolysis would make them resistant to many forms of chemotherapy. To identify potential drugs for PAAD patients with high risk scores, we first estimated IC50s for 198 drugs using the oncoPredict package in R software. As shown in the correlation heatmap, the results showed that the risk score was positively correlated with the IC50 values of most anti-tumor drugs (Figure 9A). This suggests that patients with high-risk had less sensitive to most antitumor drugs. Further analysis found that only two clusters containing 10 compounds were negatively associated with risk scores (Figure 9B). Meanwhile, differential analysis of drug IC50 values showed that EGFR inhibitors (afatinib, lapatinib and sapitinib), MEK inhibitors (PD0325901, trametinib and selumetinib) and ERK inhibitors (Ulicocitinib, VX-11e, SCH772984, and ERK_6604) had lower IC50 values in the high risk group compared with the low risk group (Figure 9C). Pearson correlation analysis indicated that the IC50 of the other nine drugs except lapatinib were significantly positively correlated with lINC02432 expression (Figure 9D). These results suggested that high-risk PAAD patients with high immune infiltration and TMB might be more sensitive to EGFR, MEK, and ERK inhibitors.
[image: Figure 9]FIGURE 9 | Drug sensitivity analysis of the risk score. (A) The correlation heatmap between the IC50 values of anti-tumor drugs and risk score. (B) Correlation heatmap showing the association of two clusters drugs (containing 10 compounds) with risk scores. (C) Differential analysis of drug IC50 values between high risk score and low risk score groups. (D) Scatter plots showed correlation between IC50 values of 10 compounds and lINC02432 expression.
4 DISCUSSION
Cancer cells almost universally showed metabolic reprogramming with an increased reliance on aerobic glycolysis (Warburg effect) (Telarovic et al., 2021). Recent studies indicated that metabolically reprogrammed aerobic glycolysis promoted cell proliferation and cell metastasis of PAAD (An et al., 2017; Fan et al., 2019; Cao et al., 2020; Yu et al., 2021). In PAAD, targeting aerobic glycolysis is considered a potential therapeutic strategy to improve patient outcomes (Zhang and Zhang, 2021). Although there is a lot of research on the involvement of glycolysis in PAAD progression, there were seldom reports on studies involving glycolysis-related biomarkers and prognosis in PAAD patients. LncRNA is an RNA transcript that does not encode a protein and is longer than 200 nucleotides. Mounting evidence has shown that lncRNAs, functioning as a ceRNA by competitively binding to miRNAs, affect aerobic glycolysis and participate in cancer progression and treatment resistance. For example, Jia et al. demonstrated that the lncRNA LNCAROD induced pyruvate kinase isoenzyme M2 (PKM2) upregulation via sponging miR-145–5p, increased aerobic glycolysis in hepatocellular carcinoma cells, and was eventually involved in tumor malignancy and chemoresistance (Jia et al., 2021). Xu et al. had reported that LINC01448 promoted cell proliferation, cell invasion, and glucose consumption by modulating the miR-505/HK2 pathway in PAAD (Xu Z. et al., 2020). Therefore, in-depth investigation of the mechanism of lncRNA regulation of aerobic glycolysis in PAAD may provide new strategies for clinical tumor management.
In this study, combined with the TCGA and GEO databases, we used bioinformatics technology to obtain the LINC02432/hsa-miR-98–5p/HK2 ceRNA axis, which might influence the development and prognosis of PAAD by affecting glycolytic activity. Current research showed that HK2 and PKM2 were two important enzymes that directly modulate glycolysis. In PAAD, upregulated expressions of HK2 and PKM2 were associated with lactate production and poor clinical prognosis (Bernier et al., 2017; Yu et al., 2021). Numerous studies have shown that hsa-miR-98–5p was downregulated in some malignancies and could function as a tumor suppressor (Jiang F. et al., 2019). Fu et al. suggested that hsa-miR-98–5p inhibited cell proliferation and cell metastasis by downregulating the counter-regulatory mitogen-activated protein four kinase 4 (MAP4K4) in PAAD (Fu et al., 2018). Zhu et al. found that hsa-miR-98–5p inhibited colon cancer cells glycolysis by directly targeting HK2 (Zhu et al., 2017). Additionally, hsa-miR-98–5p has been proved to be a target of lncRNA TMPO-AS1, inhibiting the progression of colorectal cancer cells by downregulating the expression of branched chain amino acid transaminase 1 (BCAT1) (Ye et al., 2022). For the first time, the present study found that hsa-miR-98–5p was sponged by the LINC02432 and regulated HK2 in PAAD cells. To our knowledge, LINC02432 had only been reported to be highly expressed in the kidney and pancreas (Fagerberg et al., 2014; Qu et al., 2021). There was no report about the function of LINC02432. Our research results provided a new potential target for glycolysis-targeted therapy of PAAD.
In the present study, we found that six ferroptosis suppressors (HELLS, PROM2, CA9, MUC1, NQO1, and SRC) were significantly positively associated with the ceRNA network. Jiang et al. found that HELLS interacted with WDR76 (WD repeat domain 76) to inhibit ferroptosis by activating metabolic genes, including glucose transporter 1 (GLUT1), and sterol-CoA desaturase 1 (SCD1), and fatty acid desaturase 2 (FADS2) (Jiang et al., 2017; Mazhar et al., 2021). Luo et al. revealed that PROM2 promoted iron export and ferroptosis resistance via formation of multivesicular bodies (MVBs) in BLCA (Luo et al., 2021). Li et al. demonstrated that carbonic anhydrase 9 (CA9), a classical HIF1A target gene, promoted malignant mesothelioma resistance to ferroptosis and apoptosis under hypoxia (Li et al., 2019; Tang et al., 2021). Meanwhile, MUCIN 1 (MUC1) could bind to the CD44 variant to enhance the stability of SLC7A11, thereby inhibiting erastin-induced ferroptosis in triple-negative breast cancer cells (Hasegawa et al., 2016; Tang et al., 2021). NAD(P)H: ubiquinone oxidoreductase-1 (NQO1) functioned as a CoQ oxidoreductase and mitochondrial ROS inhibitor and has been demonstrated to suppress ferroptosis (Sun et al., 2016; Peng et al., 2022). Studies have shown that the activation of SRC proto-oncogene non-receptor tyrosine kinase (SRC) can inhibit cancer cell ferroptosis by inhibiting the expression of acyl-CoA synthetase long-chain family member 4 (ACSL4) (Brown et al., 2017; Ye et al., 2021). This further suggested the regulatory role of LINC02432/hsa-miR-98–5p/HK2 axis on ferroptosis inhibition. At the same time, studies have confirmed that SLC7A11 is a key regulator of ferroptosis in response to sorafenib (Huang et al., 2021). Sorafenib could induce ferroptosis by the inhibition of SLC7A11 (glutamate-cystine exchanger xCT) (Wang H. et al., 2021; Wang et al., 2022). In this study, we found that the expression of SLC7A11 was positively correlated with LINC02432 and HK2. This may be a possible mechanism that the patients in the high-risk group were more insensitive to sorafenib.
Pancreatic TME, and in particular infiltrating inflammatory cells (largely macrophages), represented an important contributing factor to PAAD aggressiveness and resistance to treatment (Mohseni et al., 2021). Macrophages in the TME were often called tumor-associated macrophages and contained three phenotypes: M0, M1, and M2 (Xu C. et al., 2020). Studies have shown that M1 macrophages had pro-inflammatory and anti-tumor effects and were associated with good prognosis in certain cancers. M2 macrophages had immunosuppressive and tumor-promoting effects (Zhang J. et al., 2020; Yu et al., 2020). M0 macrophages, as a non-polarized subtype, were independent predictors of poor prognosis in PAAD patients (Zhang J. et al., 2020; Xu C. et al., 2020). Tekin et al. discovered that M0 macrophages secreted matrix metalloprotease 9 (MMP9) to induce mesenchymal transition in PAAD cells via protease-activated receptor 1 (PAR1) activation (Tekin et al., 2020). Consequently, we explored the relationship among ceRNA network and tumor-associated macrophages in PAAD using ImmuCellAI and CIBERSORT algorithms. In this study, we found that LINC02432/hsa-miR-98–5p/HK2 ceRNA risk score was remarkably positively associated with the infiltration level of M0 macrophages. These results strongly suggested that the LINC02432/hsa-miR-98–5p/HK2 axis played an outstanding role in the regulation of PAAD immune cell infiltration.
Chemokines (chemotactic cytokines), as a type of small molecular proteins, have been shown to accelerate cell proliferation, cell invasion, and cell migration, and regulate immune cell infiltration in various tumors (Nagarsheth et al., 2017; Wu and Chu, 2021). Therefore, we elucidated the relationship among ceRNA risk scores and 40 known chemokines levels in PAAD. Found that the LINC02432/hsa-miR-98–5p/HK2 ceRNA risk score was positively correlated with CXCL3, CXCL5, CXCL8 and CCL20. Current research has shown that CXCL3, CXCL5, and CXCL8 were CXC chemokines strongly associated with tumor angiogenesis. CXCL5 was upregulated in PAAD tissues and was associated with poor patients prognosis (Zhang R. et al., 2020). Meanwhile, studies have shown that the GABRP-KCNN4 complex could promote the transcription of CXCL5 and CCL20 by activating NF-kappaB, ultimately inducing macrophage infiltration in PAAD (Jiang S. H. et al., 2019). It suggested that the LINC02432/hsa-miR-98–5p/HK2 axis might be involved in the angiogenesis of PAAD. In addition, we also found ceRNA risk score was significantly negatively correlated with CCL2, CCL3, CCL4, CCL5, CCL17, CCL19, CCL21 and CXCL13. Numerous studies have suggested that CCL2 and CCL5 could promote M2 macrophages generation in TME (Smida et al., 2020; Kang et al., 2021). M2 macrophages secreted chemokines such as CCL17 and CXCL13 (Liu Y. et al., 2020; Xie et al., 2021). Meanwhile, CCL19 and CCL21 were shown to be associated with M1 macrophage chemotaxis (Xuan et al., 2015; Boibessot et al., 2021). Chemokines such as CCL3 and CCL4 were upregulated in M1 macrophages compared to M2 macrophages (Hörhold et al., 2020). These chemokines were lowly expressed in the high risk score group of PAAD patients, which might be the main reason why tumor-associated macrophages maintained an undifferentiated M0 phenotype.
Immune checkpoint blockade has demonstrated substantial usefulness in non-small cell lung cancer, melanoma, renal cancer, and other cancers, while its role in PAAD was limited (Wang G. et al., 2021). TAMs have been found to play a significant function in regulating PAAD tumorigenesis and immune checkpoint responses (Li et al., 2018). Therefore, analyzing the relationship between the macrophages infiltration related ceRNA network and immune checkpoint genes had important guiding significance for the immunotherapy of PAAD. In this study, we found that the transcript levels of eight immune checkpoint genes (CD274, CTLA4, HAVCR2, LAG3, PDCD1, PDCD1LG2, SIGLEC15, and TIGIT) were all upregulated in PAAD tissues. However, only SIGLEC15 were significantly positive correlated with LINC02432/hsa-miR-98–5p/HK2 ceRNA risk score. This might be the reason why the ceRNA risk score was not related to the TIDE score (predictor for anti-PDCD1 and anti-CTLA4 therapy). SIGLEC15 was recently reported as an immunosuppressive molecule expressed by TAMs and upregulated in some solid tumors including PAAD (Li Q. T. et al., 2020; Läubli and Varki, 2020). In the TME, SIGLEC 15 could bind to putative responder protein expressed on CD8+ T cells to induce subsequent suppression of antitumor immune responses (Cao et al., 2019). A human Phase I clinical trial is currently underway to evaluate the efficacy of a humanized mAb (NC318) against SIGLEC15 in solid tumors (Wang et al., 2019). So, LINC02432/hsa-miR-98–5p/HK2 axis was therefore suggested as an auxiliary marker for SIGLEC15 blocking immunotherapy, and as a potential therapeutic target for PAAD.
Repeated somatic mutations in specific genes have been identified as potential cancer promoters (Balmain, 2020; Pan et al., 2022). In pancreatic cancer, four genes are often mutated: KRAS, CDKN2A, SMAD4, and TP53 (Ciernikova et al., 2020). Previous studies have shown that KRAS mutations first drived pancreatic precancerous lesions, followed by inactivation of CDKN2A, TP53, and SMAD4 (Kato et al., 2016; Qin et al., 2020). Recent studies have revealed that inactivation of tumor suppressors could promote cellular aerobic glycolysis. For example, PAAD driver (KRAS and TP53 genes) mutations could elevate the expression of glucose transporter 1 (GLUT1), hexokinase 1 (HK1), hexokinase 2 (HK2), and lactate dehydrogenase A (LDHA) (Oba et al., 2018; Chisari et al., 2021). Meanwhile, SMAD4 inactivation in PAAD could promote upregulated expression of PGK1 and enhance glycolysis and tumor invasiveness (Liang et al., 2020; Zhu et al., 2021). Therefore, we analyzed the correlation between LINC02432/hsa-miR-98–5p/HK2 ceRNA network and somatic mutations in PAAD. We found that the ceRNA network was mainly associated with KRAS and TP53 mutations. PAAD patients with KRAS and TP53 mutant genes had high expression levels of LINC02432 and HK2, and low hsa-miR-98–5p expression levels. The number of somatic mutations present in the tumor genome was represented by TMB. High TMB score was associated with the poor prognosis of PAAD patients (Li L. et al., 2021). Meanwhile, high TMB could increase the emergence of neoantigens, thereby enhancing immunotherapy response (Lin et al., 2021). In this study, we found ceRNA risk score was positively associated with TMB score. Our results suggested that PAAD patients with high risk score might be more sensitive to anti-SIGLEC15 immunotherapy. In recent years, the discovery of antitumor targets has led to the development of cancer therapy from traditional cytotoxic drugs to new specific antitumor drugs (Li C. et al., 2020; Li C. et al., 2021). Our drug susceptibility analysis showed that high-risk PAAD patients might be more sensitive to EGFR, MEK, and ERK inhibitors. The results showed that the risk score model based on the LINC02432/hsa-miR-98–5p/HK2 ceRNA network could well predict the drug sensitivity of PAAD patients and guide the clinical selection of appropriate drugs to a certain extent.
CONCLUSION
In conclusion, through integrated bioinformatics analysis, we constructed a novel glycolysis-related LINC02432/hsa-miR-98–5p/HK2 ceRNA network in which all RNAs had significant predictive values for PAAD prognosis. At the same time, the ceRNA network was markedly associated with ferroptosis, immune infiltration, tumor mutational burden, and drug sensitivity. The results of the present study may further elucidate the mechanisms underlying PAAD progression and provide novel targets for the treatment of PAAD.
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Skin cutaneous melanoma (SKCM, hereafter referred to as melanoma) is the most lethal skin cancer with increasing incidence. Regulated cell death plays an important role in tumorigenesis and serves as an important target for almost all treatment strategies. Cuproptosis is the most recently identified copper-dependent regulated cell death form that relies on mitochondria respiration. However, its role in tumorigenesis remains unknown. The correlation of cuproptosis-related genes with tumor prognosis is far to be understood, either. In the present study, we explored the correlation between cuproptosis-related genes with the prognosis of melanoma by accessing and analyzing a public database and found 11 out 12 genes were upregulated in melanoma tissues and three genes (LIPT1, PDHA1, and SLC31A1) have predictive value for the prognosis. The subgroup of melanoma patients with higher cuproptosis-related gene expression showed longer overall survival than those with lower gene expression. We chose LIPT1 for further exploration. LIPT1 expression was increased in melanoma biopsies and was an independent favorable prognostic indicator for melanoma patients. Moreover, LIPT1 expression was positively correlated with PD-L1 expression and negatively associated with Treg cell infiltration. The melanoma patients with higher LIPT1 expression showed longer overall survival than those with lower LIPT1 expression after receiving immunotherapy, indicating the prognostic predictive value of LIPT1. Finally, a pan-cancer analysis indicated that LIPT1 was differentially expressed in diverse cancers as compared to normal tissues and correlated with the expression of multiple immune checkpoints, especially PD-L1. It could serve as a favorable prognosis indicator in some cancer types. In conclusion, our study demonstrated the prognostic value of cuproptosis-related genes, especially LIPT1, in melanoma, and revealed the correlation between LIPT1 expression and immune infiltration in melanoma, thus providing new clues on the prognostic assessment of melanoma patients and providing a new target for the immunotherapy of melanoma.
Keywords: ion-driven cell death, melanoma, LIPT1, prognosis, immune infiltration
INTRODUCTION
Skin cutaneous melanoma (SKCM, hereafter referred to as melanoma), arising from the malignant transformation of melanocytes, is the most aggressive and deadliest type of skin cancer (Huang and Zappasodi, 2022). Although it accounts for about 1% of all skin cancers, it is responsible for about 80% of the deaths from these skin cancers (Banach et al., 2021; Moyers and Glitza Oliva, 2021). Worse still, its annual incidence kept on increasing over the past several decades (Muzumdar et al., 2021; Welch et al., 2021). The interaction between genetic susceptibility and environmental exposures contributes to the onset and development of melanoma (Dzwierzynski, 2021). Ultraviolet exposure and high tumor mutation burden are supposed to be the most common risk factors in melanoma (Huang and Zappasodi, 2022).
The localized or regional melanoma can be removed by surgery (Morton et al., 2014; Curti and Faries, 2021). However, patients with advanced melanoma can only be treated with systemic therapy (Curti and Faries, 2021). Dacarbazine was the standard chemotherapy for melanoma (Curti and Faries, 2021). However, the overall survival of the patients treated with dacarbazine was about 9.1 months, and the response rates were about 5% (Chapman et al., 2011; Robert et al., 2011). Melanoma harbored the highest genetic mutation burden among all solid tumors. Oncogenic mutations in BRAF were observed in about 40–50% of melanoma patients (Sullivan and Flaherty, 2013). Vemurafenib, a BRAF inhibitor, became the first approved targeted drug for the treatment of melanoma bearing oncogenic BRAF gene mutation (Curti and Faries, 2021). Although it can improve the median overall survival to 15.9 months, the median duration of response was 6.7 months, indicating the primary or acquired resistance to these targeted therapies (Sosman et al., 2012). Though the combination of BRAF inhibitor and MEK inhibitor can improve the response rates, the median progression-free survival, and overall survival, the acquisition of resistance remains inescapable (Larkin et al., 2014; Long et al., 2014; Robert et al., 2015a; Curti and Faries, 2021). Therefore, it is necessary to fully understand the landmarks of melanoma to reveal new targets.
Immune checkpoints, such as cytotoxic T-lymphocyte antigen-4 (CTLA-4) and programmed cell death-1 (PD-1), are surface proteins primarily expressed on T cells. They inhibit the initiation, duration, and magnitude of the immune responses when interacting with their ligands expressed on the antigen-presenting cells (Su and Fisher, 2016; Carlino et al., 2021). Immune checkpoint inhibitors (ICIs) restore the antitumor activity of cytotoxic T cells by blocking these immune checkpoints or their ligands (Barrios et al., 2020). Ipilimumab, an antibody against CTLA-4, was approved for the treatment of melanoma in 2011. It became the first ICI that received approval for tumor immunotherapy (Bagchi et al., 2021). It could improve the median overall survival to 19.9 months (Wolchok et al., 2017). The objective response rates to anti-CTLA-4 antibodies were about 10%–20% (Postow et al., 2015). With the quick development of ICIs, antibodies against PD-1 and PD-L1 were next approved for the treatment of melanoma. These inhibitors can improve the objective response to 30–40% with fewer adverse events (Robert et al., 2015b; Robert et al., 2015c; Postow et al., 2015). Even though the combination of anti-PD-1 and anti-CTLA-4 further improved the objective response rate to about 60%, it was accompanied by more adverse events (Postow et al., 2015; Wolchok et al., 2017). Therefore, finding predictive biomarkers for the response to ICI-based immunotherapy is ultimate to maximize the therapeutic benefits. PD-L1, IDO, IFNγ signatures, tumor-infiltrating immune cells, neoantigen burden, along with some other factors were regarded to be important biomarkers (Herbst et al ., 2014; Gibney et al., 2016; Darvin et al., 2018).
Regulated cell death (RCD), also known as programmed cell death (PCD), is generally regulated by signaling molecules and has unique biochemical, morphological, and immunological characteristics (Del Re et al., 2019; Tang et al., 2019). A growing number of RCD forms (apoptosis, necroptosis, autophagy, ferroptosis, pyroptosis, alkaliptosis, oxeiptosis, parthanatos, entotic cell death, netotic cell death, and lysosome-dependent cell death) has been identified to be involved in diverse pathological and physiological processes, such as homeostasis and tumorigenesis (Tang et al., 2019). The dysregulation of single or mixed forms of RCD was demonstrated to be involved in various kinds of diseases, including cancers (Linkermann et al., 2014; Gong et al., 2019). As the earliest founded and best-studied form of RCD, apoptosis is regarded as the target of almost all treatment strategies, including chemotherapies, radiotherapies, target therapies, and immunotherapies (Tang et al., 2019; Qi et al., 2022). However, resistance to apoptosis was, to a large extent, a major cause of the failure of these treatment strategies (Gong et al., 2019). Different forms of RCDs can be therapeutic alternatives to each other (Gong et al., 2019; Qi et al., 2022). Therefore, finding new forms of RCD is of utmost importance.
Copper is a kind of trace metals that was essential for life. Keeping the right amount of copper plays an important role in maintaining the function of all organisms and homeostasis. Copper lacking will damage the function of copper-binding enzymes, while copper accumulation will induce death in cells (Kahlson and Dixon, 2022). Recently, Peter et al. confirmed that copper itself, not copper ionophore was toxic to cells (Tsvetkov et al., 2022). The cuproptosis is a totally newly found cell death form that is different from other known death forms, including apoptosis, ferroptosis, and necroptosis (Tsvetkov et al., 2022). It is dependent on mitochondrial respiration instead of adenosine triphosphate (ATP) production (Tsvetkov et al., 2022). Moreover, they found seven genes (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, and PDHB) conferred resistance to cuproptosis, while three genes (MTF1, GLS, and CDKN2A) sensitized the cells to cuproptosis through whole-genome CRISPR-Cas9 selection screen (Tsvetkov et al., 2022). Copper importers (SCL31A1) and copper exporters (ATP7A and ATP7B) are important factors in keeping the intracellular copper concentration. CTR1, coded by SCL31A1, was essential in the uptake of high-affinity copper (Lutsenko, 2010). It helps retrieve cooper from specific carriers (Moriya et al., 2008). Mutations in ATP7A and ATP7B genes were found to cause Menke’s disease and Wilson’s disease, respectively, which were characterized by block and accumulation of copper (Nevitt et al., 2012). Peter et al. indicated that overexpression of SCL31A1 and deletion of ATP7B could sensitize cuproptosis (Tsvetkov et al., 2022). However, the role of cuproptosis in the onset, development, and prognosis of tumors remains unknown. Moreover, since cuproptosis is a newly discovered form of RCD, its potential in being the target of immunotherapy is far to understand.
In our present study, we explored the correlation between cuproptosis-related genes with the prognosis of melanoma through accessing and analyzing a public database, wishing to provide new thoughts for the treatment and prognosis evaluation of melanoma. An overview of the research design was presented in Supplementary Figure S1.
MATERIALS AND METHODS
Data Acquisition
RNA-sequencing expression profiles of 470 patients with SKCM were obtained from the TCGA dataset (https://portal.gdc.cancer.gov/projects/TCGA-SKCM). Samples of normal tissue were obtained from the GTEx data portal (https://www.gtexportal.org/home/datasets). GSE100050 and GSE114445 from the Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/) database were downloaded and used to further validate LIPT1s expression level.
Cuproptosis-related genes were identified from the previous literature by Tsvetkov et al. (2022).
The protein expression level of LIPT1 in tumors compared to normal tissue was obtained from the Human Protein Atlas database (https://www.proteinatlas.org/).
Subgroup Analysis
The “ConsensusClusterPlus” R package (v1.54.0) was used for the consistency analysis. The maximum number of clusters is six, and 80% of the total sample is drawn 100 times, clusterAlg = “hc”, innerLinkage = “ward.D2”. The gene expression heatmap retains genes with SD > 0.1. If the number of input genes is more than 1,000, it will extract the top 25% of genes after sorting the SD. Samples from the TCGA database were divided into two clusters on the basis of the cuproptosis-related genes level in SKCM patients.
Using the limma package in the R software to study the differentially expressed mRNA. “Adjusted p < 0.05 and |log2FC| > 2” were defined as the threshold for the differential expression of mRNAs between two clusters.
Immune Score Analysis
To assess the reliable results of immune score evaluation, we used the “CIBERSORT . It is the latest algorithm of the “immunedeconv” package. All the analysis methods and R package used in immune score analysis were implemented by R (version 4.0.3) and software packages “ggplot2” and “pheatmap”.
Survival Analysis
For Kaplan–Meier curves, p values and hazard ratio (HR) with 95% confidence interval (CI) were generated by log-rank tests and univariate cox proportional hazards regression. HR represents the hazard ratio of the low-expression sample relatives to the high-expression sample. HR > 1 indicates the gene is a risk factor, and HR < 1 indicates the gene is a protective factor. R packages “ggsrisk”, “survival”, “survminer”, and “timeROC” were implemented by R (version 4.0.3). p value < 0.05 was considered statistically significant.
Univariate and multivariate cox regression analyses were performed to identify the proper terms to build the nomogram. The forest was used to show the p value, HR, and 95% CI of each variable through the “forestplot” R package.
Functional Enrichment Analysis
The data were analyzed by functional enrichment to clarify further the function underlying potential targets. To better understand the carcinogenesis of mRNA, “ClusterProfiler” package (version 3.18.0) in R was employed to analyze the GO function of potential targets and enrich the KEGG pathway. The R software ggplot2 package was used to draw boxplot; the R software “heatmap” package was used to draw the heatmap.
GSVA was run using “GSVA” (version 1.30.0) to ascertain the different pathways for analyzing the relation between LIPT1 and biological function in SKCM. An adjusted p < 0.05 was considered to indicate statistical significance between different subgroups by the “limma” package.
Statistical Analysis
The statistical difference between the two groups was compared through the Wilcox test. Spearman correlation analysis was performed to evaluate the correlation between expression levels of LIPT1 with checkpoint-related genes. Kaplan-Meier survival analysis of the gene signature from TCGA dataset, comparison among different groups was made by log-rank test. The predictive efficiency of genes for overall survival (OS) was estimated using the receiver operating characteristic (ROC) curves by the “timeROC” package. Univariate and multivariate cox regression analyses were performed to identify the proper terms to build the nomogram Statistical analyses were performed using R software. p-value <0.05 was considered statistically significant.
RESULTS
Cuproptosis-Related Genes That Were Differentially Expressed Between Melanoma and Normal Biopsies
As indicated previously, 12 genes (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, CDKN2A, SLC31A1, and ATP7B) were demonstrated to be associated with cuproptosis (Tsvetkov et al., 2022). In order to confirm the involvement of these cuproptosis-related genes in melanoma, we compared the expression patterns of these 12 cuproptosis-related genes between melanoma and normal tissues downloaded from TCGA and GTEx databases. 470 cases of melanoma tissues and 1809 cases of normal tissues were enrolled in our analysis. Consequently, all these 12 genes were identified to be differentially expressed between melanoma and normal biopsies (Figures 1A,B). Among these differentially expressed genes, 11 genes (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, MTF1, GLS, CDKN2A, SLC31A1, and ATP7B) were upregulated, while one gene (PDHB) were downregulated in melanoma (Figures 1A,B). The combination of correlation analysis and prognosis analysis indicated that the expression of most cuproptosis-related genes was positively correlated with each other, and three genes (LIPT1, PDHA1, and SLC31A1) had a prognostic value in melanoma (Figure 1C).
[image: Figure 1]FIGURE 1 | Cuproptosis-related genes expressed in SKCM patients and their correlation and prognostic value. Box plots (A) and heat map (B) of cuproptosis-related genes in SKCM compared to normal tissues. (C) Spearman correlation and prognostic values of cuproptosis-related genes in SKCM. Red represents positive correlation whereas blue represents negative correlation. The larger the circle the smaller log-rank p. ***p < 0.001.
Consensus Clustering Analysis of Cuproptosis-Related Genes Identified the Difference in Baseline Characteristics and Survival Between Two Melanoma Subgroups
The consensus clustering analysis was conducted using the Consensus Cluster Plus package in R software. According to the expression of cuproptosis-related genes, the optimal clustering stability was chosen to be k = 2 in consensus clustering (Figure 2A, Supplementary Figure S2B). Consequently, the 470 melanoma patients downloaded from the TCGA database were divided into two subgroups, i.e., cluster 1 (high expression of cuproptosis-related gene group, n = 35) and cluster 2 (low expression of cuproptosis-related gene group, n = 435). The expressions of 11 cuproptosis-related genes (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, SLC31A1, and ATP7B) were found to be higher in cluster two than cluster 1, while CDKN2A was not differentially expressed between cluster one and cluster 2 (Figure 2B). No cuproptosis-related genes were found to be lower expressed in cluster 2 as compared to cluster 1. In the bioinformatics analysis, 4,851 differentially expressed genes were found between cluster one and cluster 2. In contrast to cluster 1, 4,602 genes were upregulated, while 249 genes were downregulated in cluster 2 (Figure 2C). The enrichment analysis of the cluster two upregulated genes in the KEGG dataset found the enrichment in some pathways, including the p53 signaling pathway, cell cycle, cellular senescence, autophagy-animal, endocytosis, EGFR tyrosine kinase inhibitor resistance, ubiquitin-mediated proteolysis, protein processing in the endoplasmic reticulum, FoxO signaling pathway and so on (Figure 2D). Moreover, enrichment analysis of these genes in the GO database indicated the enrichment in some molecular processes, including regulation of response to DNA damage stimuli, DNA damage checkpoint, DNA integrity checkpoint, cell cycle checkpoint, chromosome segregation, histone modification, proteasomal protein catabolic processes, proteasome-mediated ubiquitin-dependent protein catabolic process, protein-containing complex localization and so on (Figure 2E). Additionally, the GSVA of these upregulated genes found the enrichment in diverse pathways in the Hallmark database, such as protein secretion, Myc targets, unfolded protein response, G2M checkpoint, PI3K/AKT/mTOR signaling, KRAS signaling, p53 pathway, and so on (Figure 2F). In addition, patients in cluster two showed much longer overall survival than patients in cluster 1 (Figure 2G). These findings indicated that this cuproptosis-related gene might inhibit the progression of melanoma by regulating immune-related and cell death-related molecular processes and pathways.
[image: Figure 2]FIGURE 2 | Differential expression pattern of cuproptosis-related genes and survival and functional enrichment analysis in two Skin Cutaneous Melanoma (SKCM) clusters. (A) Consensus clustering matrix for k = 2. (B) Box plots visualized the expression patterns of cuproptosis-related genes in two SKCM clusters. (C) The heatmap of the differential gene expression between two SKCM clusters. (D–F) The most significant KEGG pathways (D), GO enrichment (E) and activation of multiple pathways by GSVA (F) in two SKCM clusters. (G) The Kaplan–Meier curves show the overall survival for two clusters of SKCM patients. **p < 0.01, and ***p < 0.001.
Confirmation of LIPT1 Expression in Melanoma Patients and Bioinformatics Analysis of LIPT1-Related Gene Signatures
Lipoyltransferase 1, encoded by the LIPT1 gene, is involved in the metabolism of lipoic acid (Habarou et al., 2017; Tsvetkov et al., 2022). Mutations in LIPT1 were found to cause some inherited metabolic disorders, such as a Leigh disease with secondary deficiency for pyruvate and alpha-ketoglutarate dehydrogenase and a fatal disease related to a specific lipoylation defect of the 2-ketoacid dehydrogenase complexes (Soreze et al., 2013; Tort et al., 2014). In our present study, we found that LIPT1 was upregulated in melanoma patients as compared to normal tissues when analyzing the data downloaded from TCGA and GTEx databases (Figure 3A). We, therefore, chose LIPT1 to further explore its role in the development of melanoma. We downloaded and analyzed the expression of LIPT1 in sixteen melanoma and six normal tissues (GSE114445), and six melanoma and six normal tissues (GSE100050), respectively, to further confirm the differential expression of LIPT1 between melanoma and normal tissues. As shown in Figure 3A, the mRNA levels of LIPT1 were verified to be significantly higher in melanoma than in normal tissues in data downloaded from both GSE114445 and GSE100050 (Figure 3A). We next compared the protein levels of LIPT1 in melanoma and normal tissues downloaded from the Human Protein Atlas database and found that LIPT1 protein levels were dramatically upregulated in melanoma tissues as compared to normal tissues (Figure 3B). These findings suggested that LIPT1 might contribute to the development of melanoma.
[image: Figure 3]FIGURE 3 | Analysis of the LIPT1 gene expression in SKCM. (A) Compared to normal tissues, LIPT1 was upregulated in SKCM tissues in the TCGA database, GSE114445, and GSE100050. (B) Immunohistochemistry analysis showed that LIPT1 was highly expressed in SKCM tissue (right) compared with normal skin tissue (left) in the human protein atlas (antibody HPA034802). The heatmap (C) and Volcano plot (D) of the differential gene expression between high and low expressed LIPT1 in SKCM. (E,F) The most significant KEGG pathways (E) and GO enrichment (F) between high and low expressed LIPT1 in SKCM. (G) Up and downregulation of LIPT1 was associated with activation of multiple pathways by GSVA. **p < 0.01 and ****p < 0.0001.
To confirm the involvement of LIPT1 in melanoma, we divided the melanoma patients into two subgroups according to the expression of LIPT1, namely, the LIPT1-high group and the LIPT1-low group. In contrast to the LIPT1-low group, 2,174 upregulated genes (such as ZRANB2, PIBF1, CDH19, C1QTNF3, SFRP1, and MAGEC2) and 145 downregulated genes were identified in LIPT1-high group (such as OCA2 and PMEL) (Figures 3C,D). The enrichment analysis of the upregulated genes in the KEGG dataset revealed some cell death and immune response-related pathways, such as PI3K-AKT signaling pathway, longevity regulating pathway, cellular senescence, cell cycle, autophagy-animal, apoptosis-multiple species, EGFR tyrosine kinase inhibitor resistance, ubiquitin-mediated proteolysis, ECM-receptor interaction and so on (Figure 3E). The further enrichment analysis of these upregulated genes in the GO dataset indicated some molecular processes, such as double-strand break repair via homologous recombination, double-strand break repair, DNA replication, centrosome cycle, and so on (Figure 3F). The following GSVA of the upregulated genes indicated the enrichment in various pathways, including reactive oxygen species pathway, hypoxia, oxidative phosphorylation, peroxisome, fatty acid metabolism, glycolysis, PI3K/AKT/mTOR signaling, KRAS signaling, p53 pathway, apoptosis, G2M checkpoint, angiogenesis, interferon-alpha response, interferon-gamma response, IL6/JAK/STAT3 signaling, TNFαsignaling via NFKB, IL2/STAT5 signaling, complement, inflammatory response and so on, which were involved in metabolism, cell death and immune responses (Figure 3G).
Evaluation of Prognostic Value of LIPT1 in Melanoma Patients
The prognostic value of upregulated LIPT1 in melanoma was further evaluated. The melanoma patients who expressed higher LIPT1 showed longer overall survival than those who expressed lower LIPT1 (Figure 4A). Moreover, we checked the relationship between LIPT1 expression and overall survival in melanoma using the Cox analysis and the results were shown in the forest plots. As shown in Figure 4B, the univariate analysis indicated that LIPT1 expression (HR = 0.75235, p = 0.00389), age (HR = 1.02461, p < 0.0001) and TNM stage (HR = 1.37668, p < 0.0001) were correlated with overall survival of melanoma (Figure 4B). The multivariate analysis indicated that LIPT1 expression was an independent factor for predicting the progression of melanoma patients (HR = 0.64134, p = 0.00077, Figure 4C).
[image: Figure 4]FIGURE 4 | Upregulated LIPT1 expression is connection with good outcomes of Skin Cutaneous Melanoma (SKCM). (A) The Kaplan–Meier analysis of SKCM patients with high and low LIPT1 expression level in the TCGA cohort. (B,C) Univariate (B) and multivariate Cox analysis of expression of LIPT1 and other factors in SKCM patients.
Correlation Analysis of LIPT1 Expression With PD-L1 Levels and Immune Cell Infiltration
With the approval of ICIs for the treatment of melanoma, it became one of the most important therapies for melanoma patients since they could improve the overall survival and objective response rates in melanoma patients. PD-L1 is an essential marker for the prediction of the response to ICIs, and we confirmed that the expression of PD-L1 was higher in melanoma than in normal tissues (Supplementary Figure S2A). To investigate the relationship between the expression of PD-L1 and cuproptosis-related genes, we explored the expression of PD-L1 in both cluster one(lower expression of copper-reduced cell death-related genes) and cluster 2 (higher expression of cuproptosis-related genes) that downloaded from TCGA database and found higher expression of PD-L1 in the sub-group that expressed higher cuproptosis-related genes (Supplementary Figure S2B). Moreover, we detected that PD-L1 expression was positively correlated with some cuproptosis-related genes (CDKN2A, FDX1, LIPT1, and MTF1), but negatively correlated with other cuproptosis-related genes (ATP7B, DLST, and PDHA1) in an analysis of 470 melanoma patients (Supplementary Figure S2C). Moreover, our GSVA found the enrichment of LIPT1-higher group upregulated genes in many immune-related pathways, including IFNα signaling, IFNγ signaling, TNFα signaling, and JAK/STAT pathways that were found to be closely related to the response to immunotherapy in tumors. We, therefore, examined the role of LIPT1 in immunotherapy in melanoma patients.
We confirmed the relationship between LIPT1 and PD-L1 expression in 470 melanoma patients using Spearman correlation analysis and validated a positive correlation between LIPT1 and PD-L1 expression (p = 0.001, Spearman = 0.15, Figure 5A). Subsequently, we evaluated the correlation between LIPT1 expression and immune cell infiltration in these melanoma patients. The patients were classified into two subgroups (LIPT1-high and LIPT-low) according to LIPT1 expression. As shown in Figure 5B, differential infiltration of some immune cells was found between LIPT1-high and LIPT1-low groups. As compared to the LIPT1-low group, the infiltration of CD4+ memory T cells resting was higher, while the infiltration of CD8+ T cells, regulatory T cells (Tregs), activated NK cells, M0 macrophages, neutrophils were lower in LIPT1-high group (Figure 5B). The infiltration of these immune cells in each tumor sample in both subgroups was visualized in the heat map of tumor-infiltrating immune cells (Figure 5C).
[image: Figure 5]FIGURE 5 | Relationship between LIPT1 expression, immunotherapy and infiltrating immune cells in Skin Cutaneous Melanoma (SKCM) by correlation analysis. (A) The correlation analysis of PD-L1 expression and LIPT1 expression in SKCM. (B) The infiltrating levels of immune cells in high and low LIPT1 expression groups in SKCM patients. (C) The percentage abundance of tumor-infiltrating immune cells showed the immune infiltration analysis between high and low LIPT1 expression groups in SKCM patients. (D) The gene expression, survival time, and survival status of the TCGA database. (E) Kaplan-Meier survival analysis of the gene signature from TCGA cohort. (F) The ROC curve of LIPT1.
Evaluation of Prognostic Value of LIPT1 in Melanoma Patients Receiving Immunotherapy
In this part, we evaluated the prognostic value of upregulated LIPT1 in melanoma patients receiving immunotherapy. We divided the melanoma patients receiving immunotherapy downloaded from TCGA into two subgroups (LIPT1-high and LIPT1-low) according to the expression of LIPT1, and checked the survival status of these patients. As shown in Figure 5D, more patients were found to be alive in the LIPT1-high group as compared to the LIPT1-low group (Figure 5D). Additionally, the LIPT1-high group showed longer overall survival than the LIPT1-low group (Figure 5E). Subsequently, the efficiency of LIPT1 for predicting the prognosis of melanoma patients receiving immunotherapy was evaluated through receiver operating characteristic (ROC) curve analysis. The area under the curve (AUC) values for predicting 3-, 5, and 10-year survival were 0.743, 0.736, and 0.59, respectively (Figure 5F). The findings above indicated that high expression of LIPT1 might be an indicator of the favorable prognosis of melanoma after immunotherapy.
Comprehensive Analysis of LIPT1 in Pan-Cancer
Since immune checkpoint blockade therapy has been approved for the treatment of some other tumors, besides melanoma, and achieved great success. In this part, we determined to examine whether LIPT1 expression could be a potential predictor for the prognosis of other types of tumors. First, we compared the expression of LIPT1 in different kinds of tumors and corresponding normal tissues downloaded from TCGA and GTEx databases. As shown in Figure 6A, the mRNA levels of LIPT1 were found to be upregulated in 18 different tumor tissues (COAD, ESCA, GBM, LGG, LIHC, PAAD, READ, STAD, ACC, BRCA, CHOL, DLBC, LUAD, LUSC, PRAD, THCA, KICH, and KIRC), while downregulated in two different tumors (CESC, UCEC), as compared to normal tissues (Figure 6A). The prognostic value of LIPT1 in these cancers was subsequently evaluated. We divided the tumor patients into two subgroups according to the expression of LIPT1, namely, the LIPT1-high and LIPT1-low groups. As shown in Figure 6C, LIPT1-high groups showed longer overall survival than LIPT1-low groups in BLCA, LUCS, MESO, and KIRC, respectively (Figure 6C). We further explored the correlation between the expression of LIPT1 and eight immune checkpoints (PD-L1, CTLA4, HAVCR2, LAG3, PDCD1, PDCD1LG2, SIGLEC15, and TIGIT), and found that LIPT1 levels were correlated with the expressions of these immune checkpoints, especially PD-L1, in most cancer types (Figure 6B). Therefore, LIPT1 had the potential in regulating and predicting the response to immune checkpoint blockade therapies in some kinds of tumors.
[image: Figure 6]FIGURE 6 | Comprehensive analysis of LIPT1 in pan-cancers. (A) LIPT1 was differentially expressed in most cancer types. (C) Highly expressed LIPT1 showed good overall survival in multiple cancers. (B) The relationship between expression of LIPT1 and eight common immune checkpoints in pan-cancers. *p < 0.05, **p < 0.01, and ***p < 0.001.
DISCUSSION
Melanoma is the most lethal skin cancer with increasing incidence worldwide over the past several decades (Muzumdar et al., 2021; Welch et al., 2021; Huang and Zappasodi, 2022). It has multiple risk factors involved in the interaction between genetic susceptibility and environmental exposure (Rastrelli et al., 2014). Its treatment remains challengeable since it showed poor response to the traditional chemotherapy (Chapman et al., 2011). Although the development of target therapies and immune checkpoint blockade therapies has benefited malignant melanoma patients a lot, the primary and acquired resistance remains a big problem (Sosman et al., 2012; Postow et al., 2015). Therefore, a comprehensive understanding of the genetic backgrounds and tumor microenvironment is ultimate for the prevention, treatment, and prognosis evaluation of melanoma.
The large-scale public database, such as the Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO), presented the transcriptome profiles of numerous cancers. The access and analysis of this large-scale database allowed us to have an overall view of the genetic landscape, identify new biomarkers, screen therapeutic strategies and predict prognosis of these cancers (Yan et al., 2018; Zhou et al., 2019; Wang et al., 2021).
RCD plays essential role in numerous pathological and physiologic processes, including tumorigenesis (Tang et al., 2019). As the best-studied RCD form, apoptosis serves as the target of nearly all tumor treatment strategies (Tang et al., 2019; Qi et al., 2022). However, apoptosis resistance may cause the failure of these treatments (Gong et al., 2019). Therefore, it is necessary to find out more about RCD forms and have a deeper understanding of the roles of different RCD forms in tumorigenesis. Ferroptosis is a novel iron-dependent lipid peroxidation induced RCD that is different from other RCD forms, such as apoptosis, necroptosis, and autophagy (Lei et al., 2020). Disruption of ferroptosis has been linked with tumorigenesis (Stockwell et al., 2017; Ding et al., 2021). Evaluation of the prognostic value of ferroptosis regulated genes has been widely conducted in diverse tumors, such as melanoma, clear cell renal cell carcinoma, breast cancer, lung adenocarcinoma, hepatocellular carcinoma, and so on (Liang et al., 2020; Jin et al., 2021; Li et al., 2021; Wang et al., 2021; Ping et al., 2022). The correlation between ferroptosis regulators and immune signatures has also been explored in different tumors, including melanoma (Fan et al., 2021; Wang et al., 2021; Liu et al., 2022). Dividing tumor patients into subgroups based on their molecular signatures, such as ferroptosis-related gene signatures, enable us to predict their diverse phenotypes, treatment response, and prognosis (Wang et al., 2021).
Cuproptosis is a newly revealed RCD form that is distinct from other RCD forms, such as apoptosis, ferroptosis and necroptosis. It is dependent on mitochondrial respiration (Tsvetkov et al., 2022). As a kind of RCD, the role of cuproptosis in tumorigenesis remains unknown. In our present study, we first evaluated the prognostic value of cuproptosis-related gene signatures in melanoma. We found that 11 out of 12 cuproptosis-related genes were upregulated, while 1 out of 12 genes was downregulated in melanoma as compared to normal tissues. We next divided the melanoma patients into two subgroups according to the expression of cuproptosis-related genes and found the melanoma patients who expressed higher cuproptosis-related genes showed longer overall survival than those with lower cuproptosis-related gene expression. Therefore, cuproptosis-related gene signatures are potential indicators for the prognosis of melanoma.
As an important trace element, the role of copper in tumorigenesis and tumor treatment has been studied a lot. However, it remains contradictory. For example, serum copper levels were found to be elevated and able to reflect the degree of tumor activity in melanoma patients (Fisher et al., 1981). Copper has further been demonstrated to contribute to tumorigenesis through binding to MEK1 and forming a copper-MEK1 interaction. Inhibiting the expression of CTR1 or mutations in MEK1 that disrupt the binding, could inhibit BRAF signaling and tumorigenesis (Brady et al., 2014). Therefore, copper serves as an important target for cancer therapy. Disruption of copper import genetically or inhibition of copper concentration pharmacologically with a copper chelator, has been demonstrated to inhibit BRAF-driven melanomagenesis and overcome BRAF or MEK1/2 inhibitor resistance through inhibiting MEK1/2 activity (Brady et al., 2014; Brady et al., 2017). However, metallic copper nanoparticles were identified to induce a series of pathological processes, including cell membrane rigidity abating, DNA degradation, chromosome condensation, cell cycle arrest in the G2/M phase, mitochondrial membrane depolarization, oxidative stress induction, and apoptosis, thus leading to cell death in melanoma cell lines (Chakraborty and Basu, 2017; Mukhopadhyay et al., 2018).
As a novel RCD form, cuproptosis is dependent on the binding of copper to components of the TCA cycle directly instead of the electron transcript chain, subsequently reducing the spare capacity of mitochondrial respiration (Tsvetkov et al., 2022). Knockout of cuproptosis genes, including FDX1, LIPT1, LIAS, DLD, DLAT, PDHA1, and PDHB, could rescue cuproptosis. The TCA cycle plays a pivotal role in oxidative metabolism. It provides carbon for biosynthesis and reducing agents for ATP generation. In hypoxia, melanoma cells maintain proliferation by reversely running the TCA cycle (Filipp et al., 2012). We hypothesized that disruption of the TCA cycle and subsequent mitochondrial respiration by excessive copper may inhibit the proliferation of melanoma cells, thus inhibiting tumor growth. Therefore, cuproptosis may be a potential target for melanoma treatment, and cuproptosis-related gene signatures may be a new predictor for the genotype, therapeutic response, and prognosis in melanoma, which provided new clues for investigating the role of copper in melanomagensis. Sincerely, more research are needed to further confirm this hypothesis.
The further bioinformatic analysis of the upregulated genes in the subgroup expressed higher cuproptosis-related genes found the enrichment of some cell death and immune response-related pathways. These pathways, such as the p53 signaling pathway, cell cycle, PI3K/AKT/mTOR signaling, and KRAS signaling have been widely confirmed to be involved in melanoma. Therefore, these upregulated cuproptosis-related genes might inhibit the progression of melanoma by mediating these classical pathways associated with cell death and immune responses.
Lipoic acid is a pivotal cofactor for the 2-ketoacid dehydrogenases (pyruvate dehydrogenase complex, 2-oxoadipate dehydrogenase, α-ketoglutarate dehydrogenase, branched-chain ketoacid dehydrogenase) and the glycine cleavage system in mitochondria which are related to TCA cycle and mitochondrial energy metabolism and amino acid catabolism (Hiltunen et al., 2010; Mayr et al., 2014; Stowe et al., 2018; Solmonson et al., 2022). Lipoyltransferase 1, encoded by LIPT1, transferred lipoate to the E2 subunits of the 2-ketoacid dehydrogenases (Hiltunen et al., 2010; Stowe et al., 2018). Thus, deficiency in the LIPT1 homolog could lead to decreased lipoylation of the E2 subunits (Schonauer et al., 2009; Stowe et al., 2018). LIPT1 deficiency was also demonstrated to suppress TCA cycle metabolism (Solmonson et al., 2022). LIPT1 has further been revealed to support lipogenesis and balance oxidative and reductive glutamine metabolism in the functional assessment (Ni et al., 2019). LIPT1 deficiency was reported in embryonic demise, early death or Leigh-like encephalopathy, such as early infantile epileptic encephalopathy, Leigh disease, secondary pyruvate dehydrogenase complex deficiency, fatal lactic acidosis (Soreze et al., 2013; Habarou et al., 2017; Stowe et al., 2018; Solmonson et al., 2022). However, the role of LIPT1 in the tumorigenesis and progression of tumors is far to be known. Yuanbin et al. found that LIPT1 was among the genes that were correlated with a favorable prognosis of urothelial cancer patients through analysis of the Pathology Atlas (Chen et al., 2021). Overexpression of LIPT1 in bladder cancer cell lines could, to some extent, inhibit cell migration, while having no effect on cell viability (Chen et al., 2021). However, the mechanism underlying the regulation of LIPT1 on cell migration remains unknown.
In our present study, we found that LIPT1 was upregulated in melanoma by analyzing the data downloaded from the TCGA and GEO databases, respectively. We further found that LIPT1 could be an indicator of the favorable prognosis of melanoma. Therefore, we hypothesized that upregulated LIPT1 might inhibit tumorigenesis and progression by disrupting TCA in mitochondria and subsequently inducing cuproptosis. Since the further GSVA of LIPT1 upregulated genes revealed the enrichment in some metabolism and cell death-related pathways, upregulated LIPT1 might inhibit tumor cell proliferation by inducing other forms of RCD.
Moreover, we found that LIPT1 expression was positively correlated with PDL1 expression and negatively associated with the infiltration of Tregs. LIPT1 could be a positive indicator for the prognosis of melanoma patients receiving immunotherapy. Since the GSVA of LIPT1 upregulated genes revealed the enrichment in some immune response-related pathways, LIPT1 might regulate these pathways, such as IFNγ and IFNα to enhance the response to immunotherapy.
Regulatory T (Treg) cells, characterized by the expression of Foxp3, are required for the maintaining of self-tolerance through inhibiting immune responses to self and nonself antigens in an antigen non-specific way (Sakaguchi et al., 1995; Fontenot et al., 2005; Overacre-Delgoffe et al., 2017). The lack of Tregs leads to evident autoimmune disease (Sakaguchi et al., 1995; Overacre-Delgoffe et al., 2017). However, tumor-infiltrating Tregs are found to be related to poor clinical outcomes. They promoted cancer progression because of the ability to inhibit antitumor immunity (Facciabene et al., 2012). Therefore, they are regarded as a major barrier to the successful application of immunotherapy (Liu et al., 2016; Arce Vargas et al., 2017). Depletion of tumor-infiltrating Tregs was found to show synergistic effects with ICI to eradicate tumors (Arce Vargas et al., 2017; Van Damme et al., 2021). In our present study, we found that LIPT1 expression was negatively correlated with the infiltration of Tregs. Therefore, upregulated LIPT1 might improve the response to immunotherapy by inhibiting Treg infiltration in the tumor microenvironment.
IFNγ, an important cytokine mainly secreted by activated T cells, plays an important antitumor effect in multiple ways. For example, it promotes the cytotoxic effect of effective CD8+ T cells and inhibits the regulatory activity of Tregs (Kursunel and Esendagli, 2016; Giunta et al., 2020). The IFNγ signaling signatures has also been found to be highly correlated with the response to ICI in diverse tumors, including melanoma (Ayers et al., 2017; Grasso et al., 2020). Activation of the IFNγ signaling could improve the response to ICI, while inhibition of the IFNγ signaling could induce resistance to ICI in these tumors (Kim et al., 2021; Nguyen et al., 2021). In our present study, we found the enrichment of LIPT1 upregulated genes in some immune response-related pathways, including IFNγ signaling pathway. Therefore, LIPT1 might improve the therapeutic benefits of immunotherapy thorough activating IFNγ signaling pathway.
In conclusion, we found that 11 out of 12 genes were upregulated in melanoma and 3 out of 12 genes have predictive value for the prognosis. Furthermore, the upregulated cuproptosis-related gene, LIPT1, was positively correlated with PD-L1 expression and negatively correlated with Treg infiltration. It could be a predictor of the prognosis in melanoma patients receiving immunotherapy.
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Background

Metastatic disease remains the primary cause of death in patients with oral squamous cell carcinoma (OSCC), especially those who use betel nut. The different steps of the metastatic cascade rely on reciprocal interactions between cancer cells and the tumor microenvironment (TME). Cancer-associated fibroblasts (CAFs) are regarded as a significant component in the TME of OSCC. However, the precise mechanisms regulating CAFs in OSCC are poorly understood.



Methods

Thirteen genes related to the arecoline were analyzed to explore the significant ones involved in arecoline-related OSCC metastasis. The GSE139869 (n = 10) and The Cancer Genome Atlas (TCGA)-OSCC data (n = 361) were mined for the identification of the differentially expressed genes. The least absolute shrinkage and selection operator (LASSO) regression was performed to identify the independent prognostic signatures. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were conducted to explore the functional enrichment of selected genes, and gene set enrichment analysis of cuproptosis-related genes was completed. Spearman’s analysis and Tumor Immune Estimation Resource (TIMER) were used to visualize the correlation between the infiltration of CAFs and the gene expression. The correlation analysis of the cells and different genes, including CAF infiltration and transcripts per million expression, was assessed. The relationship between arecoline and CAFs was confirmed by cell counting kit-8 assay (CCK-8). CancerSEA was searched to identify the single-cell phenotype.



Result

Arecoline-associated fibrosis-related OSCC differentially expressed genes (AFOC-DEGs), namely, PLAU, IL1A, SPP1, CCL11, TERT, and COL1A2, were screened out and selected from the Gene Expression Omnibus (GEO) database and TCGA database. AFOC-DEGs were highly expressed in OSCC, which led to poor survival of patients. Functional enrichment analysis, protein–protein interaction network construction, and Spearman’s correlation analysis all suggested that AFOC-DEGs were closely associated with cuproptosis. Cellular experiments demonstrated that arecoline stimulation could significantly increase the cell viability of CAFs. Single-sample Gene Set Enrichment Analysis (ssGSEA) results showed that GLS and MTF1 were highly expressed when fibroblasts proliferated at high enrichment levels. In addition, analysis of single-cell sequencing results suggested that OSCC cells with high expression of AFOC-DEGs were associated with OSCC metastasis.



Conclusion

We found a close association between arecoline, cuproptosis, and CAFs, which might play an important role in the metastasis of OSCC.
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Introduction

Oral squamous cell carcinoma (OSCC) is the most common oral malignancy, and its increased prevalence in recent years has created a heavy burden on global health (1). According to the GLOBOCAN 2020, the number of cases of oral cancer in the world was estimated at 377,713, with an age-standardized incidence rate of 6.0 for men and 2.3 for women per 100,000 individuals. More importantly, oral cancer ranks the third most common malignancy in men [10.2 per 100,000) in low/medium-income countries (by Human Development Index (HDI)], which is highly related to betel chewing (2). As an aggressive oral cancer, OSCC possesses an important biological feature of early metastasis leading to a poor prognosis (3). Despite advances in early diagnosis and treatment, the 5-year survival rate for patients with OSCC is still 50.4%, and metastasis is the leading cause of death (4). As a unique part of the dietary culture in Asia, betel nut chewing is a causal factor of OSCC, and arecoline is considered to be the most important active constituent in betel nut (5, 6). Based on strong mechanistic evidence, arecoline is classified as a Group 1 carcinogen by the International Agency for Research on Cancer (7). Arecoline can induce squamous cell carcinoma in the mouse esophagus and tongue (8). Studies in human-related cell experiments also strongly demonstrate that arecoline possesses key carcinogen characteristics (9). Our previous research has shown that arecoline can promote the proliferation of fibroblasts in the oral mucosa and mediate oral mucosal fibrosis, a kind of precancerous lesion (10). However, the underlying biological effects of arecoline on cancer-associated fibroblasts (CAFs) in OSCC are not thoroughly illustrated.

Cell interactions within the tumor microenvironment (TME) are becoming increasingly recognized as having an essential role in tumor metastasis (11). Studies have proved that CAFs, the major component of the TME, are highly involved in the malignant progression of cancer (12–14). Utilizing biopsy materials from patients with OSCC, researchers have offered clinical clues that CAF appearance increases with enhanced tumor metastasis (15). In detail, CAFs can communicate with cancer cells and secrete cytokine-like molecules, including exosomes, contributing to tumor development, invasion, and metastasis (16). Similar to cancer cells, CAFs also undergo metabolism reprogramming induced by hypoxia and adjacent cancer cells (17). Enhanced glycolysis and weakened tricarboxylic acid (TCA) cycle are the key factors in regulating CAF proliferation (18, 19). Researchers found that arecoline could promote glycolysis leading to the increase of reactive oxygen species, which could inhibit the TCA cycle and mediate tumor metastasis (20, 21). Arecoline also led to a disordered progression of cellular aerobic metabolism by destroying cytoskeletal integrity and mitochondrial function (22). Interestingly, mitochondrial respiration components are also affected by copper such as the respiratory complex IV, cytochrome c oxidase, and the antioxidant enzyme superoxide dismutase 1 (23, 24). A recent study has also implicated the close relationship between copper and apoptosis (24). Given that there are no studies related to the cell death modes affected by arecoline in CAFs, it will be an interesting topic to explore the relationship between copper ionophore-mediated death (cuproptosis) in arecoline and CAFs.

In this study, we comprehensively analyzed the expression of arecoline-associated fibrosis-related OSCC differentially expressed genes (AFOC-DEGs) and their correlation with cuproptosis and CAFs of OSCC patients in the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) databases. We also experimentally verified the relationship between arecoline and CAFs. Moreover, via CancerSEA, the correlation between AFOC-DEGs and single-cell cancer hallmarks was investigated. These findings shed light on the essential role of arecoline in OSCC metastasis and provide a potential relationship between arecoline, cuproptosis, and CAFs.



Materials and Methods


Data Collection and Processing

High-throughput gene expression data of OSCC tissues and normal tissues were extracted from TCGA database (https://tcga-data.nci.nih.gov/tcga, TCGA-OSCC, n = 361, tumors = 328, normal = 3) (25), FibROAD (https://www.fibroad.org/download.php), and GEO Database (www.ncbi.nlm.nih.gov/geo; GSE139869, n = 10, tumors = 5, para-cancer = 5; GSE160395, n = 8, HSC-3 = 4, HSC-3-M3 = 4; GSE59414 and GSE38227, n = 7, arecoline = 4, control = 3) (26). the phenotypic correlation coefficient of the AFOC-DEGs was also analyzed from CancerSEA (http://biocc.hrbmu.edu.cn/CancerSEA/, Puram SV. Cell. 2017 (Oral cavity)). Our workflow for bioinformatics analysis of publicly available datasets from both the GEO and TCGA databases is illustrated in Figure 1.




Figure 1 | Flowchart for bioinformatics analysis of publicly available data from GEO, TCGA, and FibROAD databases. AFOC-DEGs, arecoline-associated fibrosis-related oral cancer differentially expressed gene; LASSO, least absolute shrinkage and selection operator; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; CAFs, cancer-associated fibroblasts; OSCC, oral squamous cell carcinoma; TCGA, The Cancer Genome Atlas.





Differential Gene Analysis and Construction

In order to identify the DEGs, the limma R package was applied to compare the microarray expression profiles of OSCC tissues from GEO. Meanwhile, the batch effects caused by data merging were removed with the limma R package with the limma R package while analyzing expressions of cuproptosis-related genes after arecoline treatment. DESeq2 package was applied to compare the RNAseq expression profiles of OSCC tissues from TCGA after normalization. To normalize the gene expression from TCGA, the fragments per kilobase per million (FPKM) was converted to transcripts per million (TPM) using the following formula:

	

The |Log2Fold Change| > 1 and adjusted p-value (false discovery rate (FDR)) < 0.5 were considered as the threshold values for DEG identification. The volcano plot and heatmap were performed with the “ggplot2” package of R software. The Venn diagram was then plotted to illustrate the union target genes of three gene sets.



Evaluation of the Prognostic Value of Differentially Expressed Genes

To assess the prognostic value of the DEGs from TCGA, the least absolute shrinkage and selection operator (LASSO) regression was conducted using the R package “glmnet” to feature selection, and 10-fold cross-validation was used to narrow down the candidate genes associated with OSCC prognosis. The risk score was calculated with the following formula:

	

where λ is decided by the minimum criteria and Y is the gene expression level.

The OSCC patients were divided into low- and high-risk groups based on the median risk score. The risk factor graph reflected differences between low- and high-risk groups in mortality outcomes. The Kaplan–Meier (K-M) survival analysis was used to assess the difference in overall survival between two groups by using the “survival” R package. The time-dependent receiver operating characteristic (ROC) curve was used to assess the value of the DEGs. The “survival,” “survminer,” and “timeROC” R packages were employed to perform ROC curve analysis.



Gene Function Enrichment Analysis

To explore the enrichment of genes in potential biological processes and molecular functions from TCGA, the cluster “Profiler” package (version 3.18.0) of R software was carried out, including Gene Ontology (GO) function analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis. Visual analysis of data was performed by using “GOcircle” and “ggplot2” software packages. The adjusted p < 0.05 was considered to indicate a statistically significant difference in the charts.

To study the potential function of cuproptosis-related genes in CAFs, single-sample Gene Set Enrichment Analysis (ssGSEA) (www.gsea-msigdb.org/gsea/index.jsp) was carried out to research whether genes in the CAFs were enriched in meaningful biological functions. The annotated gene set c5.go.bp.v7.5.1.symbols.gmt was selected as the reference gene set. The Gene Set Variation Analysis (GSVA) R package (V1.26.0) was used to calculate normalized enrichment scores for gene sets. These gene sets were downloaded from MSigDB database version 6.1.

Human OSCC cells (HSC)-3 and HSC-3-M3 cell lines were used to explore the relationship between AFOC-DEGs and OSCC metastasis. These cell lines were obtained from the Japanese Collection of Research Bioresources (JCRB) Cell Bank (Osaka, Japan) (27).



Protein–Protein Interaction Network Analysis

Protein–protein interaction (PPI) analysis of genes from TCGA was performed with the search functionality of STRING (http://string.embl.de/, version 11.0), and a network interaction matrix was built. The minimum required interaction score of 0.15 was the cutoff threshold. The results of the analysis were downloaded for establishing a visualization model by using Cytoscape (http://www.cytoscape.org/, version 3.9.1).



Correlation Analysis Between Differentially Expressed Genes and Cells

A correlation analysis was also conducted by using the 361 patients’ gene data from TCGA. Expression data matrices were comprised of TPM expression profiles including DEGs containing genes related to cuproptosis or fibrogenesis. The correlation coefficient was determined by Spearman’s correlation analysis. The scatter plot showing the infiltration level between AFOC-DEGs and CAFs was conducted by TIMER2.0 (http://timer.cistrome.org/).



Single-Cell Phenotype Correlation Analysis

The functional state of AFOC-DEGs in OSCC was assessed by CancerSEA. CancerSEA is the first integrative database aiming at decoding different functional states of cancer cells at a single-cell level. It depicts a cancer single-cell functional state map, containing 14 functional states (including angiogenesis, apoptosis, cell cycle, differentiation, DNA damage, DNA repair, epithelial-to-mesenchymal transition (EMT), hypoxia, inflammation, invasion, metastasis, proliferation, quiescence, and stemness) from 25 cancer types of 41,900 cancer single cells (28). Then, for the single-cell dataset, Spearman’s rank correlation test with the Benjamini–Hochberg FDR correction for multiple comparisons (correlation > 0.3 and FDR < 0.05) was used to identify significant correlations between gene expressions and functional state activities. T-distributed stochastic neighbor embedding (t-SNE) analysis was used to visualize the data in two dimensions with the “ggradar,” “ggalluvial,” “ggsci,” “cowplot,” and “ggplot2” packages.



Isolation and Culture of Cancer-Associated Fibroblasts

Oral CAFs were referred to in a prior study (10). In detail, oral mucosa tissues were obtained from the buccal area in OSCC patients with a betel chewing history and no recent medication history. The tissues were rinsed 3 times with phosphate-buffered saline (PBS) solution supplemented with 100 units/ml of penicillin, 100 μg/ml of streptomycin, and 0.2 μg/ml of puromycin. Then the epithelial layer was removed, and the tissue block was cut into 1-mm3 size tissue pieces. The bottom of the culture flasks was moistened with several drops of calf serum and placed on the tissue. Dulbecco’s modified Eagle medium (DMEM) containing 10% fetal bovine serum (FBS) was added to the culture flasks. The flasks were incubated at 37°C in a 5% CO2 incubator, and they were turned over every 4 h. The medium was changed every 3 days. After 15 days, the tissues were digested with 0.25% trypsin for 3 min. Subsequently, an inverted microscope was used, and it was found that the cells were retracted and rounded, and the cell gaps were increased. Afterward, DMEM containing 10% FBS was added to terminate the digestion, and the cells were blown into a single-cell suspension. The CAFs were naturally purified after the 3rd generation, and the cultured 3rd to 10th generation cells were used for experiments. Subsequent passages were carried out every 8 days.



Cell Viability Assay

The effect of arecoline on the proliferation of CAFs was determined by the cell counting kit-8 assay (CCK-8; Beyotime Biotechnology, Shanghai, China) according to the manufacturer’s instructions. Briefly, CAF cells were seeded onto 96-well cell culture plates with a density of 3,000 cells for each well and treated with 0.01, 0.1, 1, and 10 μg/ml of arecoline or Barcaldine (Aladdin, Shanghai, China) for 48 h. Meanwhile, the above operation was repeated with the groups of 0.01 μg/ml of arecoline and 1 μg/ml of arecaidine, 0.1 μg/ml of arecoline and 1 μg/ml of arecaidine, 1 μg/ml of arecoline and 0.01 μg/ml of arecaidine, 0.1 μg/ml of arecoline and 0.01 μg/ml of arecaidine, and 0.1 μg/ml of arecoline and 0.1 μg/ml of arecaidine, respectively. At the beginning time, 24 and 48 h after cultivation (0 h as the baseline), CCK-8 (10 μl) was added to the individual cell culture medium of each group for determining the optical density (OD) values. The OD values were measured at 450 nm to determine cell survival with the enzyme-labeling instrument (Elx808, BioTek, Winooski, VT, USA).



Statistical Analysis

All statistical analyses were performed in R software (version 4.0.1; https://www.r-project.org/). Log-rank test was used to analyze the significance of the p-values ​​for hazard ratio (HR) in the model. Wilcoxon tests were used to compare the means of AFOC-DEG expression in different groups. The Box–Cox transformation and Welch’s t-test were applied for analysis of differences in cuproptosis-related gene expression after arecoline treatment. Equality of variance between groups was tested with Levene’s test. The Shapiro–Wilk normality test was used for the normality test. Spearman’s correlation coefficients were used to assess the correlation between AFOC-DEGs, marker genes, and infiltrating cells. Experimental data were analyzed with a t‐test with significance at p < 0.05. * means p < 0.05, and ** means p < 0.01.




Result

In the GSE139869 dataset, we screened for DEGs in arecoline-related OSCC, and a total of 111073 DEGs were discovered and shown on the volcano map (Figure 2A). The Venn diagram exhibits the intersections of the genes between the GSE139869 dataset, TCGA-OSCC dataset, and fibrosis-associated genes (FAGs; obtained from FibROAD) database (Figure 2C). Thirteen co-differentially expressed genes were identified, all of which were upregulated (Figure 2B). In addition, the association of these thirteen genes with the tumor node metastasis (TNM) stage, pathological stage, and tissue was shown in the heatmap (Figure 2D), which indicated that the expression level of these thirteen DEGs in cancer tissues was significantly higher than that in para-cancerous tissues. However, there was no clear correlation between these DEGs and the TNM stage or pathological stage.




Figure 2 | Identification of DEGs in arecoline-related OSCC. (A) Volcano plot shows all DEGs screened from the GEO database. (B) The expression levels of the thirteen DEGs screened. (C) Venn diagram demonstrates the intersections of genes between GEO, TCGA, and FAG databases. (D) Heatmap shows the association of the selected DEGs with the TNM stage and pathological stage. DEGs, differentially expressed genes; OSCC, oral squamous cell carcinoma; GEO, Gene Expression Omnibus; TNM, tumor node metastasis.




Construction of the Prognostic Gene Signature

Based on the thirteen DEGs, we performed a LASSO Cox regression analysis to test the prognostic model, which showed that the model predicted best when six genes were included (Figure 3A). Through the regression analysis, we ascertained six AFOC-DEGs, namely, plasminogen activator urokinase (PLAU; β = 0.127), interleukin-1α (IL1A; β = 0.022), secreted phosphoprotein 1 (SPP1; β = 0.025), C-C motif chemokine ligand 11 (CCL11; β = −0.049), telomerase reverse transcriptase (TERT; β = −0.161), and collagen type I alpha 2 (COL1A2; β = −0.006) (Figure 3B), and the risk score was calculated using the following formula:

	




Figure 3 | Construction of a prognostic gene signature and its predictive power. (A) LASSO–Cox regression for feature selection to determine optimal parameters. (B) AFOC-DEGs obtained by triple cross-validation of LASSO analysis. (C) Risk factor graph shows the distribution of the risk scores and the correlation between the risk scores and survival data. (D) K-M survival curve shows the difference in survival time between the high-risk group and the low-risk group. (E) Heatmap shows the relationship between the expression levels of AFOC-DEGs and the risk scores. (F) ROC shows the specificity and sensitivity of the prognostic model for predicting survival time (1, 3, and 5 years). DEGs, differentially expressed genes; LASSO, least absolute shrinkage and selection operator; K-M, Kaplan–Meier; ROC, receiver operating characteristic.



Meanwhile, we created a heatmap to show the relationship between the expression level of these six genes and the risk scores calculated by the prognostic model (Figure 3E). The distribution of the risk scores and the correlation between the risk scores and survival data are revealed in Figure 3C, in which the patients were divided into low- and high-risk groups according to the median value of the risk scores (median value = 1.09162397). The risk factor graph demonstrated that the high-risk patients suffered higher mortality than the low-risk ones. Similar to this result, the K-M survival curve proved that the survival probability of the high-risk group decreased significantly compared with the low-risk group (Figure 3D, p = 0.003). Additionally, the ROC curves of the prognosis model for the survival probability at 1, 3, and 5 years are shown in Figure 3F. All the area under the curve (AUC) values were higher than 0.6 with the maximum AUC value reaching 0.636, certifying the satisfying specificity and sensitivity of the prognosis model. The patients’ baseline data are displayed in Table 1.


Table 1 | Patients’ baseline data.





Expression of AFOC-DEGs in Oral Squamous Cell Carcinoma Compared With Normal Tissues

To prove that the AFOC-DEGs screened out were indeed differentially expressed in OSCC, we compared the expression of these AFOC-DEGs in OSCC at various parts in the oral cavity with those in normal tissues (Figures 4A–F). Through analyses, we found that compared with normal tissues, AFOC-DEGs were highly expressed to different degrees in various regions of cancer tissues in the oral cavity, especially in the oral tongue and base of the tongue. In addition, AFOC-DEGs also showed significant expression differences in cancer tissues and para-cancer tissues, and their expression levels were significantly increased in cancer (Figure 4G).




Figure 4 | Expression of AFOC-DEGs in OSCC compared with normal tissues. (A) Differential expression of IL1A in OSCC of various parts of the oral cavity; a rank-sum test was used to analyze the data (n = 328, *p < 0.05; ***p < 0.001; ns, not significant). (B) Differential expression of SPP1 in OSCC of various parts of the oral cavity; a rank-sum test was used to analyze the data (n = 328, **p < 0.01; ***p < 0.001; ns, not significant). (C) Differential expression of CCL11 in OSCC of various parts of the oral cavity; a rank-sum test was used to analyze the data (n = 328, *p < 0.05; ***p < 0.001; ns, not significant). (D) Differential expression of PLAU in OSCC of various parts of the oral cavity; a rank-sum test was used to analyze the data (n = 328, ***p < 0.001). (E) Differential expression of COL1A2 in OSCC of various parts of the oral cavity; a rank-sum test was used to analyze the data (n = 328, ***p < 0.001; ns, not significant). (F) Differential expression of TERT in OSCC of various parts of the oral cavity; a rank-sum test was used to analyze the data (n = 328,**p < 0.01; ***p < 0.001; ns, not significant). (G) Differential expression of AFOC-DEGs in OSCC and para-cancer tissues; a paired rank-sum test was used to analyze the data (n = 328, ***p < 0.001). DEGs, differentially expressed genes; OSCC, oral squamous cell carcinoma.





Functional Enrichment Analyses of AFOC-DEGs

GO analysis and KEGG pathway enrichment analysis were performed to explore the potential biological functions of AFOC-DEGs (Figures 5A–C). A total of 49 GO terms of biological process, 1 GO term of cellular component, 3 GO terms of molecular function, and 5 KEGG pathways were identified to be significant. Among these, we discovered that the AFOC-DEGs were significantly associated with the biological processes including response to hypoxia, response to metal ions, response to decreased oxygen levels, and response to oxygen levels, which proved that the AFOC-DEGs might have an internal relationship with cuproptosis. To further confirm this conjecture, we performed ssGSEA to demonstrate the link between the biological processes, the genes associated with cuproptosis, and the TCA cycle (Supplementary Figure 1, Supplementary Table 1). The complete results of GO and KEGG analyses could be found in Supplementary Table 2.




Figure 5 | Functional enrichment analyses of AFOC-DEGs. (A) GO and KEGG pathway enrichment data for AFOC-DEGs (the top 10 are shown). (B) KEGG pathway enrichment data for AFOC-DEGs (the top 4 are shown). (C) GO pathway enrichment data for AFOC-DEGs (the top 12 are shown). GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.





Correlation Analysis Between AFOC-DEGs and Cuproptosis-Related Genes

To further determine whether AFOC-DEGs were correlated with cuproptosis, we obtained PPI networks with the STRING tool (Figure 6A). Nine cuproptosis-related genes and six AFOC-DEGs were included in the network. It was found that there was a tight bonding between CDKN2A and AFOC-DEGs. A Spearman’s correlation analysis was also performed to analyze the correlation between AFOC-DEGs and cuproptosis-related genes. Through the analysis, we found that the six AFOC-DEGs were closely related to certain cuproptosis-related genes (Figure 6B). The highest positive correlation was between PLAU and GLS (R = 0.455; p < 0.01). Then, the second-highest positive correlation was between IL1A and GLS (R = 0.350; p < 0.01).




Figure 6 | Correlation analysis between AFOC-DEGs and cuproptosis-related genes. (A) PPI network shows bonding between AFOC-DEGs and cuproptosis-related genes. (B) Heatmap shows the correlation between AFOC-DEGs and cuproptosis-related genes; Spearman’s correlation analyses were used to analyze the correlations (n = 328, *p < 0.05; **p < 0.01). (C) Differential expression of copper cuproptosis-related genes in OSCC and para-cancer tissues; a paired rank-sum test was used to analyze the data (n = 328, **p < 0.01; ***p < 0.001; ns, not significant). (D) The difference of cuproptosis-related genes’ expression in normal oral cells and oral cells treated with 5 μg/ml of areca nut water extract, Box–Cox transformation, and Welch’s t-test were used to analyze the data (n = 7, *p < 0.05; **p < 0.01; ***p < 0.001; ns, not significant). (E) Spearman’s correlation analysis between PLAU and GLS (n = 328, r = 0.455, p < 0.001). (F) Spearman’s correlation analysis between IL1A and GLS (n = 328, r = 0.350, p < 0.001). (G) Spearman’s correlation analysis between TERT and CDKN2A (n = 328, r = 0.135, p = 0.015). (H) Spearman’s correlation analysis between IL1A and PDHB (n = 328, r = −0113, p = 0.041). PPI, protein–protein interaction; OSCC, oral squamous cell carcinoma.



Furthermore, we compared the differential expressions of cuproptosis-related genes between OSCC tissues and para-cancer tissues and found that four genes (LIAS, PDHB, GLS, and CDKN2A) were differentially expressed. LIAS and PDHB were cuproptosis promoters with low expression in cancer tissues, while GLS and CDKN2A were cuproptosis suppressors with high expression in cancer tissues (Figure 6C). Meanwhile, decreased expressions of LIAS and LIPT1 and the increased expressions of DLAT and GLS were also found in the oral normal cells treated with 5 μg/ml of arecoline for 48 h (Figure 6D). Based on these results, we made scatter plots of the correlation between these four cuproptosis-related genes and AFOC-DEGs; four of them are shown in Figures 6E–H. All the above results confirmed the close relationship between AFOC-DEGs and cuproptosis.



Correlation Between Arecoline-Associated Oral Squamous Cell Carcinoma and Cancer-Associated Fibroblasts

Spearman’s correlation analysis was applied to analyze the correlation between AFOC-DEGs and characteristic genes associated with CAFs (Figure 7A), and the results showed a broad correlation among them. At the same time, immune infiltration analyses were also used to determine the correlation between AFOC-DEGs and CAF infiltration (Figures 7B–G), all of which demonstrated that AFOC-DEGs could affect the activity of CAFs.




Figure 7 | Correlation between arecoline-associated OSCC and CAFs. (A) Heatmap shows the correlation between AFOC-DEGs and characteristic genes associated with CAFs; Spearman’s correlation analyses were used to analyze the correlations (n = 328, *p < 0.05; **p < 0.01). (B) The correlation between PLAU and CAF infiltration; the correlation analysis was done by TIMER2.0 (n = 522, rho = 0.512, p < 0.001). (C) The correlation between COL1A2 and CAF infiltration; the correlation analysis was done by TIMER2.0 (n = 98, rho = 0.988, p < 0.001). (D) The correlation between CCL11 and CAF infiltration; the correlation analysis was done by TIMER2.0 (n = 98, rho = 0.508, p < 0.001). (E) The correlation between IL1A and CAF infiltration; the correlation analysis was done by TIMER2.0 (n = 98, rho = 0.316, p = 0.003). (F) The correlation between SPP1 and CAF infiltration; the correlation analysis was done by TIMER2.0 (n = 422, rho = 0.403, p < 0.001). (G) The correlation between TERT and CAF infiltration; the correlation analysis was done by TIMER2.0 (n = 98, rho = 0.281, p = 0.008). (H) Effects of arecoline stimulation on cell viability; a refers to arecoline, and b refers to arecaidine; all experiments were performed in three repetitions; a t-test was used to analyze the data (**p < 0.01; ***p < 0.001). (I) Commercial betel nut composition diagram shows that arecoline and arecaidine are the main alkaloids in betel nut. OSCC, oral squamous cell carcinoma; CAFs, cancer-associated fibroblasts.



To further verify the effect of arecoline on CAFs in OSCC, we stimulated CAFs with arecoline, arecaidine (another major alkaloid in betel nut), the combination of these two alkaloids, and normal saline, respectively. The results showed that the cell viability of CAFs stimulated with arecoline was significantly increased compared with the control group, and this effect was more obvious when combined with arecaidine (Figures 7H, I). These results directly proved that arecoline could induce CAF proliferation.



Single-Sample Gene Set Enrichment Analysis Between Cuproptosis-Related Gene Expression and Fibroproliferation-Related Biological Processes

To demonstrate the relationship between CAFs and cuproptosis, we performed ssGSEAs on cuproptosis-related gene expression and fibroproliferation-related biological processes, including fibroblast proliferation, positive regulation of fibroblast proliferation, response to fibroblast growth factor, fibroblast activation, and regulation of cell chemotaxis to fibroblast growth factor (Figures 8A–E). The samples were divided into high-level and low-level groups according to the median value of enrichment scores, which represented the activity level of biological processes co-regulated by members of the gene set. It was found that there was a significant difference in the proliferation level of fibroblasts between the high-level and low-level groups. The expression level of cuproptosis suppressor genes GLS and MTF1 was significantly increased in the high-level group, which revealed that a tight link might exist between fibroblast proliferation and cuproptosis.




Figure 8 | ssGSEA between cuproptosis-related gene expression and fibroproliferation-related biological processes. (A) Dot plot shows the relationship between cuproptosis-related gene expression and fibroblast proliferation enrichment level; a rank-sum test was used to analyze the data (n = 328, *p < 0.05; ***p < 0.001; ns, not significant). (B) Dot plot shows the relationship between cuproptosis-related gene expression and positive regulation of fibroblast proliferation enrichment level; a rank-sum test was used to analyze the data (n = 328, *p < 0.05; ***p < 0.001; ns, not significant). (C) Dot plot shows the relationship between cuproptosis-related gene expression and response to fibroblast growth factor enrichment level; a rank-sum test was used to analyze the data (n = 328, *p < 0.05; **p < 0.01; ***p < 0.001; ns, not significant). (D) Dot plot shows the relationship between cuproptosis-related gene expression and fibroblast activation enrichment level; a rank-sum test was used to analyze the data (n = 328, *p < 0.05; **p < 0.01; ns, not significant). (E) Dot plot shows the relationship between cuproptosis-related gene expression and regulation of cell chemotaxis to fibroblast growth factor enrichment level; a rank-sum test was used to analyze the data (n = 328, *p < 0.05; **p < 0.01; ns, not significant). ssGSEA, single-sample Gene Set Enrichment Analysis.





AFOC-DEGs Were Associated With Oral Squamous Cell Carcinoma Metastasis

To further explore the role of AFOC-DEGs in OSCC, we analyzed the relationship between fibroproliferation-related biological processes and tumor metastasis by ssGSEA. We found that fibroproliferation-related biological processes, especially fibroblast growth factor production, response to fibroblast growth factor, and fibroblast proliferation, were activated to varying degrees in metastatic HSCs (Figures 9A, B), which proved the tight association between the fibroproliferation and the metastasis of OSCC. The explanation of the fibroproliferation-related biological processes is shown in Supplementary Table 3. In addition, further analysis revealed that in metastatic HSCs, the expression of TERT was significantly decreased, while the expression of IL1A was significantly increased, suggesting that cuproptosis might play an essential role in tumor metastasis (Figure 9C).




Figure 9 | The role of AFOC-DEGs and fibroproliferation-related biological processes in the metastasis of HSC. (A) Heatmap shows the relationship between fibroproliferation-related biological processes and HSC metastasis. (B) Dot plot shows differences in fibroproliferation-related biological processes between HSCs and metastasis HSCs; a rank-sum test was used to analyze the data (n = 328, *p < 0.05). (C) Dot plot shows differences in the expression of TERT and LI1A between HSCs and metastasis HSCs; a rank-sum test was used to analyze the data (n = 328, ***p < 0.001).



Based on the above results, to determine the effect of AFOC-DEGs on the cellular phenotype of OSCC cells, t-SNE was applied to cell-sort the single-cell sequencing results of 2073 OSCC cells in the GSE84756 dataset, thereby identifying cells with high expression of AFOC-DEGs in OSCC (Figure 10F). COL1A2, IL1A, PLAU, and SPP1 were shown to have cellular significance. By enriching these cells with high AFOC-DEG expression and cell phenotype, we found that they were highly correlated with EMT, invasion, metastasis, etc. (Figures 9B–E). The correlations with EMT generally exceeded 0.3, and the correlation between cells with high COL1A2 expression and EMT reached 0.6. These results uncovered that AFOC-DEGs were highly related to the metastasis of OSCC cells (Figure 9A).




Figure 10 | Single-cell classification functional enrichment results of AFOC-DEGs. (A) Phenotypic Sankey diagram of cell function enrichment. (B) Radar map of phenotype distribution of OSCC cells with high PLAU expression. (C) Radar map of phenotype distribution of OSCC cells with high SPP1 expression. (D) Radar map of phenotype distribution of OSCC cells with high COL1A2 expression. (E) Radar map of phenotype distribution of OSCC cells with high IL1A expression. (F) TSNE cell sorting results from single-cell sequencing. OSCC, oral squamous cell carcinoma.






Discussion

Chewing betel nut has been verified as a potent carcinogenic factor for OSCC. The primary active ingredients of betel nut are the areca alkaloids, especially arecoline, leading to fibroblast proliferation and fibrotic changes (29). The genotoxicity of arecoline inducing chromosomal damage and gene mutations may account for the pathogenesis, including a DNA damage response cascade involving phosphorylation of ataxia-telangiectasia (ATM) kinase and its downstream targets checkpoint kinase 1/2 (Chk1/2), p53, and Nbs1, leading to a G2/M cell cycle arrest (7, 30). Apart from these alternations, protein expression of several other cell cycle regulatory molecules like cdc25c in basal carcinoma cells, cyclin B1 and Wee-1 in KB epithelial cells, and cyclin D1, cyclin A, cyclin E, CDK4, and CDK2 in HaCaT keratinocytes are modulated by arecoline. However, the detailed mechanism for the specific molecules of arecoline in OSCC has not been fully clarified. In this study, we acquired arecoline-related OSCC samples from TCGA-OSCC dataset and GSE139869 gene array and identified six AFOC-DEGs with a highly reliable prediction model for OSCC. Expression of AFOC-DEGs in OSCC compared with normal tissues also emerged as an increased result. The functional enrichment and correlation analysis verified the potential effect of cuproptosis in arecoline-related OSCC via AFOC-DEGs. The correlation between AFOC-DEGs, cuproptosis, and CAFs was also illustrated by correlation analyses. The immune infiltration analysis was also applied. The cell viability assessment demonstrated the stimulative influence of arecoline on CAFs in OSCC. The single-cell analysis of OSCC also revealed marked relevance between AFOC-DEGs and EMT, invasion, and metastasis. These discoveries offered a novel perspective into cuproptosis, CAFs, and prognosis of patients with arecoline-related OSCC via the investigation of AFOC-DEGs.

Several researchers reported the survival analysis of head and neck squamous cell carcinoma (HNSCC) cohorts with betel nut exposure and associated prognosis factors. It was found that the expression of DNA repair genes ATM and BRCA1 was suppressed in betel nut-associated HNSCC due to arecoline. Low expression of either ATM or BRCA1 was related to poor overall survival and presented as an independent prognostic factor (31). Here, for the first time, we screened thirteen DEGs based on arecoline-related OSCC samples from the GSE139869 gene array and TCGA-OSCC dataset. With LASSO regression analysis, we established a novel prognosis model for arecoline-related OSCC patients depending on six AFCO-DEGs: PLAU, IL1A, SPP1, CCL11, TERT, and COL1A2. The K-M curve demonstrated that the patients with high-risk scores in this model suffered a poorer prognosis as compared with the low-risk groups. The ROC curves for the survival probability at 1, 3, and 5 years also revealed great specificity and sensitivity of this prognosis model with all the AUC values higher than 0.6. The comparison of the AFOC-DEG expression in cancer tissues from different parts of the oral cavity and the corresponding normal tissues further confirmed that AEOC-DEGs were upregulated in various kinds of OSCC.

With t-SNE, we analyzed the single-cell sequencing results of 2,073 OSCC cells identifying the ones with high expression of AFOC-DEGs. By enrichment analyses, COL1A2, IL1A, PLAU, and SPP1 were discovered to be highly correlated with EMT, invasion, and metastasis with cellular significance. COL1A2 is a subtype of type I collagen produced by stromal fibroblasts and cancer cells, and previous researchers have identified it as a potential biomarker correlated with immune infiltration in the esophageal carcinoma TME (32). The high expression of IL-1α has been regarded as a tumor aggressiveness promoter leading to poor survival of HNSCC patients (33, 34). Encoding a secreted serine protease urokinase, PLAU has been attested to be associated with poor prognosis in HNSCC, the potential mechanism of which may be the dysfunction of the PI3K-Akt pathway and EMT process or aberrant proportions of immune cells (35, 36). SPP1 is an integrin-binding glycol-phosphoprotein whose overexpression exerts diverse tumor-associated functions such as proliferation, invasion, migration, angiogenesis, and metastasis. The present pan-cancer analyses revealed that SPP1 and its correlated genes might perform their efficacy by regulating tumor immune infiltration in various malignant tumors including HNSCC (37, 38). The reactivated and overexpressed TERT increases the telomerase activity resulting in abnormal cell proliferation and even replicative immortality. The enhanced TERT promoter activity was also demonstrated to be related to betel chewing, tumorigenesis, tumor development, and poor prognosis in OSCC by the previous prevalence studies (39, 40). CCL11 signaling regulates the TME impacting cancer progression; however, its specific mechanism of action for OSCC or other kinds of HNSCC has not been reported. Except for TERT, we first reported the relationship of other AFOC-DEGs with arecoline-related OSCC and the potential mechanisms.

Based on the gene function enrichment results of AFOC-DEGs in response to metal ion and oxygen levels, we further investigated the novel molecular mechanism of AFOC-DEGs in the formation and development of OSCC. Copper is involved in tumorous development and spreading via accelerating various biological functions including EMT, angiogenesis, cell proliferation, and metabolism transformation (24, 41). A recent study found an undiscovered regulated cell death mediated by copper, the appearance of which relied on mitochondrial respiration regulation via protein lipoylation in the TCA cycle (42). Among the genes engaged in the cuproptosis, FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, and PDHB were confirmed to be positive regulators, and MTF1, GLS, and CDKN2A were considered negative ones. In the PPI network, it was discovered that CDKN2A had tight bonding sites with AFOC-DEGs. Spearman’s correlation analysis exhibited a statistically significant correlation between AFOC-DEGs and cuproptosis-relevant genes especially LIAS, PDHB, GLS, and CDKN2A. The differential expression analyses of OSCC tissues and para-cancer tissues demonstrated that LIAS and PDHB were suppressed in cancer tissues, but GLS and CDKN2A were accelerated. Hence, we speculated that AFOC-DEGs inhibited cuproptosis leading to the downstream effects in OSCC.

CAFs have been regarded as the most prominent non-immune tumor-promoting cells within cancers, especially in HNSCC (43). In summary, CAFs exert manifold pro-tumoral functions in oral cancers via immunosuppression, metabolic switch, tumor proliferation, angiogenesis, tumor invasion, and therapy resistance (44–49). In a clinical study of OSCC patients, the scholars proved that lymph node metastasis occurred more frequently in the CAF-positive group, and the survival rate was significantly poorer in this group (15). However, treatments designed to target CAFs have not been successfully applied in clinical practice, which may due to a limited understanding of the CAFs’ molecular and functional phenotypes in specific tumors. In the previous study, we proved that arecoline increased the PDE4A activity inhibiting the cAMP/Epac1 pathway in TGF-β-activated buccal mucosal fibroblasts, which ultimately facilitated OSF, a kind of precancerous lesion in OSCC (10). In this research, we displayed a broad correlation among AFOC-DEGs and other CAF genes with Spearman’s analysis. The immune infiltration analysis also revealed a high positive relationship between CAFs and AFOC-DEGs, especially COL1A2, PLAU, and CCL11. The CAFs from OSCC stimulated with arecoline also showed higher cell viability as compared with the control group, directly certifying the promoting impact of arecoline on CAFs in OSCC. PLAU was found to promote esophageal squamous cell carcinoma progression by the conversion of fibroblasts into inflammatory CAFs via uPAR/Akt/NF-κB/IL8 pathway (50). What is more, other AFOC-DEGs were first demonstrated to be promoters for CAFs in OSCC, which might be potential targets for future therapy.

Previous studies have demonstrated the effect of copper in inducing CAF apoptosis through ROS/MAPK and ferroptosis pathways. However, in CAFs, the direct impact of cuproptosis has not been studied yet (51). In the ssGSEAs of cuproptosis-related gene expression and fibroproliferation-related biological processes, we found that cuproptosis suppressor genes GLS and MTF1 were significantly increased in the high level of fibroproliferation-related biological processes, indicating their latent correlative mechanism.

There are still ineluctable limitations in our research. Though we have screened for AFOC-DEGs with bioinformatics analysis attempting to interpret the roles of cuproptosis and CAFs in arecoline-related OSCC, more in vitro and in vivo experiments are needed for direct biological evidence to demonstrate the exact mechanism of action. Meanwhile, the interactive effect of cuproptosis and CAFs requires more exploration to expound. In further research, we plan to knock down or overexpress AFOC-DEGs in CAFs and explore their variation in cell migration, invasion, and proliferation and potential upstream or downstream influence in vitro and in vivo.



Conclusion

In conclusion, we identified six AFOC-DEGs in arecoline-related OSCC. The potential effect of cuproptosis on arecoline-related OSCC and its correlation with AFOC-DEGs were also verified. Correlation analysis also demonstrated the relationship between AFOC-DEGs, cuproptosis, and CAFs. Immune infiltration and in vivo experiments demonstrated a stimulatory effect of arecoline on CAFs in OSCC. Single-cell analysis of OSCC also revealed that high expression of AFOC-DEGs was closely related to OSCC metastasis. Through our study of AFOC-DEGs, we have demonstrated for the first time a close link between arecoline, cuproptosis, CAFs, and OSCC metastasis, providing a new perspective on arecoline-related OSCC. These findings suggest that copper ionophore therapy directed toward OSCC with such a pathological characteristic may be a possible treatment for improving these specific patient outcomes. In addition, CAF targeted therapy will also have a positive impact on the long-term prognosis of OSCC patients. In the future, more in-depth substantive research on arecoline, cuproptosis, and CAFs should therefore be considered.
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Cuproptosis is a novel copper ion-dependent cell death type being regulated in cells, and this is quite different from the common cell death patterns such as apoptosis, pyroptosis, necroptosis, and ferroptosis. Interestingly, like with death patterns, cuproptosis-related genes have recently been reported to regulate the occurrence and progression of various tumors. However, in bladder cancer, the link between cuproptosis and clinical outcome, tumor microenvironment (TME) modification, and immunotherapy is unknown. To determine the role of cuprotosis in the tumor microenvironment, we systematically examined the characteristic patterns of 10 cuproptosis-related genes in bladder cancer (BLCA). By analyzing principal component data, we established a cuproptosis score to determine the degree of cuproptosis among patients. Finally, we evaluated the potential of these values in predicting BLCA prognosis and treatment responses. A comprehensive study of the mutations of cuproptosis-related genes in BLCA specimens was conducted at the genetic level, and their expression and survival patterns were evaluated using The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO). Two cuproptosis patterns were constructed based on the transcription level of 10 cuproptosis-related genes, featuring differences in the prognosis and the infiltrating landscape of immune cells (especially T and dendritic cells) with interactions between cuproptosis and the TME. Our study further demonstrated that cuproptosis score may predict prognosis, immunophenotype sensitivity to chemotherapy, and immunotherapy response among bladder cancer patients. The development and progression of bladder cancer are likely to be influenced by cuproptosis, which may involve a diverse and complex TME. The cuproptosis pattern evaluated in our study may enhance understanding of immune infiltrations and guide more potent immunotherapy interventions.
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Introduction

Globally, bladder cancer is one of the top 10 most common types of cancer, with 550,000 new cases and 200,000 deaths annually (1). The World Health Organization (WHO) categorizes it based on its standardized histomorphological features into high-grade and low-grade cancers. Researchers from several independent groups have reported genes and mutations associated with low-grade non-muscle-invasive bladder cancer (NMIBC; PIK3CA, FGFR3, STAG2, and RTK/RAS/RAF pathway genes) and high-grade muscle-invasive bladder cancer (MIBC; p53, RB1, MDM2, ERBB2, CDKN2A, ARID1A, and KDM6A), which are relevant to prognosis, prediction, and treatment of bladder cancer. In particular, the CDKN2A mutation has been identified as a high-risk factor for MIBC (2, 3). Platinum-based chemotherapy was the mainstay of systematic management of MIBC. Recent years have seen the emergence of new treatment options such as PD-1/PD-L1 inhibitors, but immunotherapy is still in its infancy, and more efforts are urgently needed (4). Thus, developing new ideas for the development of immunotherapy for bladder cancer is of immense clinical significance.

Research in the field of life science has always been focused on the phenomenon of cell death, which is a normal part of living. Cell death patterns differ based on the mechanism of occurrence, including apoptosis, ferroptosis, pyroptosis, and necroptosis. Researchers have recently focused their attention on ferroptosis, a classic cell death mechanism described in 2012 (5). These regulated cell death (RCD) subroutines differ in the initiating stimuli, intermediate activation events, and terminal effects. Heavy metal ions are essential micronutrients in the body, but too little or too much of the metal can lead to cell death (6). Copper, like ferric ions, is an essential trace element in all life, usually present in extremely low concentrations in mammalian cells. If the copper ion concentration in the cell exceeds the threshold required to maintain homeostasis, it will also cause cytotoxicity (7). During research on copper ion-carrying cell death, Todd Golub’s team discovered a new pattern of cell death involving copper ions in cells that is dependent on and regulated by copper ions termed cuproptosis (8). The mechanism of cuproptosis involves the binding of copper ions directly to the lipoylated components of the tricarboxylic acid (TCA) cycle, which lead to abnormal aggregation of fatty acylated proteins as well as loss of iron–sulfur cluster protein ultimately resulting in proteotoxic stress response-mediated cell death. Further, this study identified seven genes (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, and PDHB) that promote cuproptosis, as well as three genes (MTF1, GLS, and CDKN2A) that inhibit it. In previous studies, it was found that the copper depletion caused by tetrathiomolybdate (TM) influences immune response, and intratumoral copper ions may be able to regulate PD-L1 expression and influence tumor immune escape (9, 10). Consistently, the latest report of Bian et al. also showed that cuproptosis was significantly correlated with immune cell infiltration and PD-1 expression in clear cell renal cell carcinoma (ccRCC) (11). In addition, copper, platinum, and iron as raw materials have been extensively studied in the development of drug delivery systems, showing promising prospects for a range of anticancer purposes (12). Many potential mechanisms for utilizing the biological functions of copper ions to treat cancer are also being investigated (13). However, the role of cuproptosis in the immune microenvironment and immunotherapy of bladder cancer remains uncertain.

As a part of our study, we constructed two cuproptosis patterns, each associated with a different prognosis and tumor microenvironment (TME) characteristic. We are the first to propose the use of the cuproptosis score to quantify the cuproptosis pattern of each bladder cancer (BLCA) patient based on the expression profile of cuproptosis-related genes (CUGs). This scoring mechanism can help doctors in developing more effective and personalized immunotherapy strategies.



Materials and methods


Data collection

The mRNA expression profiles, copy number variation (CNV) files, somatic mutation data, pathology slides, and corresponding clinical information on bladder cancer were retrieved from The Cancer Genome Atlas (TCGA)-BLCA (https://portal.gdc.cancer.gov/) program, and GSE16671 and GSE13507 in Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) were used to determine the clinical characteristics and gene expression data. Among these, patients lacking important clinical or survival parameters are eliminated from further analysis. The ‘limma 3.52.2’ package was used to post-process and normalize the raw reads from the above data by R 4.1.1 software. The pathology image data (formalin-fixed paraffin-embedded (FFPE) slide) were downloaded from the Genomic Data Commons (GDC; https://portal.gdc.cancer.gov/).



Consensus clustering analysis of cuproptosis-related genes

Based on the expression profiles of 10 CUGs, unsupervised classes of TCGA-BLCA datasets are estimated with the consensus clustering method using the ‘ConsensusCluster-Plus 1.60.0’ package in R (14), and two clusters are obtained. t-Distributed stochastic neighbor embedding (t-SNE) was used to verify the clusters based on the expression profiles of the above genes. A gene set variation analysis (GSVA) was performed using the Kyoto Encyclopedia of Genes and Genomes (KEGG) gene set (C2.cp.kegg.V7.4) to identify differences in biological function between the two clusters (15).



Relationship between cuproptosis patterns with the clinical characteristics and prognosis of bladder cancer

To evaluate the clinical significance of the two clusters identified by consensus clustering, we compared the associations between cuproptosis patterns, clinicopathological features, and survival outcomes. The characteristics of the patients included gender, age, T-stage, grade, and survival status. Furthermore, the differences in overall survival (OS) among different clusters were evaluated through the Kaplan–Meier analysis generated by the ‘Survival 3.3-1’ and ‘Survminer 0.4.9’ packages of R.



Associations of gene clusters with tumor microenvironment and human leukocyte antigen in bladder cancer

To evaluate the immune and stromal scores of each BLCA patient, we used the ESTIMATE algorithm (16). In addition, the CIBERSORT algorithm (17) was applied to determine the proportions of immune cell subsets in each BLCA sample. Additionally, the levels of human leukocyte antigen (HLA), immune cell infiltration, and the immune cell functions in the BLCA among different patterns were also calculated with the single-sample gene set enrichment analysis (ssGSEA) algorithm (18). Through TCGA Pathology Slides, we were able to confirm the above analysis.



Differentially expressed genes and cuproptosis score

Differentially expressed genes (DEGs) in the distinct cuproptosis subgroups were identified using the ‘limma 3.52.2’ package of R with criteria of |log2-fold change (FC)| ≥ 1 and p-value < 0.05. Gene Ontology (GO) and KEGG analyses were used to identify related gene functions and enriched pathways using the ‘clusterProfiler 1.4.0’ package in R. To quantify the cuproptosis patterns of individual BLCA patients, cuproptosis scores were calculated. The Boruta algorithm was performed to reduce the size of the cuproptosis gene signatures A and B, and principal component analysis was used to extract principal component 1 as signature score (19). Then the score of each patient is calculated by a method, as follows: cuproptosis score = ∑PC1A − ∑PC1B, where PC1A means the first component of signature A, and PC1B represents the first component of signature B. By using the Kruskal–Wallis test, cuproptosis scores of molecular patterns or gene clusters were evaluated.



Clinical significance and stratification analyses of the prognostic cuproptosis score

We performed univariate and multivariate Cox proportional hazards regression to determine whether cuproptosis score is an independent predictor of prognosis. Based on multiple clinical variables, we then carried out a classification analysis to determine whether the cuproptosis score still had predictive value in different subgroups. To assess the clinical accuracy of cuproptosis score, nomogram, calibration plots, and decision curve analysis (DCA) was conducted. Additionally, gene set enrichment analysis (GSEA) enrichment analysis was performed between high and low cuproptosis scores. The criteria of |log2-fold change (FC)| ≥ 1 and p-value < 0.05 were considered significantly enriched. In addition, we used Wilcoxon rank-sum test to compare the differences in immune cell infiltration, immune cell functions, and expression of 10 CUGs between the high and low cuproptosis score groups. Finally, TCGA Pathology Slides confirmed the above analysis.



Assessment of mutation and drug sensitivity

The association between cuproptosis score and tumor mutational burden (TMB) score was examined. In addition, data on somatic mutations using a mutation annotation format (MAF) file were visualized using the R package ‘maftools 2.12.0’. The Genomics of Drug Sensitivity in Cancer (GDSC; https://www.cancerrxgene.org/) database was utilized to evaluate the sensitivity of each BLCA patient to several chemotherapy drugs, and IC50 was quantified via the ‘pRRophetic’ package of R. Next, we predicted the response to immune checkpoint blockade (ICB) through the TIDE website (http://tide.dfci.harvard.edu/login/). With the use of the Wilcoxon test, the difference in TIDE score between high and low cuproptosis groups was compared. Additionally, both groups were predicted to respond to anti-PD1 or anti-CTLA4.



Screening of small molecular drugs

DEGs between the high and low cuproptosis score groups were identified using the ‘limma 3.52.2’ package using the criteria of |log2-fold change (FC)| ≥ 1 and p-value < 0.05. GO and KEGG enrichment analyses were conducted by the ‘clusterProfiler 1.4.0’ R package. As a final step, the upregulated and downregulated genes were uploaded to the CMap database, and candidate small-molecule drugs and their mechanisms of action were examined using the CMap mode of action (MoA).



Statistical analysis

All statistical analyses were performed in R software (version 4.1.1) and Perl, and a p < 0.05 value was considered statistically significant.




Results


The genetic characteristics and transcriptional alterations of cuproptosis-related genes in bladder cancer

Firstly, we determined the expression levels of 10 CUGs in tumor and normal specimens using TCGA-BLCA and GSE166716 datasets. There was a total of six DEGs identified (Figures 1A, B). Through the protein–protein interaction (PPI) analysis of the String website, we found that LIAS and DLD are the central genes of the network (Figure 1C). In addition, we calculated the incidence of CNVs and somatic mutations in 10 CUGs in BLCA. Based on Figure 1D, 46 (11.17%) of the 412 BLCA samples were mutated, and the results showed that the CDKN2A mutation rate was the highest among the 10 CUGs, which was consistent with previous studies (3). Next, we investigated the copy number alterations of these 10 CUGs and found that copy number alterations were common among them. Among them, the CNV of LPT1 increased, while FDX1, PDHB, CDKN2A, and DLAT had an extensive decrease in CNV (Figure 1E). Figure 1F displays the location of CNV of these CUGs on chromosomes (p-value < 0.05 was considered statistically significant).




Figure 1 | Expression distributions and genetic mutational landscape of CUGs in BLCA. Expression distributions of 10 CUGs between BLCA and normal tissues in the (A) TCGA-BLCA and (B) GSE166716 datasets. (C) The PPI network acquired from the STRING database among the CUGs. (D) Genetic alteration on a query of CUGs. (E) Frequencies of CNV gain, loss, and non-CNV among CUGs. (F) Circus plots of chromosome distributions of CUGs (*p < 0.05; **p < 0.01; ***p < 0.001). CUGs, cuproptosis-related genes; BLCA, bladder cancer; TCGA, The Cancer Genome Atlas; PPI, protein–protein interaction.





Identification of cuproptosis subtypes in bladder cancer

To explore the relationship between cuproptosis and tumorigenesis, 403 patients from TCGA-BLCA and 165 patients from GSE13507 of BLCA were included in this study. In Figure S1 and Table S1, we present the prognostic value of 10 CUGs for patients with BLCA analyzed by UniCox. Then, the network of CUG interactions, regulatory relationships, and their survival significance in BLCA patients is shown in Figure 2A. We then conducted unsupervised non-negative matrix factorization (NMF) clustering of TCGA-BLCA samples based on the mRNA expression level of 10 CUGs. Molecular clustering effects and cophenetic correlation analysis are used to comprehensively determine the optimal k. We tried k from 2 to 5; among all k values, k = 2 produced the best results in terms of clustering, OS analysis, and contours (Figures 2B-E). The two subgroups were designated as C1 and C2 (p-value < 0.05 was considered statistically significant).




Figure 2 | Identification of cuproptosis subtypes in BLCA. (A) A network of correlations including CUGs in TCGA cohort. (B) t-SNE of the mRNA expression profiles of CUGs from the BLCA samples in TCGA dataset confirmed the two clusters: C1 and C2. (C) Kaplan–Meier curves for the two molecular patterns of BLCA patients. (D) Silhouette plot of the two clusters. (E) Clustering display of the molecular subgroups. BLCA, bladder cancer; CUGs, cuproptosis-related genes; TCGA, The Cancer Genome Atlas; t-SNE, t-distributed stochastic neighbor embedding.





Different clinical and tumor microenvironment features of the two clusters in bladder cancer

As displayed in Figure 3A, the gene expression and clinical variables of the two clusters were compared, and significant differences in the expression of CUGs and clinical characteristics were identified. As a result of GSVA, Cluster 2 showed significant enrichment in tumorigenesis-related pathways, such as the TGF-β signaling pathway, WNT signaling pathway, adherens junction pathway, and ERBB signaling pathway (Figure 3B). Additionally, we investigated the impact of cuproptosis on TME. The results show that most HLAs are highly expressed in Cluster 2 (Figure 3C). In contrast, more lymphocyte infiltration and higher immune score were observed in C1. It is hypothesized that this is caused by negative immune feedback during the antitumor process (Figure 3D). TCGA Pathology Slides confirmed that immune cell infiltration was greater in the tumor nests of Cluster 1 patients than in Cluster 2 patients (Figure 3E) (p-value < 0.05 was considered statistically significant).




Figure 3 | Different clinical and TME features of the two cuproptosis subtypes in BLCA. (A) Heatmap depicts the correlation between the subtypes and different clinicopathological characteristics. (B) GSVA enrichment analysis of biological pathways between the two distinct subtypes. (C) Boxplots show variations in mRNA expression of HLAs in the two cuproptosis subtypes. (D) Boxplots show abundance of 23 infiltrating immune cell types and differences in immune scores in the two cuproptosis subtypes. (E) Representative pictures of pathological H&E staining of two cuproptosis subtypes (*p < 0.05; **p < 0.01; ***p < 0.001; Ns, not significant). TME, tumor microenvironment; BLCA, bladder cancer; GSVA, gene set variation analysis; HLAs, human leukocyte antigens.





Prognosis and tumor microenvironment features in four cuproptosis gene clusters for bladder cancer

Furthermore, we investigated the biological activities of the two cuproptosis subgroups. Based on differential expression analysis using the ‘limma’ package between the two clusters, we identified 4,355 common DEGs (Figure 4A). Functional enrichment analysis was then performed based on these DEGs. The DEGs associated with these cuproptosis subgroups are mainly involved in biological processes related to RNA splicing (Figure S2A). Based on the KEGG analysis, immune-related pathways are enriched (Figure S2B), indicating that cuproptosis is involved in the immune regulation of BLCA. Following this, we performed a uniCox analysis to estimate the survival significance of these 4,355 DEGs, and 770 genes were screened out with a criterion of p < 0.05 for subsequent analysis (Table S2). As a next step, the unsupervised clustering method was proposed to divide TCGA-BLCA cohort into four gene clusters according to these prognostic genes (A–D; Figures 4B, S3A, B). The Kaplan–Meier curves showed that BLCA patients with gene cluster B had the shortest OS time, whereas patients in gene cluster A possessed a pessimistic prognosis (p < 0.05; Figure 4C). Based on the cuproptosis gene signatures A and B, the dimension reduction was presented by the Boruta algorithm. In the heatmap transcriptomic profile, the 770 most abundant DEGs were displayed (Figure 4D). The cuproptosis gene clusters showed a significant difference in the expression of CUGs, as expected by the cuproptosis subgroup (Figure S3C). As a result, clusters B and C had higher immune cell infiltration and immune function scores than clusters A and D (Figures 4E,F). Based on the consistency of the prognosis and TME features of the four gene clusters, this classification can be considered reasonable and credible (p-value < 0.05 was considered statistically significant).




Figure 4 | Prognosis and TME characteristics in four cuproptosis gene clusters for BLCA patients. (A) Differential expression analysis between the two cuproptosis subtypes: 4,355 common DEGs. (B) Consensus matrix heatmap defining four gene clusters according to the prognostic DEGs. (C) Kaplan–Meier survival analysis for patients in the four gene clusters. (D) Clinical features of the four cuproptosis gene clusters. Boxplots show (E) abundance of 23 infiltrating immune cell types and (F) differences in immune scores in the four gene clusters (**p < 0.01; ***p < 0.001). TME, tumor microenvironment; BLCA, bladder cancer; DEGs, differentially expressed genes.





Development and validation of the cuproptosis scoring system for bladder cancer

Based on the 770 prognostic DEGs, we calculated the cuproptosis score for each BLCA sample using principal component analysis (PCA). A cuproptosis score of high or low was assigned to all patients. Figure 5A illustrates the distribution of cuproptosis scores within the two clusters of cuproptosis, the three gene clusters, and the patient’s survival status. Moreover, we observed a significant difference between the cuproptosis clusters and gene clusters in the cuproptosis score (Figures 5B, C). Compared with patients with low cuproptosis scores, those with high cuproptosis scores usually indicate a poor prognosis (p < 0.001; Figure 5D), and the AUC values of 1-year, 3-year, and 5-year OS were 0.606, 0.656, and 0.671, respectively (Figure 5E). The histogram and boxplots reveal that patients with high scores have significantly higher mortality rates than patients with low scores (p < 0.001; Figures 5F, G). As a result of our findings, the cuproptosis score correlated significantly with survival status in TCGA-BLCA cohort, but not with other clinical factors, such as age, gender, grade, and stage (Figure 5H) (p-value < 0.05 was considered statistically significant).




Figure 5 | Development and validation of the cuproptosis scoring system for BLCA. (A) Alluvial diagram of two cuproptosis subtypes, four gene clusters, cuproptosis scores, and clinical outcomes. Differences in cuproptosis score between (B) the two cuproptosis subtypes and (C) the four gene clusters. (D) Kaplan–Meier analysis of the OS between the two cuproptosis score groups. (E) ROC curves to predict the sensitivity and specificity of 1-, 3-, and 5-year survival according to the cuproptosis score. (F) Histogram and (G) boxplot depict the distribution of survival status of BLCA patients in the two groups. (H) Clinical characteristics for the high and low cuproptosis score groups. BLCA, bladder cancer; OS, overall survival; ROC, receiver operating characteristic.





Nomogram construction for predicting the prognosis of patients

Based on uniCox and multiCox analyses, we analyzed the independent prognostic value of cuproptosis score for BLCA patients, as well as the prognostic value of multiple clinical factors (Figures 6A, B; Tables 1, S3). Using the cuproptosis score and clinical parameters, we constructed a nomogram to estimate 1-, 3-, and 5-year OS for patients with BLCA (Figure 6C). The calibration curves of this nomogram showed high consistency between the observed and predicted values Figure 6D). In the AUC experimental results of other clinical factors, the nomogram model had higher OS prediction accuracy at 1, 3, and 5 years (Figures 6E-G). This prognostic model with multiple clinical factors also had a greater net benefit in predicting the prognosis (Figures 6H-J). Based on the evidence above, the cuproptosis score and its constructed nomogram model can accurately predict the prognosis of bladder cancer patients and can be used as a clinical decision-making tool (p-value < 0.05 was considered statistically significant).




Figure 6 | Construction and validation of a nomogram for predicting the prognosis of BLCA patients. The (A) uniCox and (B) multiCox analyses explored the independent prognostic value of cuproptosis score and multiple clinical factors. (C) Nomogram for predicting the 1-, 3-, and 5-year OS of BLCA patients in TCGA-BLCA cohort. (D) Calibration curves for validating the established nomogram. (E–G) The ROC curves of the nomograms compared for 1-, 3-, and 5-year OS in BLCA patients, respectively. (H–J) The DCA curves of the nomograms compared for 1-, 3-, and 5-year OS in BLCA patients, respectively (***p < 0.001). BLCA, bladder cancer; OS, overall survival; TCGA, The Cancer Genome Atlas; ROC, receiver operating characteristic; DCA, decision curve analysis.




Table 1 | Relationship between cuproptosis score and clinicopathological features of BLCA in TCGA.





Cuproptosis score is correlated with tumor microenvironment characteristics and mutation of bladder cancer

The results of GSEA suggested that the pathways associated with tumor growth and invasion were significantly enriched in the high cuproptosis score group Figure 7A), but immune-related pathways tended to be enriched in the low cuproptosis group (Figure 7B). Next, we examined the relationship between cuproptosis score and immune cells, which is shown in Figure 7C. Then, we examined the relationship between immune checkpoints and cuproptosis scores. In Figure 7D, there were 21 differentially expressed immune checkpoints in the two groups, including PD-1 and CTLA-4. Figures 7E, F indicate a correlation between low cuproptosis scores and higher levels of immune cell infiltration and immune function, consistent with previous GSEAs. In both TMEscore and histopathological sections, the group with low cuproptosis showed higher immune cell infiltration (Figures 7G, H). We also analyzed the survival of different subgroups of TMB to explore their impact on the prognosis of patients with BLCA. Compared to patients with high TMB, those with low TMB have a worse prognosis (Figure S4A). Afterward, the survival of patients with BLCA combined with TMB and cuproptosis score was analyzed, and the prognostic benefit in the low TMB group was counteracted by the cuproptosis score (Figure S4B). Moreover, we also investigated the distributional differences of somatic mutations between cuproptosis score groups in TCGA-BLCA samples. As shown in Figures S4C, D, the mutation rates of TP53, TTN, KMT2D, MUC16, and PIK3CA are higher than or equal to 20% in BLCA patients in both groups. Moreover, patients with a high cuproptosis score were more likely to have mutations in these genes than those with a low score (p-value < 0.05 was considered statistically significant).




Figure 7 | Distinct TME characteristics and mutation of BLCA patients according to the cuproptosis score. GSEA shows the different pathways significantly enriched in the (A) high and (B) low cuproptosis score groups. (C) Correlations between cuproptosis score and immune cells. (D) Expression of immune checkpoints in the high and low score groups. Boxplots show (E) abundance of 23 infiltrating immune cell types and (F) differences in immune scores in the two cuproptosis score groups. (G) Correlations between cuproptosis score and both immune and stromal scores. (H) Images representing the pathological H&E staining variations between the high and low cuproptosis score groups (TCGA database). (*p < 0.05; **p < 0.01; ***p < 0.001; Ns, not significant). TME, tumor microenvironment; BLCA, bladder cancer; GSEA, gene set enrichment analysis; TCGA, The Cancer Genome Atlas.





Predicting the sensitivity of bladder cancer patients to antitumor therapy with the cuproptosis score

We assessed the half-maximal inhibitory concentration (IC50) values for eight different chemotherapeutic drugs, including cisplatin, gemcitabine, sunitinib, gefitinib, vinblastine, vinorelbine, and vorinostat, to predict the likelihood of BLCA patients responding to antitumor therapy with the cuproptosis score. The results showed that sunitinib (p = 0.019) and vinblastine (p = 0.01) had significantly higher IC50 estimates in the high cuproptosis score group than in the low cuproptosis score group, but no significant differences were seen in the other drugs (Figure 8A). Furthermore, ICB treatment efficacy was evaluated using the tumor immune dysfunction and exclusion (TIDE) algorithm between the two cuproptosis score clusters. BLCA patients with low cuproptosis scores had higher TIDE scores than those with high scores (p = 0.01, Figure 8B). In addition, it showed that the low cuproptosis score subtype may benefit more from anti-PD1 treatment (Bonferroni corrected p = 0.003, Figure 8C). In conclusion, the high cuproptosis score group may be more sensitive to chemotherapy, whereas the low cuproptosis score group is more sensitive to anti-PD1 immunotherapy. We further analyzed the molecular differences between the high and low cuproptosis subgroups in order to identify the small-molecule drugs that could be used to treat BLCA. Finally, 4,506 genes with p < 0.05 and |log2-fold change (FC)| ≥ 1 were determined between the two subgroups, including 1,861 upregulated genes and 2,645 downregulated genes (Table S4). GO enrichment analysis showed that DEGs were significantly enriched in energy metabolism, RNA splicing, and viral gene expression (Figure 8D). These DEGs were also significantly correlated with ribosomes and coronavirus disease 2019 (COVID-19) signaling pathways (Figure 8E). We uploaded the 150 upregulated and 150 downregulated genes to the Connectivity Map (CMap) database (https://portals.broadinstitute.org/cmap/) of small-molecule drugs and examined their mechanisms of action. There were 48 potential small-molecule drugs and 15 potential drug mechanisms identified (Figure 8F). There was a high correlation between BTK and mTOR pathway inhibitors, suggesting the huge potential value of these two pathways (p-value < 0.05 was considered statistically significant).




Figure 8 | Cuproptosis score predicts the responsiveness of BLCA to chemotherapy, immunotherapy, and potential small-molecule compounds. (A) Relationships between cuproptosis score and chemotherapeutic sensitivity of BLCA. (B) Violin-plots show the differences in TIDE scores between the two cuproptosis score groups. (C) The submap algorithm predicts the probability of anti-PD1 and anti-CTLA4 immunotherapy response in high and low cuproptosis groups. The low cuproptosis score group may benefit more from PD-1 treatment (Bonferroni corrected p = 0.003). R, response. (D) GO enrichment analysis ranked by adjusted p-value and (E) KEGG pathway enrichment analysis results of DEGs between the two cuproptosis score groups. (F) Dots distribution heatmap depicting small-molecule compounds and their shared drug mechanisms of action (rows) through the CMap database. (**p < 0.01). BLCA, bladder cancer; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; DEGs, differentially expressed genes; CMap, Connectivity Map.






Discussion

The latest research has identified a new form of cell death caused by copper in human cells, known as copper-induced cell death (cuproptosis) (8). The process of cuproptosis is closely related to mitochondrial respiration. The copper that is too abundant within cells can be transported to the mitochondria by ionophores and directly bind to lipoylated components of the tricarboxylic acid cycle, resulting in the accumulation of lipoylated proteins and loss of iron–sulfur cluster proteins, which leads to proteotoxic stress and ultimately to cell death. A growing body of evidence shows that unbalanced copper homeostasis can affect tumor growth and induce tumor cell death (20), and copper plays an indispensable role in tumor immunity and antitumor therapy (21, 22). In addition, the development of diverse biomaterials and nanotechnology that allow copper to be fabricated into different structures to achieve its therapeutic action is worthy of attention (20). However, its role in the development of TME and its potential therapeutic value in bladder cancer remain unclear. Here, we comprehensively described how cuproptosis patterns in BLCA are clinically significant and how they may be related to TME characteristics. In addition, the cuproptosis scoring system was proposed to evaluate individual cuproptosis to improve understanding of TME and assist doctors in developing more effective immunotherapeutic strategies.

We investigated transcriptional changes and CUG expression using TCGA-BLCA cohort in this study. In line with previous studies (3), most of the CUGs were altered, including CDKN2A. By using an unsupervised clustering approach, we then developed two BLCA molecular patterns according to CUGs’ mRNA expression profiles. The prognosis, immune infiltration, and immune function of the two groups were significantly different. The response to immunotherapy may be heavily influenced by genomic alterations in BLCA. Based on DEGs associated with cluster signature, four gene clusters with differential clinical outcome, immune activity, and immune function were identified for BLCA. The cuproptosis score was established through the Boruta algorithm. In clinical application, transcriptome sequencing can be performed on pathological samples from bladder cancer patients to determine the cuproptosis scores of patients. A high cuproptosis score was associated with a shorter overall survival time, indicating that a high cuproptosis score may predict poor outcomes. As a result of the GSEA enrichment analysis, cancer and immune-related pathways were significantly enriched, suggesting that cuproptosis is involved in tumor development and TME.

Similarly, cuproptosis scores correlated significantly with BLCA clinicopathological features. We found that the cuproptosis score is an independent predictor of survival outcomes among BLCA patients after controlling for confounders. The receiver operating characteristic (ROC) curves confirmed its favorable predictive validity for 1-, 3-, and 5-year OS. In light of these data, the cuproptosis score may have robust predictive power for the prognosis of BLCA patients. Genetic mutations that caused cancer are significantly associated with copper (23). We found a significant genetic mutation difference between groups with high and low cuproptosis scores in our study. BLCA patients with high TMB have been shown to have better survival outcomes (24), which is consistent with our results. There was a significant survival advantage for patients with a lower cuproptosis score compared to those with a lower TMB score, suggesting that the cuproptosis score could predict immunotherapy response independently of TMB.

The immune response plays a leading role in tumorigenesis and can often be used as a target for tumor therapy. In the TME, immune cells and stromal cells are identified as major components (25, 26). Immune cell infiltration was associated with bladder cancer survival, and high CD8+ T-cell infiltration predicted a favorable prognosis, confirming our analysis (27, 28). This suggests that cuproptosis may be involved in the regulation of TME, especially CD8+ T cells, and therefore contribute to tumor growth and progression. In previous studies, the reactivation of CD8+ T cells predicted the efficacy of immunotherapy. Consequently, targeting cuproptosis may be an effective and novel therapeutic strategy for the treatment of BLCA.

Chemotherapy, immunotherapy, and targeted therapy can limit tumor progression and improve prognosis in patients with advanced bladder cancer (29). At present, BLCA’s decreasing sensitivity to chemotherapy is causing widespread concern (30). Patients with different cuproptosis score groups were identified as potentially sensitive to these agents, and the combination of these agents with cuproptosis-targeted drugs may help mitigate resistance mechanisms and improve clinical outcomes. In addition, immunotherapy requires specific predictive models to be effective. The TIDE method has been used to predict BLCA patients’ ICB response. In this study, we observed that BLCA patients with a low cuproptosis score had a higher TIDE score and a stronger positive response to anti-PD1 therapy than those with a high cuproptosis score. The low-score group consistently had higher levels of T-cell infiltration. It implies that the cuproptosis score could be a screening tool for ICB patients.

Subsequently, 1,861 upregulated genes and 2,645 downregulated genes were identified in the low and high cuproptosis score groups, respectively. The results of enrichment analysis showed that these specific DEGs were enriched in energy metabolism, RNA splicing, and viral gene expression. Additionally, KEGG enrichment analysis revealed that the DEGs were significantly enriched in ribosomes and the COVID-19 signaling pathway. The above results suggest that cuproptosis may be involved in more than tumor development, including the occurrence and development of viral diseases, as documented by relevant reports (31). Despite increasing support for targeted therapies in cancer, cuproptosis-targeted drugs are scarce at present. In our research, we identified 48 genetic and pharmacological inhibitors targeting cuproptosis, including BTK and mTOR inhibitors, covering 15 mechanisms of action. The results of this study provide valuable evidence for targeted treatment of BLCA.

There are still some deficiencies in the study. First of all, our analysis was a secondary analysis of the data from public databases. These retrospective data were subject to selection bias, which affected the accuracy of the analysis results. Hence, well-designed prospective studies are needed to validate our findings. In addition, to fully comprehend the clinical significance of cuproptosis, more clinical factors should be analyzed. Unfortunately, the collection of these variables in public databases is incomplete.



Conclusions

To sum up, we systematically analyzed the effects of cuproptosis on BLCA and provided a clear explanation of the broad regulatory mechanisms of cuproptosis in the TME, clinicopathological features, and prognosis. In addition, we demonstrated the potency of CUGs as biomarkers of therapeutic response. Consequently, an integrated evaluation of cuproptosis scores of each BLCA patient is of great clinical importance and can be used to develop personalized immunotherapy strategies for these patients.
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Supplementary Figure 3 | Consensus clustering analysis for BLCA samples from TCGA database based on prognostic DEGs between the two cuproptosis subtypes. (A) Cumulative distribution function (CDF) when different k values. (B) Delta area plot shows relative change in area under CDF curve when at a certain k value compared with k-1. (C) Differences in the expression of 10 CUGs among the four gene clusters. (p < 0.05 *; p < 0.01 **; p < 0.001 ***)
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Recent studies have proposed that pyruvate dehydrogenase E1 component subunit alpha (PDHA1), a cuproptosis-key gene, is crucial to the glucose metabolism reprogram of tumor cells. However, the functional roles and regulated mechanisms of PDHA1 in multiple cancers are largely unknown. The Cancer Genome Atlas (TCGA), GEPIA2, and cBioPortal databases were utilized to elucidate the function of PDHA1 in 33 tumor types. We found that PDHA1 was aberrantly expressed in most cancer types. Lung adenocarcinoma (LUAD) patients with high PDHA1 levels were significantly correlated with poor prognosis of overall survival (OS) and first progression (FP). Kidney renal clear cell carcinoma (KIRC) patients with low PDHA1 levels displayed poor OS and disease-free survival (DFS). However, for stomach adenocarcinoma (STAD), the downregulated PDHA1 expression predicted a good prognosis in patients. Moreover, we evaluated the mutation diversity of PDHA1 in cancers and their association with prognosis. We also analyzed the protein phosphorylation and DNA methylation of PDHA1 in various tumors. The PDHA1 expression was negatively correlated with tumor-infiltrating immune cells, such as myeloid dendritic cells (DCs), B cells, and T cells in pan-cancers. Mechanically, we used single-cell sequencing to discover that the PDHA1 expression had a close link with several cancer-associated signaling pathways, such as DNA damage, cell invasion, and angiogenesis. At last, we conducted a co-expressed enrichment analysis and showed that aberrantly expressed PDHA1 participated in the regulation of mitochondrial signaling pathways, including oxidative phosphorylation, cellular respiration, and electron transfer activity. In summary, PDHA1 could be a prognostic and immune-associated biomarker in multiple cancers.
Keywords: PDHA1, pan-cancer, immunotherapy, mutation, prognosis
INTRODUCTION
The incidence and mortality of cancers are growing rapidly worldwide. The extremely complex process of tumorigenesis and poor prognosis is still a great challenge for cancer treatment (Zhang et al., 2017; Li C et al., 2020; Bray et al., 2020). Thus, it is urgent to explore novel candidate genes for making early diagnosis and predicting the prognosis in various malignancies. Pan-cancer analysis is highly significant and realizable for the evaluation of novel cancer-associated genes (ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium, 2020).
Pyruvate dehydrogenase E1 component subunit alpha (PDHA1), a critical component of a pyruvate dehydrogenase (PDH) complex (PDC), is indispensable in glucose metabolism and participates in oxidative phosphorylation and tricarboxylic acid cycle in mitochondria (Patel et al., 2014). The PDC activity was regulated by PDH kinases 4 (PDK1-4) at three independent serine (Ser, S) residues, S293, S300, and S232 (Kolobova et al., 2001). The inactivation of PDHA1 promotes tumor glycolysis by downregulating the PDC activity (Yu et al., 2017). In head and neck squamous cell carcinoma (HNSC) patients, high expression of PDK1 significantly promoted the phosphorylation of PDHA1 at Ser-232, resulting in the poor outcome (Golias et al., 2016). In gastric cancer, downregulated PDHA1 promoted cancer progression by increasing glycolysis (Liu et al., 2018). In addition, PDHA1 also played a critical role in cancer chemoresistance. In esophageal cancer KYSE450 cells, PDHA1 knockout could promote the resistance of docetaxel and paclitaxel through enhancing glycolysis (Liu et al., 2019). In prostate cancer, silencing PDHA1 significantly enhanced resistance to chemotherapy by inducing anaerobic glycolysis and enhancing migration ability (Li et al., 2016). Nevertheless, the detailed roles of PDHA1 in various cancers remain largely unclear.
In our study, a pan-cancer analysis was performed to explore the role and mechanism of PDHA1 in 33 human cancer types. By utilizing multiple bioinformatics tools, we carried out a systematic analysis of the prevalence and predictive values of PDHA1 in multiple tumor types. The altered characteristics of PDHA1 mainly contained its expression levels, mutation status, protein phosphorylation, and methylations. Furthermore, we explored the associations between PDHA1 expression and immunotherapy-associated signatures.
MATERIALS AND METHODS
Identification of PDHA1 expression based on bioinformatics databases
We compared the PDHA1 expression in tumor tissue and normal tissues by performing Tumor Immune Estimation Resource (TIMER2) (Li T et al., 2020) and Gene Expression Profiling Interactive Analysis (GEPIA2) (Tang et al., 2019). In GEPIA2, the p-value cutoff was 0.05, and the log2 (fold change) cutoff was 1. Next, we utilized the GEPIA2 database to analyze the association between PDHA1 expression and pathological stages in 33 cancer types. Using the Clinical Proteomic Tumor Analysis Consortium (CPTAC) (Edwards et al., 2015), we analyzed the protein expression, protein and phosphoprotein levels, and DNA methylation of PDHA1. Z-values represent standard deviations from the median across samples for the given cancer type. Log2 spectral count ratio values from CPTAC were first normalized within each sample profile and then normalized across samples. The information and the characteristics of the samples and cohorts from GEPIA2 are displayed in Supplementary Table S1.
Survival prognosis analysis
Across 33 tumor types, the prognostic values of PDHA1, including overall survival (OS), first progression (FP), disease-free survival (DFS), and progression-free survival (PFS), were performed in the GEPIA2 database, The Cancer Genome Atlas (TCGA) (Wang et al., 2016), and the Kaplan–Meier plotter (Hou et al., 2017). The heatmap data and survival plots of PDHA1 were displayed. In addition, by using the cBioPortal tool (Gao et al., 2013), we explored the mutation frequency, mutation type, and site information of PDHA1 across 33 tumors. Also, we assessed the survival values of PDHA1 genetic alteration, including OS and DFS, across 33 cancers. The patients’ alteration information is displayed in Supplementary Table S2. The characteristics of PDHA1 mutation in samples and cohorts are displayed in Supplementary Table S3. The clinical information on PDHA1 alterations is displayed in Supplementary Table S4.
Analysis of immune infiltration
We analyzed the relationship between PDHA1 expression and immune infiltrates across all tumors by using the TIMER2 tool. We selected B cell, natural killer cell (NK cell), macrophage cell, dendritic cell (DC), CD8+ T cell, neutrophil, monocyte cell, cancer-associated fibroblast (CAF), and regulatory T cells (Tregs) for detailed analysis. Seven algorithms, namely, TIMER, EPIC, MCPCOUNTER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, and XCELL, were applied for the analysis of immune infiltration.
Analysis of single-cell sequencing data
At the single-cell level, we explored correlation data between PDHA1 expression and different tumor functional statuses by searching CancerSEA (Yuan et al., 2019). We drew a heatmap to indicate the significant correlation. The top four significantly different functional states (p < 0.0001) and the T-SNE diagram in tumors were obtained based on the CancerSEA database. The correlation and p-value of the cancer category and tumor functional status are displayed in Supplementary Table S5. The correlation matrix data are displayed in Supplementary Table S6.
Enrichment analysis of PDHA1-related genes
The STRING website was utilized for the molecule interaction network analysis (Franceschini et al., 2013). Furthermore, GEPIA2 was used to download the top 100 similar genes of PDHA1 in pan-cancer (Supplementary Table S7). Next, using the Xiantao bioinformatics toolbox (https://www.xiantao.love/products), we explored the Pearson correlation between PDHA1 and the selected genes. In addition, a heatmap of the expression profile for the selected genes was obtained. GO and KEGG enrichment analyses about PDHA1 similar genes were performed by the Xiantao bioinformatics toolbox.
Statistical analysis
In TIMER2, the statistical significance computed by the Wilcoxon test is annotated by the number of stars. In GEPIA2, we used the ANOVA method to compare tumor vs. all normal samples. We utilized Spearman’s rank correlation coefficient to evaluate the correlation between two groups. We used the Kaplan–Meier method to assess the association between prognosis of patients and PDHA1 expression or mutation levels. p < 0.05 was considered a statistically significant difference (Yang et al., 2020).
RESULTS
Aberrant expression of PDHA1 in pan-cancer
In this study, TIMER2 was used to research the differential expression of PDHA1 by comparing tumors and normal tissues. As shown in Figure 1A, the PDHA1 expression in seven tumor tissues, namely, cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), cholangiocarcinoma (CHOL), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), stomach adenocarcinoma (STAD), and uterine corpus endometrial carcinoma (UCEC), was significantly upregulated. In contrast, PDHA1 was significantly downregulated in six tumors, namely, breast invasive carcinoma (BRCA), glioblastoma multiforme (GBM), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), pheochromocytoma and paraganglioma (PCPG), and thyroid carcinoma (THCA). We further assessed the differential expression of PDHA1 between tumor and normal tissues by matching TCGA and GTEx in several cancers. We found the upregulated expression of PDHA1 in lymphoid neoplasm diffuse large B-cell lymphoma (DLBC) and thymoma (THYM) and the downregulated expression of PDHA1 in acute myeloid leukemia (LAML) (Figure 1B). For other tumors, there were no significant differences in the expression of PDHA1 (Supplementary Figure S1A).
[image: Figure 1]FIGURE 1 | Aberrant expression of PDHA1 in pan-cancer. (A) mRNA level of PDHA1 performed by the TIMER2 database. (B) Box plot of PDHA1 mRNA level in DLBC, LAML, and THYM performed by the GEPIA2 database. (C) Total protein level of PDHA1 in normal tissue and COAD, BRCA, KIRC, GBM, HNSC, PAAD, and LIHC performed by CPTAC. (D) Relationship between PDHA1 expression and tumor pathological stage performed in GEPIA2. *p < 0.05; **p < 0.01; ***p < 0.001.
To better understand the differential expression, the CPTAC dataset was used to assess the PDHA1 protein level in large-scale proteome data from the National Cancer Institute. As shown in Figure 1C, the total protein expression of PDHA1 was significantly decreased in colon adenocarcinoma (COAD), BRCA, KIRC, GBM, HNSC, and pancreatic adenocarcinoma (PAAD) and elevated in LIHC. The total protein expression of PDHA1 in LUAD, ovarian serous (OV), and UCEC showed no differential expression (Supplementary Figure S1B).
The GEPIA2 tool was also used to analyze the relationship between the PDHA1 expression and tumor pathological stage. Figure 1D showed stage-specific change of PDHA1 in eight tumor types, including KIRC, KIRP, BRCA, THCA, PAAD, testicular germ cell tumors (TGCTs), and esophageal carcinoma (ESCA). In other cancers, there was no clear association between the PDHA1 expression and patients’ stage (Supplementary Figure S1C).
Survival analysis of PDHA1 expression in pan-cancer
Next, we used GEPIA2 to explore the role of PDHA1 in patients’ prognosis, including OS and DFS. High expression of PDHA1 was associated with poor prognosis in patients with LUAD (p = 0.019). Inversely, high expression of PDHA1 was associated with good prognosis in patients with KIRC (Figures 2A,B). Furthermore, we used the Kaplan–Meier plotter tool to identify the survival values of PDHA1. As shown in Supplementary Figure S2, we found that a high PDHA1 expression level was associated with poor prognosis in patients with lung cancer and STAD. These results indicated the promising roles of PDHA1 in the patients’ prognosis of lung cancer.
[image: Figure 2]FIGURE 2 | Survival analysis of PDHA1 expression in pan-cancer. (A,B) GEPIA2 indicated the roles of PDHA1 expression in patients’ prognosis, including OS (A) and DFS (B). High cutoff (50%) and low cutoff (50%) values were used as the expression thresholds for splitting the high-expression and low-expression cohorts. The cutoff value was as follows: p-value < 0.01 and | logFC| > 1.
Genetic alteration of PDHA1 in pan-cancer
Genetic alterations have been proved to affect tumorigenesis and treatment (Yang Z et al., 2021). Thus, we explored the PDHA1 genetic alterations in human tumor samples. According to our analysis, the frequency of PDHA1 alteration (7.69%) is the highest in undifferentiated STAD with “deep deletion” as the primary type. Endometrial carcinoma had the highest incidence of the “mutation” type with a frequency of 4.1% (Figure 3A). As shown in Figure 3B, there were 92 mutations in the full sequence of PDHA1. Also, “mutation” seemed to be the main type of genetic alteration, which is mainly located within the dehydrogenase E1 component (E1_dh) domain (67–361). For instance, a missense mutation with potential clinical significance, A212S/D alteration, was only detected in three cases of uterine endometrioid carcinoma. Also, the A212S/D site was visualized in the 3D structure of PDHA1 protein (Figure 3C). After this, we systematically explored the relationship between genetic alterations of PDHA1 and the clinical survival prognosis of patients. As shown in Figure 3D, the genetic alteration of PDHA1 showed a poor prognosis in adrenocortical carcinoma (ACC) and KIRC patients and a good prognosis in LUAD patients.
[image: Figure 3]FIGURE 3 | Genetic alteration of PDHA1 in pan-cancer. (A) Mutation status of PDHA1 in pan-cancers was performed by the cBioPortal tool. (B) Main mutation types of PDHA1. (C) A212S/D mutation site was visualized in the 3D structure of PDHA1 protein. (D) Roles of PDHA1 alteration in the patients’ prognosis, including OS, DFS, and PFS.
Protein phosphorylation and DNA methylation of PDHA1 in pan-cancer
Recent studies have demonstrated that PDHA1 phosphorylation could promote tumor migration ability and therapeutic resistance by suppressing its PDH activity (Zimmer et al., 2016; Jin et al., 2021). We further explored the phosphorylation of PDHA1 between normal and primary tumor tissues. Using the CPTAC dataset, we found the decreased phosphorylation level of S232 for BRCA, decreased phosphorylation level of S293 for KIRC and HNSC, increased phosphorylation level of S293 for LUAD and PAAD, decreased phosphorylation level of S295 for GBM, and increased phosphorylation level of S295 for LIHC (Figures 4A,B).
[image: Figure 4]FIGURE 4 | Protein phosphorylation and DNA methylation of PDHA1 in pan-cancer. (A,B) CPTAC indicated the phosphorylation levels of PDHA1 at S232, S293, and S295. (C) DNA methylation of PDHA1 between normal and primary tumor tissues was performed by the UALCAN database.
In addition, in multiple cancers, DNA methylation throughout the genome is an epigenetic modification contributing to the regulation of cancer-associated genes (Liu D et al., 2021; Rogozin et al., 2021). Research studies have verified that PDK4 methylation could display the oncogenic roles in colon cancer (Leclerc et al., 2017). However, the underlying roles of PDHA1 methylation in various cancers remain largely unclear. In our study, we demonstrated the decreased promoter methylation level of PDHA1 for BLCA, LIHC, and TGCT and increased promoter methylation level of PDHA1 for UCEC (Figure 4C). No obvious changes in methylation values of PDHA1 could be found in other cancers (Supplementary Figure S3).
The roles of PDHA1 in the immune infiltration in pan-cancer
Here, we explored the potential correlation between PDHA1 expression and tumor-infiltrating immune cells by performing comprehensive research. Seven algorithms, namely, TIMER, EPIC, MCPCOUNTER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, and XCELL, were applied for the estimation of immune infiltration cells in all TCGA tumor types. As shown in Figures 5A–D, we discovered a negative correlation between the PDHA1 expression and the estimated infiltration value of myeloid DC for COAD, B cell for TGCT, T cell for THCA, and CAF for BRCA, COAD, KIRC, KIRP, LUSC, STAD, and THCA. There was no significant correlation between PDHA1 levels and other tumor-infiltrating immune cells, such as NK cell, macrophage, neutrophil, monocyte cell, and Tregs (Supplementary Figure S4).
[image: Figure 5]FIGURE 5 | Roles of PDHA1 in the immune infiltration in all TCGA tumor types. (A–D) Correlation heatmap between PDHA1 expression and tumor-infiltrating immune cells across 33 cancer types was displayed, including DC (A), B cell (B), CAF (C), and Tregs (D). A positive correlation was marked as red color, while a negative correlation was marked as blue color. Nonsignificant correlations values were marked with a cross.
Expression pattern of PDHA1 in a single cell and its relationship with the cancer functional status
The recently developed single-cell sequencing technologies could be used to overcome the cell heterogeneity in tumors (Liu J et al., 2021). We searched the CancerSEA website to verify the expression of PDHA1 at the single-cell level in different cancers and its relationship with the tumor functional status. As shown in Figure 6A, the heatmap showed that PDHA1 had a strong correlation with fourteen tumor functional statuses in most cancer types. Figure 6B showed the positive relationship between the PDHA1 expression and DNA repair in uveal melanoma (UM), DNA damage in retinoblastoma (RB), invasion in acute lymphoblastic leukemia (ALL), and angiogenesis in LUAD. PDHA1 expression profiles were shown at single-cell levels of UM, RB, ALL, and LUAD by a T-SNE diagram (Figure 6C). The scatter plot describing the correlations between the gene expression and tumor functional status was added as a supplement (Supplementary Figure S5). These results suggested that PDHA1 might play a crucial role in the biological processes of cancer progression.
[image: Figure 6]FIGURE 6 | Expression pattern of PDHA1 at the single-cell level and its relationship with the cancer functional status. (A) Correlation between PDHA1 expression and different tumor functional status was displayed as a heatmap performed by the CancerSEA database. (B) Correlation between PDHA1 expression and four significantly different functional states. (C) PDHA1 expression profiles at single-cell levels of UM, RB, ALL, and LUAD by the T-SNE diagram. *p < 0.05; **p < 0.01; ***p < 0.001.
Co-expression network of PDHA1 and enrichment pathway analysis
Finally, to better understand the molecular mechanism of PDHA1 in tumorigenesis and development, we used the STRING tool to construct the PDHA1-interacted molecule network. A total of 20 experimentally identified PDHA1-binding molecules were acquired (Figure 7A). Then, we used the GEPIA2 tool to acquire the top 100 similar genes correlated with PDHA1 expression. The expression of PDHA1 was positively associated with apoptosis-inducing factor mitochondria associated 1 (AIFM1, R = 0.48), ATP synthase membrane subunit C locus 3 (ATP5G3, R = 0.48), coenzyme Q9 (COQ9, R = 0.47), estrogen-related receptor alpha (ESRRA, R = 0.49), succinate-CoA ligase GDP/ADP-forming subunit alpha (SUCLG1, R = 0.5), and ubiquinol-cytochrome C reductase core protein 1 (UQCRC1, R = 0.48) (Figure 7B and Supplementary Table S8). The heatmap demonstrated that PDHA1 had a strong positive correlation with the six aforementioned genes in most cancer types (Figure 7C). By performing GSEA, we further verified the potential roles of PDHA1-associated molecules in the regulation of metabolism signaling pathways, including pyruvate metabolism, metabolism of carbohydrates, oxidative phosphorylation, and citric acid cycle (Figure 7D). In addition,Supplementary Figure S6A and Supplementary Table S9 showed that PDHA1 was involved in tumorigenesis through the regulation of oxidative phosphorylation, Parkinson’s disease, nonalcoholic fatty liver disease, and thermogenesis by performing KEGG analysis. GO enrichment also indicated that PDHA1-associated molecules were significantly related to cellular respiration, electron transfer activity, and mitochondrial inner membrane (Supplementary Figures S6B–D; Supplementary Table S9).
[image: Figure 7]FIGURE 7 | Co-expression network and enrichment pathway analysis of PDHA1. (A) In total, 20 experimentally identified PDHA1-binding molecules were acquired by STRING. (B) Top six PDHA1-correlated genes analyzed by GEPIA2, including AIFM1, ATP5G3, COQ9, ESRRA, SUCLG1, and UQCRC1. (C) Heatmap representation of the expression correlation between PDHA1 and the top six PDHA1-correlated genes, AIFM1, ATP5G3, COQ9, ESRRA, SUCLG1, and UQCRC1, in 33 tumors. (D) Roles of PDHA1 in the metabolism signaling pathway by performing GSEA.
DISCUSSION
PDHA1, a key component of PDH, is a rate-limiting enzyme complex for maintaining the tricarboxylic acid cycle (TCA cycle). Emerging studies have demonstrated that cancer metabolism regulated by PDHA1 plays a key role in cancer progression and metastasis (Yetkin-Arik et al., 2019). Tsvetkov et al. (2022) demonstrated that copper-induced cell death is a novel cell death involved in human tumors. Using a whole-genome CRIPSR-Cas9 positive selection screen, they found that PDHA1 may play a pivotal role in malignancies by regulating cuproptosis. Nevertheless, the detailed role of PDHA1 in cancers and the underlying mechanism driving tumor pathogenesis are still largely unclear. Thus, we performed a pan-cancer analysis for PDHA1.
In our result, augmented levels of PDHA1 were observed in the tumor tissues of CESC, CHOL, LIHC, LUAD, LUSC, STAD, and UCEC, whereas low expression of PDHA1 was observed in BRCA, GBM, KIRC, KIRP, PCPG, and THCA. These results indicated that PDHA1 may play different roles in different types of cancers. In addition, we verified that upregulated PDHA1 predicted poor OS for patients in LUAD, good OS and DFS for patients in KIRC, and poor DFS for patients in KIRC. The Kaplan–Meier plotter identified that a high PDHA1 expression level was associated with poor prognosis of OS and PPS for STAD. This suggested that PDHA1 may be a potential biomarker for predicting the prognosis of tumor patients.
In lung cancer, the study of Cevatemre et al. (2021) showed that knockdown of PDHA1 expression confers chemoresistance in A549 cells by inducing the epithelial–mesenchymal transition process. The study of Ma et al. (2018) demonstrated that dichloroacetate acid (DCA), a pyruvate dehydrogenase kinase inhibitor, could produce a therapeutic benefit in A549 and H1299 cells by activating PDHA1. Here, in LUAD, we demonstrated that patients with PDHA1 genetic alteration have a better prognosis in OS. Also, the phosphorylation level of PDHA1 S293 increased in LUAD. The single-cell transcriptomic sequencing study suggested that PDHA1 expression was significantly associated with several cancer-associated signaling in LUAD, including cell cycle, DNA damage, and DNA repair.
Previous research has demonstrated that decreased SIRT5 expression in KIRC accelerated the Warburg effect through PDHA1 hypersuccinylation, resulting in tumorigenesis and progression (Yihan et al., 2021). Here, in KIRC, we found a negative correlation between the expression of PDHA1 and clinical staging by exploring TCGA-KIRC datasets. Furthermore, the phosphorylation level of PDHA1 S293 significantly decreased in KIRC. Patients with PDHA1 genetic alteration displayed a poor prognosis in DFS and PFS. These results indicated that aberrant alterations of PDHA1 might participate in the KIRC progression and prognosis.
Currently, the tumor microenvironment (TME) makes a significant impact on malignancies (Bi et al., 2020; Jia et al., 2021; Li et al., 2021). As a major component of TME, CAF has multiple pro-tumorigenic functions during tumorigenesis (Yang W et al., 2021). Sun et al. (2019) demonstrated that IL-6 was increased in the supernatant of isolated CAFs, which could promote BRCA cell proliferation. In recent years, emerging studies have proved the well-established role of B cells in shaping antitumor immunity. Song et al. (2022) found that B-cell marker genes could effectively indicate the patients’ survival and provide targets for immunotherapy in lung cancer. Our study showed that the PDHA1 expression was negatively correlated with CAFs, DCs, B cells, and T cells in many cancers. However, the potential mechanism of PDHA1 in regulating TME requires further study.
Nevertheless, this study still has some limitations. First, the specific molecular mechanisms of PDHA1 on cuproptosis in multiple cancers have not been explored in this study, especially the roles of PDHA1 expression, genetic alterations, protein phosphorylation, and DNA methylation in the regulation of cuproptosis in tumor progression need to be further identified. Second, more in vivo and in vitro studies about the underlying mechanisms of PDHA1 in cancer progression require further investigation. Third, we found the double-edged roles of PDHA1 as oncogenes or tumor suppressors in different cancers, which might be due to the different origins of cancer cells and the tumor heterogeneity.
In summary, by performing a comprehensive pan-cancer analysis of PDHA1, we displayed the abnormal expression profiles of PDHA1 and its correlation with clinical prognosis and immune response. In addition, we also analyzed the protein phosphorylation and methylation values of PDHA1 in a variety of human cancers. These results could help to clarify the underlying functions of PDHA1 in tumorigenesis.
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In recent years, ferroptosis has become a research hotspot in programmed cell death. Since the concept of ferroptosis was proposed, a growing number of articles have been published on this topic. Nevertheless, to our knowledge, these ferroptosis-related publications that have received a great deal of attention have not been quantitatively evaluated. In this study, we analyzed the top 100 most influential articles over the past decade through a bibliometric method to characterize the research status and trends in this field. Web of Science Core Collection was searched to identify relevant studies. After being manually screened, the top 100 most cited studies with original data were identified and analyzed. Bibliometric software including VOSviewer and R-Bibliometrix were used to perform visualization analysis. The citation frequency for the top 100 selected articles ranged from 135 to 3603 (326.6 citations on average). These articles originated from 25 countries/regions, with more than half originating from the United States and China. The most frequently nominated author was Stockwell BR from the Columbia University, and of the top 100 articles, 19 listed his name. Three core journals were Nature, Cell and Proceedings of the National Academy of Sciences of the United States of America. In addition to term of ferroptosis, these terms or phrases including cell death, cancer cell, GPX4, pathway, inhibitor, mechanism, iron, lipid peroxidation, resistance, erastin, sorafenib, P53, reactive oxygen species, necroptosis, apoptosis, glutathione peroxidase, ACSL4, autophagy, and SLC7A11 appeared more frequently in the top 100 articles. Overall, although much progress has been made, the research on ferroptosis is still at an early stage. The current attention in this field mainly focuses on potential regulatory mechanism and pathways including key ferroptosis-related genes/molecules, oxidant and antioxidant system, ferroptosis-inducing agents or nanomedicine for cancer therapy, as well as the role of ferroptosis in non-neoplastic disorders. Meanwhile, combination therapeutic strategies targeting ferroptosis in radiotherapy or immunotherapy also deserve further attention.




Keywords: ferroptosis, citation, hotspot, bibliometric analysis, cancer



Introduction

Cell death is generally classified into two main distinct categories: accidental cell death (ACD) and regulated cell death (RCD) (1). Unlike ACD, RCD follows multiple subroutines, which could be mediated through a series of molecular cascades and regulatory pathways. Although initial studies on RCD have focused on apoptosis, several other novel forms of non-apoptotic cell death such as ferroptosis, pyroptosis, necroptosis, NETosis, etc., have drawn extensive attention recently (2–4). Among them, ferroptosis, an iron-dependent cell death modality, is characterized by iron overload and lipid reactive oxygen species (ROS) accumulation (5, 6). Meanwhile, it displays unique morphological features such as shrinkage of the mitochondria, reduction or disappearance of mitochondrial ridges, and a ruptured outer mitochondrial membrane. Since the term “ferroptosis” was coined in 2012, a notable amount of works has been devoted to identifying the underlying regulation mechanisms and signaling pathways of ferroptosis (7). In brief, multiple ferroptosis-inducing factors are able to affect glutathione peroxidase directly or indirectly via different pathways, resulting in an imbalance between oxidant and antioxidant ability, and elevated lipid peroxidation in cells, ultimately leading to irreversible oxidative damage and cell death (8, 9). Lipid peroxidation products generated in this process can be pharmacologically inhibited by iron chelators (e.g., deferoxamine) or lipid peroxidation inhibitors (e.g., eugenol), and lipophilic antioxidants (e.g., ferrostatin-1, liproxstatin-1, vitamin E) (10–12). Besides, Glutathione, GSH peroxidase 4 (GPX4), nuclear factor erythroid 2-related factor 2 (Nrf2), heat shock protein beta-1 (HSPB1) exert negative regulatory roles in ferroptosis by limiting the production of ROS or altering cellular iron uptake (13–15).

In recent year, an increasing number of studies have found that ferroptosis played an important regulatory role in the initiation and development of various diseases including almost all cancers (16–19) (Figure 1), ischemia reperfusion injury (20), neurological diseases (21–23), digestive disorders (24), hematological system diseases (25), as well as diseases of other systems. Take tumor diseases as examples, ferroptosis inducers such as erastin, sulfasalazine, and sorafenib, several conventional drugs or natural compounds have been extensively examined as novel anti-cancer therapeutics (26–28). In addition, further investigations revealed that erastin combining with traditional chemotherapeutic drugs including temozolomide, cisplatin, and doxorubicin offered remarkable synergistic therapeutic effect on their anti-tumor activity, compared with chemotherapy alone (29, 30).




Figure 1 | Ferroptosis in various cancers from different systems.



In view of this, a plethora of work related to ferroptosis have been published and added our understanding to this field. Generally speaking, citation analysis is a widely accepted index for evaluating the impact of scientific articles (31, 32);. These studies with a higher number of citations are often considered as pioneering articles or hot research topics in an area. Thus, highly cited publications in a certain field could provide valuable evidence and information on research trends and scientific progress (33). In previous studies, many special fields have summarized the most-cited studies in their specialty with bibliometric method, such as hepatocellular carcinoma (34), gastric cancer (35), psychosomatic research (36), programmed cell death 1 (PD-1)/programmed cell death ligand 1 (PD-L1) inhibitors (37), metabolic disorders (38, 39), and so on. Nevertheless, no work has been published on the top 100 most cited studies regarding ferroptosis.

In this study, we analyzed the characteristics of these top 100 most influential papers in the field of ferroptosis over the past decade. In turn, the data could help researchers better understand the influential works in the evolution of the specialty, as well as provide meaningful insight to conduct further studies. To the best of our knowledge, this work is not the first to evaluate the publications in the field of ferroptosis with bibliometric methods (40), but is the first bibliometric analysis dedicated to ferroptosis related studies with high levels of influence.



Materials and methods


Search strategies

The top 100 most cited articles on ferroptosis were retrieved from Science Citation Index Expanded (SCIE) of Web of Science Core Collection (WoSCC, Clarivate Analytics, Philadelphia, PA, USA) on the same day. Data were collected based on the titles (TI), abstracts (AB) and author keywords (AK) with the following strategy: TI=(ferroptosis OR ferroptotic) OR AK=(ferroptosis OR ferroptotic) OR AB=(ferroptosis OR ferroptotic). The period of the publication for selection was from January 2012 to May 2022, with no limitations on languages.



Data extraction

Firstly, records were placed in descending order based on their frequency of citations in WoSCC. Two researchers (CKM and GQ) independently screened the title, abstract and document type, if necessary, reading the full article for a more detailed assessment, to confirm if it should be included. The inclusion criterion was ferroptosis related studies with original data. Review articles or meta-analysis without original data were excluded. To our knowledge, some reviews articles have been mis-annotated as articles in WoSCC. Discrepancies were resolved via discussion until the two researchers reached an agreement under the verification of senior experts. Then, these top 100 articles were downloaded and exported in plain text format for further analysis. A similar procedure was employed to identify the top 50 highly-cited reviews. Journal impact factors were obtained from 2021 Journal Citation Reports. The citation density of each article was defined as the average citations since published, that is the ratio of total citations and literature age (41).



Statistical analysis

Microsoft Excel 2019 and R software (v 4.1.0) software was used for descriptive statistical analysis and generating diagrams. VOSviewer 1.6.16 (Leiden University, the Netherlands) software were used to perform country/institutional co-authorship analysis, author/journal co-citation analysis, terms co-occurrence analysis. VOSviewer, developed by van Eck and Waltman, is a literature knowledge visualization software for constructing bibliometric networks (42). In the network visualization maps, different nodes represent different elements such as countries, institutions, authors or terms. The links between nodes represent relationships such as co-authorship, co-citation or co-occurrence, and weighted by total link strength (TLS) (43). Co-authorship analysis measures collaboration links between countries or institutions. The relatedness of nodes is determined based on the number of coauthored documents. While co-citation analysis measures the relationship among nodes based on the times they are cited by the same document. As for co-occurrence analysis, the relatedness of nodes is determined according to the number of documents in which they occur together (42). The size of the nodes reflects the number of outputs, citations or occurrences and the color indicates different clusters or average appearing year (AAY) of these elements. The “bibliometrix” package of R software was used for mapping historical direct citation network and cloud map of author keywords (44).




Results

The top 100 highly cited articles are listed in descending order based on their total citation number in Table 1. The citation frequency received by these 100 studies ranged from 135 to 3603 (mean: 326.6). About half of the articles (n=54) received more than 200 citations, and only 3 articles were cited more than 1000 times. The citation density of each article was ranged from 18.56 to 327.55 (mean: 53.1, Supplementary Figure 1). As is apparent, the pioneering study titled “Ferroptosis: An Iron-Dependent Form of Nonapoptotic Cell Death”, by Dixon SJ et al., published in Cell in 2012, has received the most citations either total citation or adjusted citation count over the past 11 years. As shown in Figure 2, the top100 articles were published between 2012 and 2020. The year that yielded the greatest number of high-impact articles was in 2017 (n=24), followed by the year in 2016 (n=19), and 2018 (n=18). Additionally, the top 50 highly cited reviews on ferroptosis were summarized in Supplementary Table1.


Table 1 | Top 100 highly cited articles on ferroptosis ranked according to their total citations counts.






Figure 2 | Number of top-cited publications from 2012 to 2020.



A total of 25 countries/regions worldwide contributed to the top 100 most cited articles, and 12 countries/regions had more than 3 articles, as shown in Figure 3A. Of them, the United States dominated the area with 68 articles and 26087 citations (shown in Figure 3B). China ranked second with 35 articles and 8173 citations, followed by Germany (20 articles and 7358 citations), France (8 articles and 1684 citations), and Japan (7 articles and 2691 citations). Figure 3C depicted the annual number of publications among the top 10 countries with the most outputs from 2012 to 2020. In addition, the network visualization map of co-authorship analysis among countries/regions, which could illustrate the collaboration network of countries/regions was conducted by VOSviewer in Figure 3D.




Figure 3 | (A) Number of top-cited publications by countries/regions. (B)Total citations and average citations per document of top 10 most prolific countries/regions. (C) The number of annual publications of top 10 countries/regions on ferroptosis research from 2000 to 2020. (D) Network visualization map of country co-authorship analysis.



As for institutions, more than 200 institutions contributed to the top 100 research. Of them, Columbia University produced the most top-cited articles (n=25), followed by University of Pittsburgh (n=15). As for institutional co-authorship analysis in Figure 4, only institutions with more than 3 documents were included. Of the 33 institutions met the threshold, Columbia University, University of Pittsburgh, and Guangzhou Medical University were the top 3 institutions with the largest TLS.




Figure 4 | Network visualization map of institution co-authorship analysis.



The top 10 authors involved in the top 100 articles were listed in Table 2. The list was led by Stockwell BR from the Columbia University, who participated 19 of the top 100 articles. Meanwhile, four other authors in the list also came from this university. Figure 5A depicted the annual outputs of these top 10 authors between 2012 and 2020. As for author co-citation analysis in Figure 5B, Dixon SJ, Yang WS, and Angeli JPF were the top three authors with the greatest TLS, and occupied the central position in the network map.


Table 2 | Top 10 authors with the most publications.






Figure 5 | (A) Top 10 authors’ production over time. (B) Network visualization map of author co-citation analysis.



The top 100 articles were published in 54 different journals. Journals with more than 2 publications were listed in Table 3 with their citations and impact factors. Nature published the most (n=9), followed by Cell (n=5) and Proceedings of the National Academy of Sciences of the United States of America (n=5). Journal co-citation analysis was conducted in Figure 6. According to the density visualization map, Nature, Cell, and Proceedings of the National Academy of Sciences of the United States of America were also the top 3 most co-citation journals in this field.


Table 3 | Top 10 journals with the most publications.






Figure 6 | Density visualization map of journal co-citation analysis.



Figure 7 presented the historical direct citation network map of these top 100 articles. It can be seen that there are extensive connections among these studies. In addition, we also analyzed the terms or phrases appeared in the author keywords, titles and abstracts. A cloud map of author keywords is shown in Figure 8, apart from the keywords of ferroptosis (n=27), iron (n=8), reactive oxygen species (n=5), cell death (n=4), erastin (n=4), GPX4 (n=3), autophagy (n=3), hepatocellular carcinoma (n=3), head and neck cancer (n=3), necroptosis (n=3), and sorafenib (n=3) were these keywords with more than 3 times of frequency. As for network visualization map using terms from the titles and abstracts of the 100 most-cited articles, terms or phrases with a minimum of 7 occurrences were included (Figure 9). The 30 most frequent occurrences terms or phrases were listed in Table 4. In addition, all the included terms or phrases were scored according to the average publication year of the publications.




Figure 7 | Historical direct citation network map of the top 100 articles.






Figure 8 | Cloud map of author keywords. Note: the keyword of “ferroptosis” was not included in this map.






Figure 9 | Overlay visualization map of terms generated with words from titles and abstracts by VOSviewer. Each node represents a term or phrase and the node size is proportional to occurrences. Distances between nodes indicates relatedness of words in terms of co-occurrence links. Different terms were given different colors based on their AAY.




Table 4 | Top 30 most frequent occurrences terms in titles and abstracts.





Discussion

With rapid development of biomedicine, the amount of literature in biomedical domain is growing exponentially. It is reported that the volume of biomedical publications has exceeded 21 million with an annual average increase of nearly 1 million recently (45). Thus, the massive data poses a significant challenge for researchers to efficiently filter out useful information from it. Bibliometric analysis, a well-established research method using mathematical and statistical approaches, has been commonly used for revealing pervious research efforts. It is also a feasible tool to comprehensively evaluate the research advances of a certain scientific area quantitatively and qualitatively, and could predict the trends and hotspots in a specific field through information visualization (40, 46, 47). In the field of cell biology, mechanism of cell death has always been a hot topic in life science research for decades. Since the concept of ferroptosis was first proposed in 2012, endless efforts have been put into revealing its underlying molecular mechanisms and potential applications (7). In our pervious study, we have conducted a comprehensive bibliometric analysis based on the literature related to ferroptosis from 2012 to 2020 (40). Nevertheless, this study was powered based on all publications regarding ferroptosis, and top highly cited studies were not analyzed in detail. The most−cited studies in a certain field are generally considered landmarks, which have important reference value for further analysis owing to their ground−breaking contributions. In this study, we aimed to provide a comprehensive overview of the top 100 most influential studies with original data in the field of ferroptosis.

From the time distribution of these top100 articles, all of them were published between 2012 and 2020, and the years that yielded the relatively large number of high-impact articles were in 2017, 2016, and 2018. This result is consistent with our previous study. Our findings revealed that the number of publications in this domain has been continuously growing since 2012, and the past five years have witnessed an exponential growth (40). Therefore, these three years could be regarded as the inflection points for explosive growth. In addition, it must be emphasized that the total citation counts of publications in the last three years could be underestimated, considering the fact that the citations after publication usually need at least 3 years to accumulate. In order to balance the citations and temporal factors, we therefore adopted the citation density as another index to assess the average citations per year (41). The results showed that, although the total number of citations for recently published articles was lower than earlier publications, the citation densities of recently published articles were non-inferior and even higher than these early studies. It can be speculated that more and more recently published studies have chances to become highly cited articles over time.

As regards countries, the major part of the top 100 most-cited articles in the ferroptosis field was from the United States, which also owns the overwhelming number of total citation counts, indicating that the United States was the most influential country in this domain. As the largest high-tech power after the Second World War, the United States occupies a leading position in multiple global research areas (40, 48). The development of science and technology cannot be separated from the contribution from these first-class academic institutions and scholars. According to statistics, the United States owns the largest number of famous scholars and leads the tide of ferroptosis research around the world. Our result showed that nearly all of the top 10 highly cited authors were from the United States (9/11). As we all know that the concept of ferroptosis was first proposed by scholars in Columbia University (7). Columbia University and University of Pittsburgh were the institutions with the most top-cited articles among all institutions, reflecting their authority in the field of ferroptosis. In terms of the cooperation of countries or institutions, the United States collaborated most closely with China and Germany. When it comes to an institutional level, University of Pittsburgh and Guangzhou Medical University worked most closely among all institutions. This result might mainly be associated with several common research projects and Professor Tang’s team is an important nexus of them (49–52).

The top-cited studies within the research field were more likely to be published in high impact journals such as Nature, Cell and Proceedings of the National Academy of Sciences of the United States of America, as well as the authoritative journals of cell biology including Cell Death and Differentiation, Nature Cell Biology, Cell Death Disease, and Cell Reports, suggesting that these journals are prone to publishing original research in ferroptosis. Meanwhile, as can be seen that most of these journals have a high Impact factor value. This result also supports the well-known paradigm that high‐quality studies are often published in these journals topping the impact factor list, and in turn, maintain the high impact factor of these journals (53). Additionally, except for the field of cell biology, several studies published in these journals belonging to other fields such as materials science, nanoscience & nanotechnology, gastroenterology & hepatology, suggesting that numerous groundbreaking advances regarding ferroptosis have been made in these research directions. Take these studies published in ACS Nano as examples, Wang et al., reported a ferroptosis-inducing agent based on arginine-rich manganese silicate nanobubbles (AMSNs). They found that AMSNs have highly efficient glutathione depletion capabilities and subsequently leads to ferroptosis by inactivating GPX4, which provide important insights for tumor targeting with nanomedicines (54). Concurrently, Liu and colleagues from Wuhan University have constructed a ferrous-supply-regeneration SRF@FeIIITA nanoparticles. In brief, Fe3+ ion and naturally derived tannic acid formed a network-like corona onto sorafenib nanocrystal. Their results showed that SRF@FeIIITA can serve as an effective ferroptosis-inducing nanotherapeutic through interfering tumorous iron metabolism (55). Two other studies revealed that nanocatalysts such as PEGylated single-atom Fe-containing nanocatalysts (PSAF NCs) and Fenton-reaction-acceleratable magnetic nanoparticles could effectively trigger or accelerate tumor-specific Fenton reaction to generate abundant reactive oxygen species to induce cancer cell death (23, 56). In recent years, as nanotechnology has rapidly developed, many engineered nanomaterials that could induce ferroptosis have been developed for applications in cancer therapy. Although ferroptosis-inducing nanomedicines show some unique advantages such as increasing the active targeting to tumors, prolong the half-life in the blood, and improving antitumor ability with the synergy effect, most of the current research was only based on cell lines or animal models (57). And the biosecurity, specific mechanisms, and potential clinical application of these emerging treatments remain to be further investigated.

As shown in Figure 7, the citation network revealed that the study titled “Ferroptosis: An Iron-Dependent Form of Nonapoptotic Cell Death”, published in Cell in 2012 is the seminal article of this field (7). In this study, they have found that erastin, a small molecule compound, could selectively kill RAS-mutated cancer cells by overwhelming lipid peroxidation. This regulated cell death process depends on iron rather than other metals, and could be suppressed by iron chelators or lipophilic antioxidants like ferrostatin-1. Thus, such iron-dependent form of cell death was termed as “ferroptosis” since then. However, it is worth noting that before ferroptosis was officially named, this nonapoptotic form of cell death has already been observed in vitro. As early as 2003, erastin was first found through synthetic lethal high-throughput screening for tumor therapeutic drugs, and it could induce a nonapoptotic cell death process (58). Subsequently, two small molecules compounds, named RSL3 and RSL5, were found that they could increase lethality in the presence of oncogenic RAS, and activate a similar death mechanism like erastin (59). Although these two studies were not included in the top 100 articles of this field due to the setting of keywords search. They are also worth emphasizing as they have laid important groundwork for future studies. At the same time, Professor Stockwell BR and colleagues have made tremendous contributions to the establishment and progression of this field. In terms of these the top 100 articles, 19 listed his name.

Through the analysis of high-frequency terms and phrases extracted from the titles and abstracts, the top 100 most-cited articles covered a wide range of topics regarding ferroptosis. As evident from Table 4, in addition to term of ferroptosis, these terms or phrases including cell death, cancer cell, GPX4, pathway, inhibitor, mechanism, iron, lipid peroxidation, resistance, erastin, sorafenib, P53, reactive oxygen species, necroptosis, apoptosis, glutathione peroxidase, ACSL4, autophagy, and SLC7A11 appeared more frequently in the top 100 articles. From these terms, we could find that the current attentions of ferroptosis mainly focus on potential regulatory mechanism and pathways, key ferroptosis-related genes/molecules such as GPX4 (60, 61), P53 (62), SLC7A11 (63), ACSL4 (49, 64, 65), NRF2 (16, 66), ALOX15 (67, 68), oxidant and antioxidant system (69, 70), ferroptosis-inducing agents or nanomedicine for cancer therapy (23, 55, 56, 71), as well as the role of ferroptosis in non-neoplastic disorders such as renal failure and tubular necrosis (60, 72, 73), cardiomyopathy (74), hemorrhagic stroke (22, 75), intestinal ischemia/reperfusion (20), and neurodegenerative diseases (21, 76). Meanwhile, as shown in Figure 9, the combination therapeutic strategies targeting ferroptosis in radiotherapy or immunotherapy are gradually being valued (77, 78).

Regarding the potential regulatory mechanism and pathways on ferroptosis, there have been many high quality systematic and narrative reviews in Supplementary Table1 (8, 79), and thus will not be discussed further here. In brief, the key regulatory mechanisms and pathway of ferroptosis includes iron metabolism, lipid metabolism, amino-acid metabolism, as well as other factors such as GSH-dependent pathway, transsulfuration pathway, thioredoxin, peroxiredoxin, and so on (80, 81). With increasing ferroptotic mechanisms were clarified and ferroptosis inducers/inhibitors were found, there is increasing number of studies focusing on the discovery of ferroptosis-inducing agents such as small molecules and nanomaterials to eradicate malignancies (82–84). Ferroptosis inducers such as erastin, could be used with various chemotherapeutic agents including temozolomide, doxorubicin, cisplatin, and cytarabine in different type of cancers (66, 85). However, ferroptosis is also considered to be related to the onset of various diseases (74, 86). Thus, controlling the dosage of ferroptosis inducers and improving the specificity are essential for reducing the adverse events on normal tissues. And it is also of great clinical significance to clarify the key mechanism regulating ferroptotic sensitivity to tumor cells and avoiding the escape of malignancies from anticancer modalities.

Additionally, an increasing number of studies have confirmed that ferroptosis could interact with immune cells and enhance the immunogenicity of cancer cells. A study by Wang and colleagues found that CD8+ T cells activated by immune checkpoint blockade were able to promote ferroptosis-specific lipid peroxidation in tumor cells by secreting interferon gamma (IFNγ). Mechanistically, IFNγ significantly downregulated the expression of SLC3A2 and SLC7A11, and then impaired the uptake of cystine by tumor cells, which resulted in enhanced lipid peroxidation and ferroptosis (77). Meanwhile, ferroptosis can expose tumor antigens and improve the immunogenicity of tumor microenvironment and thereby promoting T-cell activation and facilitating antitumor T-cell immune response (87, 88). A study conducted by Lang et al. found that ferroptosis was a novel point of synergy between radiotherapy and immunotherapy. Immunotherapy sensitizes tumors to radiotherapy by promoting tumor-cell ferroptosis and SLC7A11 was a critical regulator in this process (78). Consequently, ferroptosis plays an essential role in the regulation of T-cell-mediated cellular immunity. Induction of ferroptosis through iron deposition-based combination strategies with direct or indirect ferroptosis inducers emerges to be promising therapeutic approaches to improve anti-PD-1/PD-L1 immunotherapy.



Limitations

This study has several limitations of note. First, we only used WoSCC database as data source, which may miss several related publications in other databases such as Scopus and Pubmed. However, different databases have different ways to count citations, this may be inappropriate to merge data from different databases. Among these databases, WoSCC is the most commonly used for analyzing the highly cited articles in a certain field (34, 35, 38). And it is generally thought that WoSCC is able to represent the condition of most publications in a field and is a reliable source of international peer-reviewed publications (89–91). Second, it should be noted that the frequency of citations in earlier studies should be higher than the recently published ones owing to the time factor, though the academic impact of former ones may be not really stronger than that of later ones (92). Thus, some breakthrough works published recently might be excluded due to lack of sufficient time to accumulate citations. Third, it remains controversial whether citations counts could reflect academic influence, though it is a widely used reference index (93). We are in agreement with the viewpoint that citations might not be fully representative of real academic values and the impact of one study should be evaluated comprehensively. In spite of this, the results of this study still could answer several important questions.



Conclusion

Overall, based on bibliometric analysis of the publications over the past decade, the top 100 most influential articles regarding ferroptosis were identified to provide a comprehensive and quantitative analysis of the key contributions made to drive the evolution of this field. Moreover, the current hotspots were also identified to provide useful insights for scholars. Since the ferroptosis concept was proposed in 2012, it has been noted that the ferroptosis related domain is developing tremendously. The USA could be viewed as the dominant country in terms of the number of high-impact articles, world-class academic institutions, and leading scientists in this research field. Currently, research in the field of ferroptosis is mainly focused on potential regulatory mechanism and pathways, key ferroptosis-related genes/molecules, oxidant and antioxidant system, ferroptosis-inducing agents or nanomedicine for cancer therapy, as well as combination therapeutic strategies. Continued in-depth studies in this area will contribute to a better understanding of the molecular pathophysiological mechanisms of multiple diseases and help to discover more potential therapeutic targets.
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Dihydroartemisinin remodels macrophage into an M1 phenotype via ferroptosis-mediated DNA damage
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Lung cancer recruits tumor-associated macrophages (TAMs) massively, whose predominantly pro-tumor M2 phenotype leads to immunosuppression. Dihydroartemisinin (DHA) has been proven to remodel TAM into an anti-tumor M1 phenotype at certain concentrations in the present study, which was hypothesized to facilitate anti-lung cancer immunotherapy. However, how DHA remodels the TAM phenotype has not yet been uncovered. Our previous work revealed that DHA could trigger ferroptosis in lung cancer cells, which may also be observed in TAM thereupon. Sequentially, in the current study, DHA was found to remodel TAM into the M1 phenotype in vitro and in vivo. Simultaneously, DHA was observed to trigger ferroptosis in TAM and cause the DNA damage response and NF-κB activation. Conversely, the DHA-induced DNA damage response and NF-κB activation in TAM were attenuated after the inhibition of ferroptosis in TAM using an inhibitor of ferroptosis. Importantly, a ferroptosis inhibitor could also abolish the DHA-induced phenotypic remodeling of TAM toward the M1 phenotype. In a nutshell, this work demonstrates that DHA-triggered ferroptosis of TAM results in DNA damage, which could activate downstream NF-κB to remodel TAM into an M1 phenotype, providing a novel strategy for anti-lung cancer immunotherapy. This study offers a novel strategy and theoretical basis for the use of traditional Chinese medicine monomers to regulate the anti-tumor immune response, as well as a new therapeutic target for TAM phenotype remodeling.
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INTRODUCTION
Lung cancer, especially non-small-cell lung cancer (NSCLC), occupies the top three positions in the incidence of malignancies and is the leading cause of mortality in urban cases of cancer (Duma et al., 2019; Yang et al., 2020; Siegel et al., 2022). NSCLC’s microenvironment is characterized by the presence of a large number of tumor-associated macrophages (TAMs), which display an immunosuppressive M2 phenotype (Li et al., 2018; Hwang et al., 2020). TAM interacts with lung cancer cells and various types of immunocytes (Singhal et al., 2019; Wei et al., 2019), promoting the proliferation of malignant cells and repressing the anti-tumor immune response (Lavin et al., 2017). This has resulted in lung cancer being difficult to be completely destroyed and highly susceptible to recurrence and metastasis. However, the phenotype of TAM can be reprogrammed to an immune-excitable, anti-tumor M1 phenotype under certain conditions (Li et al., 2017; Parayath et al., 2018; Osipov et al., 2019; Lu et al., 2020; Sarode et al., 2020; Xu et al., 2021; Yu et al., 2021). Therefore, remodeling the phenotype of TAM has become a crucial strategy of great interest in immunotherapy of lung cancer.
Dihydroartemisinin (DHA) is a multipotent chemotherapeutic agent (Keating, 2012; Tu, 2016; Dai et al., 2021). In addition to its ability to destroy plasmodium, DHA has been investigated for its cytotoxic effects on malignant cells of various solid tumors, including esophageal cancer, breast cancer, and glioma (Kumar et al., 2019; Liu et al., 2019; Wan et al., 2019). However, few studies are concerned with the effect of DHA on immunocytes. It is reported that DHA can induce ferroptosis by down-regulating glutathione (GSH) and glutathione peroxidase 4 (GPX4), and promoting the intracellular accumulation of reactive oxygen species (ROS) and lipid peroxide (LPO) (Chen et al., 2020; Yi et al., 2020). Our previous work also revealed that DHA uptake by lung cancer cells effectively induced apoptosis. More importantly, the transferrin-1 (TfR1) and cyclooxygenase-2 (COX-2) expression were up-regulated along with an intracellular accumulation of LPO, but the GPX4 expression was decreased (Han et al., 2022). Based on the aforementioned, DHA is likewise able to trigger the occurrence of ferroptosis in TAM. DHA generates certain concentrations of ROS and LPO in TAM by triggering ferroptosis, which results in oxidative damage to the DNA of TAM. Supposedly, interferon-stimulating molecules (STING) in the cytoplasm have been identified to be activated by fragments of damaged DNA, which in turn revitalizes its downstream NF-κB signaling pathway (Hou et al., 2018; Yum et al., 2021). This inflammatory signaling, on the other hand, can polarize macrophages into a pro-inflammatory, anti-tumor M1 phenotype (Lin et al., 2020; Yu et al., 2022).
DHA showed a significant remodeling effect on mouse primary macrophages toward the M1 phenotype. Similarly, macrophage infiltration and phenotypic remodeling were enhanced in the tumor tissues of DHA-treated lung cancer cell-bearing mice. Further studies indicated that DHA treatment also initiated ferroptosis, DNA damage, and NF-κB activation in TAM. But the inhibition of ferroptosis in TAM significantly attenuated the DHA-induced DNA damage and NF-κB activation. Synchronously, the inhibition of ferroptosis also weakened the phenotypic remodeling of TAM by DHA. The current study for the first time uncovered the mechanism by which DHA reprograms macrophages through ferroptosis, providing a novel approach for the intervention in TAM phenotypic remodeling.
MATERIAL AND METHODS
Cell models and DHA treatment
According to a previous study (Xu et al., 2021), mouse bone marrow-derived cells were extracted from C57/BL mice at 4–5 weeks of age (Laboratory Animal Center at the Hubei University of Medicine, Hubei, China). Macrophage colony-stimulating factor (M-CSF) was applied to induce mouse bone marrow-derived cells into mouse bone marrow-derived macrophages (mBMDMs). Upon this foundation, IL-4 and IL-13 were added to the mBMDM for 2 days to promote its polarization to M2, yielding the mouse TAM (Supplementary Figure S1). Alternatively, Lewis cells were utilized as a model for mouse lung cancer cells. Lewis cells were purchased from the Cell Bank of Shanghai Institutes for Biological Sciences (Shanghai, China). All cells were cultured in DMEM (Sigma-Aldrich, St Louis, United States) supplemented with 10% fetal bovine serum (QmSuero/Tsingmu Biotechnology, Wuhan) in an incubator with humidification (5% CO2/95% air ambience, 37°C). DHA (77,939-50-9, MERYER, Shanghai, China, 98% purity) was applied to treat TAM for about 18 h. The concentration of DHA used in this work ranged from 5 μg/ml to 60 μg/ml.
TAM viability detection
In order to evaluate the efficacy, TAMs were treated with DHA for 18 h. TAMs were plated in 96-well plates with a density of 6 × 103 per well treated with DHA (different concentrations) for 18 h. The cell viability was detected using a CCK-8 Kit (HY-K0301, MCE, NJ, United States).
Phenotype assay of macrophages
DHA-treated TAMs were harvested, and then marked with fluorescein-linked CD206 and CD86. The surface expression of CD206 and CD86 was detected by flow cytometry. In addition, MHC-II expression was assayed through immunofluorescence staining and observed with microscopy. Alternatively, proteins of TAM were harvested. The expression of iNOS and GBP5 was assayed by Western blotting (WB). Furthermore, phagocytosis function was analyzed by the incubation of latex beats. The activated latex beats were incubated with DHA-treated TAMs for 2 h. Cells were washed with PBS three times and fixed using 4% paraformaldehyde, and then labeled with Hoechst 33,342. The latex beats in mBMDM were detected using laser scanning confocal microscopy (LSCM). Moreover, IL-6 and IL-1β expression of mRNA were detected by a real-time PCR (RT-PCR). Finally, the release of IL-6 and IL-1β was measured with Elisa kits (CME0006/CME0015, purchased from 4A Biotech Co., Ltd.).
ROS detection
TAMs were seeded in 24-well plates with a density of 3×105 cells per well, and then incubated with DHA for 18 h. The cells were then washed with PBS three times and incubated with 10 μM of 2,7-dichlorodi-hydrofluorescein diacetate (DCFH-DA, S0033, Beyotime, Shanghai, China) at 37°C for 40 min before being harvested and assayed by flow cytometry.
Observation of ferroptosis
For the assay of TAM’s ferroptosis, first intracellular Fe ions were investigated. In brief, the PGSK probe was applied to label TAM for 15 min. After that, the fluorescent dye was removed. The cells were washed with PBS three times. The FITC fluorescence of PGSK-labelled TAM was analyzed through flow cytometry. Since the PGSK probe can be quenched by iron ions, lower intracellular fluorescence indicates a higher iron ion concentration. Moreover, malondialdehyde (MDA) production, which is an indicator of ferroptosis, in TAM was detected using an MDA Assay Kit (E-BC-K025-S, Elabscience).
DAN damage detection
DNA double-strand breaks (DDSBs) were detected by the comet assay (Olive and Banáth, 2006). In brief, TAMs were seeded in 24-well plates and treated with DHA. Cells in PBS were prepared and mixed with a low melting point agarose. The mixture was then dripped onto a glass slide pre-coated with agarose gel and pressed, followed by electrophoresis at 20 V, 250 mA for 20 min. The mixture was then neutralized using tris-Hcl (PH = 6.0) for 30 min. Finally, Hoechst 33,342 was used to stain the nuclei. The cells were photoed using fluorescence microscope. For DNA damage response analysis, TAM in the 6-well plates were treated with DHA. Then total proteins were extracted for WB assay of γ-H2A.X and p53 expression.
Assay of activation of NF-κB
TAMs were seeded in 6-well plates or special dishes, and treated as mentioned previously. First, the expression of NF-κB, p-NF-κB was detected by WB. Alternatively, the nuclear translocation of NF-κB was analyzed through immunofluorescent staining of NF-κB and LSCM.
Inhibition of ferroptosis
For the inhibition of TAM’s ferroptosis, ferrostatin-1 (Fer-1, 2 μM) was applied to treat TAM along with DHA for 16–20 h. The ferroptosis of TAM was evaluated following the blockage to confirm the successful blockage.
Measurement of anti-tumor efficacy
To examine the anti-tumor efficacy of DHA-treated TAM, Lewis lung cancer cells (LLC) were co-cultured with TAM with or without DHA treatment for another 24 h. The LLC could be harvested based on the different attachment capacities. The obtained cells were stained with Annexin-V/PI (purchased from CHAMOT BIOTECHNOLOGY CO., LTD.), and then analyzed by flow cytometry. Alternatively, the cell viability of LLC was detected using the CCK-8 Kit as described previously. At the same time, proteins of LLC were extracted to analyze the expression of apoptosis-associated molecules.
Immunofluorescent staining of CD86, CD206, NF-κB, and MHC-II
For the detection of surface expression of MHC-II or the location of NF-κB, cells were incubated with primary antibodies of CD86 (212927, Elabscience, China), CD206 (B354282, Biolegend, United States), NF-κB (10745-1-AP, Proteintech, Wuhan, China), and MHC-II (sc-66205, SANTA CRUZ BIOTECHNOLOGY, Santa Cruz, America) overnight at 4 C, and then incubated with goat anti-rat IgG/Alexa fluor 488 secondary antibodies (bs-0293G-AF488, Bioss, Beijing, China) for another 120 min. After incubating with fluorescent secondary antibodies, the cells were washed three times before flow cytometry or LSCM.
Flow cytometry detection
Fluorescence of FITC-Annexin-V, DCFH-DA, C11-BODIPY-FITC, and Alexa fluor 488 was acquired in the FITC channel. PI and C11-BODIPY-PE fluorescence was acquired in the PE channel. The excitation wavelength and emission wavelength were 488 nm and 525 nm in the FITC channel, 561 nm and 585 nm in the PE channel, respectively. After cells were processed and collected as described previously, they were filtered into special tubes for flow cytometry. Each channel was adjusted to the appropriate voltage before collecting cells. At least 1 × 104 cells per sample were acquired for every collection. Geometric means (GM) were used to quantify the mean fluorescent intensity (MFI).
Western blotting
TAM treated by DHA or other controls were washed three times with PBS and lysed in a RIPA buffer with 1% protease inhibitor for 40 min. Cell lysates were centrifuged and protein concentration was measured using a BCA Assay Kit. Equal proteins (10–30 μg) were fractionated by SDS-PAGE and transferred to a PVDF membrane. The membranes were blocked with 3–5% bovine serum albumin in TBST and incubated with primary antibodies of iNOS (ab15323, Abcam, Cambridge, United Kingdom), GBP5 (13220-1-AP, Proteintech, Wuhan, China), p53 (bs-2090R, Bioss, Beijing, China), γ-H2A.X (bs-3185R, Bioss, Beijing, China), NF-κB (10745-1-AP, Proteintech, Wuhan, China), p-NF-κB (bs-0982R, Bioss, Beijing, China), and GAPDH (PMK053C, BioPM, Wuhan, China) overnight at 4°C. Then the membranes were incubated with horseradish peroxidase-conjugated secondary antibodies. Protein bands were reacted using an ECL kit (PMK003, BioPM, Wuhan, China), and the films were exposed using a Bio-Imaging system (170-8265, Bio-Rad).
RT-PCR assay
mRNA of TAM was extracted and reverse-transcribed to cDNA, which was amplified using an SYBR Green qPCR Master Mix kit (PC3301, Beijing, Aidlab). RT-PCR was performed using a Bio-RAD CFX Connect Optics Module and data were analyzed using Bio-RAD CFX Manager. The specific primer sequences are as follows:
Mouse interleukin-1β (IL-1β) forward: AGC​TCC​CTT​TTC​GTG​AAT​GAG​CAG​A
Mouse IL-1β reverse: ATG​GTT​TCT​TGT​GAC​CCT​GAG​CGA​C
Mouse IL-12b forward: ATG​AAG​GAG​ACA​GAG​GAG​GGG​TGT​A
Mouse IL-12b reverse: TGC​TGC​ATG​AGG​AAT​TGT​AAT​AGC​GA
Mouse cyclooxygenase-2 (COX-2) forward: TGA​GTA​CCG​CAA​ACG​CTT​CT
Mouse COX-2 reverse: CTC​CCC​AAA​GAT​AGC​ATC​TGG
Mouse IL-6 forward: CGG​AGA​GGA​GAC​TTC​ACA​GAG.
Mouse IL-6 reverse: ATT​TCC​ACG​ATT​TCC​CAG​AG.
Mouse glutathione peroxidase 4 (GPX4) forward: TTC​AGC​TCA​GGG​ATG​ACC​TT
Mouse GPX4 reverse: CCT​CCA​TGG​GAC​CAT​AGC​GCT​TC
Mouse transferrin-1 (TfR1) forward: CTG​GCT​CTC​ACA​CTC​TCT​CAG​CTT​T
Mouse TfR1 reverse: GCA​TTT​GCG​ACT​CCC​TGA​ATA​GTC​C
Mouse IL-10 forward: AGC​TCC​AAG​ACC​AAG​GTG​TCT​ACA​AG
Mouse IL-10 reverse: AGT​CCA​GCA​GAC​TCA​ATA​CAC​ACT​G
Mouse transforming growth factor-β (TGF-β) forward: CCT​GCC​CCT​ATA​TTT​GGA​GCC​TGG​A
Mouse TGF-β reverse: GTA​GTA​GAC​GAT​GGG​CAG​TGG​CTC​C
Mouse GAPDH forward: AGG​TCG​GTG​TGA​ACG​GAT​TTG
Mouse GAPDH reverse: TGT​AGA​CCA​TGT​AGT​TGA​GGT​CA
Immunohistochemistry assay in lung cancer cell-bearing mice
Female C57BL/6 mice at 5–6 weeks of age (18∼20 g) were housed in the Animal Center at the Hubei University of Medicine (Hubei, China) with a temperature-controlled environment, fresh water, and rodent diet. Animal handling and experimental procedures were in line with protocols approved by the Animal Care Committee at the Hubei University of Medicine. All inoculations and treatments were carried out under Nembutal anesthesia. To investigate the effects of DHA on the ferroptosis, DNA damage, NF-κB activation, and phenotype of TAM, LLC-bearing mice received DHA treatment. For about 24 h after treatment, the mice were sacrificed. The tumor grafts were harvested. Fresh tissues of neoplasm were crushed and assayed for their internal iron ions. Paraffin sections of neoplastic tissue were dewaxed, rehydrated, and antigen-repaired with sodium citrate for 15 min. Then the paraffin sections were subjected to incubation in 3% hydrogen peroxide at room temperature for 15 min. Paraffin sections were blocked with 5% BSA for 60 min, dyed with primary antibodies overnight at 4°C, and then stained with secondary antibody (PV-9000, ZSGB-BIO, Beijing, China) for 1 h at 37°C. Diaminobenzidine (DAB, ZL-9018, ZSGB-BIO, Beijing, China) was used for staining at room temperature for 1–3 min. The nuclei were stained with hematoxylin or DAPI. Primary antibodies included CD11b (66519-1-Ig, Proteintech, Wuhan, China), F4/80 (E00611-1637, eBioscience, United States), iNOS (ab15323, Abcam, Cambridge, United Kingdom), GBP5 (13220-1-AP, Proteintech, Wuhan, China), MHC-II (sc-66205, SANTA CRUZ BIOTECHNOLOGY, Santa Cruz, United States), GPX4 (14432-1-AP, Proteintech, Wuhan, China), COX-2 (A1253, Abclonal, Wuhan, China), γ-H2A.X (bs-3185R. Bioss, Beijing, China), p53 (bs-2090R, Bioss, Beijing, China), and NF-κB (10745-1-AP, Proteintech, Wuhan , China). Last, observation of paraffin sections was performed with an orthogonal Olympus microscope or confocal microscopy.
Statistical analysis
All statistics were shown using the mean ± standard deviation (SD). Statistical differences between the groups were analyzed by one-way analysis of variance (ANOVA). Statistical differences in Figures 2B,C and Figures 4B,C were analyzed through Student’s t-test. p values < 0.05 were considered to be statistically significant.
RESULTS
DHA showed outstanding ability for phenotypic remodeling of macrophages toward M1
Before exploring DHA’s effect on the phenotypic remodeling of TAM, the viability of macrophages was investigated first. The viability of TAM varied little in the presence of DHA as presented in Supplementary Figure S2. Subsequently, as shown in Figure 1, the phenotype of the macrophage was assayed. The biomarkers of the M1 phenotype, surface CD86, were up-regulated synchronously (Figures 1A,B). In addition, the expression of IL-1β, IL-6, and IL-12b, which are crucial pro-inflammatory cytokines, increased in DHA-treated TAM (Figures 1C–E). In agreement with the mRNA expression, the release of IL-1β and IL-6 was also elevated in the presence of DHA (Figures 1F,G). Moreover, the results of iNOS and GBP5 expression showed significant regulation in macrophages treated by DHA (Figures 1H–J). Furthermore, the obvious M1 phenotype transformation of DHA-treated macrophages was indicated by the enhanced functions of antigen presentation and phagocytosis, characterized by the enhanced expression of MHC-II and endocytic latex beats of TAM (Figures 1K,L). Interestingly but not surprisingly, the indicators of M2 phenotype such as CD206, IL-10, and TGF-β were down-regulated in response to DHA, suggesting depolarization of TAM (Supplementary Figure S3). Consistent with the in vitro findings, there was obvious macrophage infiltration in the tumor grafts of mice that received DHA treatment, as suggested by the significant CD11b expression. Importantly, the tumor tissue of mice treated with DHA showed enhanced iNOS, GBP5, and MHC-II expression, indicating the M1 reprogramming of TAM inside the tumor tissue (Figure 2A). In addition, more F4/80/iNOS or F4/80/GBP5 double-positive cells could be observed in the tumor grafts of mice treated by DHA (Figures 2B–E). The findings of co-staining of F4/80, GBP5, and iNOS were crucial evidence that DHA remodels TAM into an M1 phenotype in tumor tissues. In a word, TAM treated with DHA exhibited apparent M1 phenotype reprogramming.
[image: Figure 1]FIGURE 1 | DHA remodeled macrophages into the M1 phenotype in vitro. (A,B) The membrane expression of CD86 was assayed through flow cytometry. (C–E) mRNA expression of IL-1β, IL-6, and IL-12b was investigated using the RT-PCR. (F,G) Release of IL-1β and IL-6 was detected using the Elisa Kit. (H–J) WB was applied to measure the expression of iNOS and GBP5. The mean gray was quantitatively analyzed. (K,L) The functions of antigen presentation and phagocytosis were detected, as evidenced by MHC-II expression and latex beats experiments. Geometric means were used to quantify the MFI. Values were means ± SD (n = 3, *p < 0.05 when compared with the control group).
[image: Figure 2]FIGURE 2 | DHA reprogrammed macrophages into the M1 phenotype in tumor tissues. (A) The expression of CD11b, which is a biomarker of macrophages, was assayed by IHC. In addition, M1 phenotypic molecules, such as iNOS, MHC-II, and GBP5, were detected through IHC as well. (B,C) F4/80/iNOS and F4/80/GBP5 double-positive cells in the tumor grafts were counted. (D,E) The infiltration and phenotypic remodeling of macrophages were assayed by multiple immunofluorescent staining of F4/80 and iNOS, GBP5. Green fluorescence came from F4/80. Red fluorescence came from iNOS or GBP5. Yellow fluorescence represented F4/80/iNOS or F4/80/GBP5 double-positive cells (type-I macrophages). Values were means ± SD (n = 3, *p < 0.05 when compared with the control group).
DHA induced ferroptosis of macrophage
Elucidating how DHA regulates TAM for the M1 phenotype is of critical interest for understanding the pharmacological effects of DHA. With this concern in mind, we first explored what happened upstream after the action of DHA on TAM. As mentioned previously, given that DHA can induce ferroptosis in lung cancer cells, did the action on TAM trigger the ferroptosis as well? As expected, the iron ions in TAM were significantly lower than those in lung cancer cells. However, DHA treatment promoted the accumulation of iron ions (Figures 3A,B), which may be associated with the up-regulation of TfR1 (Figure 3C). The PGSK probe is a common reagent for the detection of cellular iron ions, whose fluorescence can be quenched by iron ions in living cells. Thus, low fluorescence implied a higher concentration of iron ions in TAM. As reported, TfR1 contributes to the influx of iron ions in most cells. In addition to increased iron ions, the represented molecule of the reducing system GPX4 in TAM was down-regulated in the presence of DHA (Figure 3D). We then investigated the cellular ROS and LPO generation. As shown in Figure 3 e-f and i-k, after incubation with DHA, increased DCFH-DA fluorescence and FITC-C11-BODIPY positive cells in TAM were observed, indicating the accumulation of ROS and LPO. In addition, the expression of COX-2 and MDA accumulation, biomarkers of ferroptosis, up-regulated in response to DHA as well (Figures 3G,H). Notably, the ROS generation and up-regulation of TfR-1 were more significantly at 30 μg/ml than 60 μg/ml, which may be associated with the decreased viability of TAM. The in vivo results also displayed stronger ferroptosis in lung cancer cell-bearing mice that received DHA treatment, as indicated by the augmented expression of COX-2 and reduced expression of GPX4 (Figure 4A). Furthermore, in agreement with the in vitro data, the iron ions were elevated in mice treated with DHA (Figures 4B,C). These findings strongly suggest that DHA promoted iron ion enrichment and inhibited GPX4, thereby generating ROS and LPO, resulting in the induction of ferroptosis in macrophages.
[image: Figure 3]FIGURE 3 | DHA treatment of TAM resulted in the accumulation of iron ions and inhibition of GPX4l, thus generating ROS and LPO and inducing ferroptosis in vitro. (A,B) Intracellular iron ions were assayed using the PGSK probe and flow cytometry. (C,D) TfR-1 and GPX4 mRNA expression was analyzed by the RT-PCR. (E,F) ROS generation in TAM was detected by the DCFH-DA probe. (G) COX-2 mRNA expression was analyzed by RT-PCR. (H) MDA concentration in TAM was measured using an MDA Assay Kit. (I,J) C11-BODIPY fluorescent dye was applied to detect LPO production wherein FITC fluorescence-positive cells represented accumulated LPO. (K) Cellular LPO generation was observed by confocal microscopy. Geometric means were applied to quantify the MFI. Values were means ± SD (n = 3, *p < 0.05 when compared with the control group).
[image: Figure 4]FIGURE 4 | DHA activated ferroptosis in vivo. (A) Obvious expression of CD11b in the tumor grafts indicated the infiltration of macrophages. Induction of macrophages’ ferroptosis, which was evidenced by prominent COX-2 and reduced GPX4 expression, was analyzed by IHC staining. (B,C) Iron ions in the tumor grafts were measured using the PGSK probe. Decreased fluorescence of PGSK indicated elevated iron ions. Geometric means were applied to quantify the MFI. Values were means ± SD (n = 3, *p < 0.05).
DHA-treated TAM exhibited enhanced DNA damage and activation of NF-κB
The generated ROS and LPO accompanied with the ferroptosis of TAM possess the function of attacking DNA, causing DNA damage such as DNA double-strand break (DDSB). Therefore, the DNA fragments and subsequent DNA damage response (DDR) in TAM treated with DHA were investigated. The visible but not very serious DDSB could be monitored in the DHA treatment group with the comet assay (Figures 5A,B). Along with that, the DDR in TAM treated with DHA was observed, as indicated by the enhanced expression of γ-H2A.X and p53 (Figures 5C–E). Furthermore, DHA-treated TAM showed significant activation of NF-κB, which was characterized by phosphorylation and nuclear-translocation of NF-κB (Figures 5F–I). The in vivo results were in agreement with in vitro findings. As presented in Figure 6, the DNA damage and activation of NF-κB were demonstrated in the tumor grafts of DHA-treated mice, as evidenced by the enhanced expression of γ-H2A.X, p53, and NF-κB detected by IHC. Since NF-KB is a downstream signal of DNA damage, it could lead to the inflammatory reaction of TAM. There is speculation that this may be related to the M1 phenotypic remodeling of macrophages. Taken together, TAM treated with DHA exhibited prominent DNA damage and NF-κB activation. Based on this proof, we speculated that DHA-mediated ferroptosis in TAM produced adequate ROS and LPO, resulting in DNA damage and subsequent DDR to activate the NF-κB molecule. TAM were polarized into pro-inflammatory phenotype (M1) by the activated NF-κB signaling pathway thereupon.
[image: Figure 5]FIGURE 5 | TAM treated with DHA showed prominent DNA damage and activation of NF-κB in vitro and in vivo. (A,B) The DNA double-strand break was detected through the comet assay. The comet tail length was counted. (C–E) The expression of p53 and γ-H2A.X, which are biomarkers of the DNA damage response, was investigated using WB. The mean gray was quantitatively assayed. (F) The nuclear-translocation of NF-κB was observed by immunofluorescent staining. Green fluorescence came from NF-κB. (G–I) WB results revealed the phosphorylation of NF-κB, as indicated by the enhanced expression of p-NF-κB. NF-κB expression was also measured as control. The mean gray was quantitatively assayed. Values were means ± SD (n = 3, *p < 0.05 which was compared with the control group).
[image: Figure 6]FIGURE 6 | DHA facilitated DNA damage and NF-κB activation in lung cancer cell-bearing mice. IHC staining suggested DHA treatment significantly increased the expression of p53, γ-H2A.X, and NF-κB of TAM in tumor grafts.
Blockage of ferroptosis impaired DHA-mediated DNA damage and reprogramming in macrophages
In order to establish the logical link among DHA-induced ferroptosis, DNA damage, and phenotypic remodeling in TAM, ferrostatin-1 (Fer-1), the LPO scavenger, was applied to inhibit the TAM’s ferroptosis. Then the DNA damage mediated by DHA was accessed again. First, the total LPO accumulation in DHA-treated TAM was reduced with the addition of Fer-1 (Figures 7A,B,K). DDSB caused by DHA was also attenuated by the co-addition of Fer-1 (Figures 7C,D). Moreover, as displayed in Figures 7E–G, the expression of γ-H2A.X and p53 was reduced in the presence of Fer-1 and DHA compared with DHA treatment alone, suggesting that the inhibition of ferroptosis could impair the DHA-induced DNA damage in TAM. Meanwhile, DHA-activated NF-κB was abated by co-treatment with Fer-1, as indicated by the decreased expression of phosphorylated NF-κB (Figures 7H–J and Supplementary Figure S4). Based on these results, the inhibition of ferroptosis in TAM was demonstrated to weaken the DHA-induced DNA damage and activation of NF-κB.
[image: Figure 7]FIGURE 7 | Inhibition of ferroptosis using Fer-1 reduced the DNA damage and activation of NF-κB triggered by DHA. (A,B) The LPO generation, which reflected the ferroptosis of TAM, was assayed using the C11-BODIPY probe. The cellular LPO fluorescence (FITC) was measured through flow cytometry. (C,D) The DDSB was assayed by comet experiments. The comet tail length was counted. (E–G) The expression of p53 and γ-H2A.X, and comet assay were detected to confirm the degree of DNA damage. The results were quantitatively analyzed using mean gray. (H–J) Activation of NF-κB was assayed through the expression of p-NF-κB in TAM. The results were quantitatively analyzed using the mean gray. (K) The LPO generation, which was assayed using the C11-BODIPY probe, was observed by confocal microscopy. Green fluorescence represented LPO accumulation. Values were means ± SD (n = 3, *p < 0.05).
Later, we examined the phenotype of macrophages treated with DHA and Fer-1 in light of revealing the involved crucial mechanism of DHA-induced reprogramming in TAM. Similarly, the key proteins of the M1 phenotype such as CD86, iNOS, and GBP5 were investigated in the presence of DHA and Fer-1. As presented in Figures 8A–F, the biomarkers of the M1 phenotype were down-regulated when co-treated with DHA and Fer-1. Moreover, the inhibition of ferroptosis also attenuated the phagocytosis and antigen presentation functions of DHA-incubated TAM, as evidenced by the decreased endocytic latex beats and MHC-II expression in macrophage (Figures 8G,H). Altogether, evidence has emerged, suggesting a key role of ferroptosis in regulating the phenotypic remodeling in DHA-treated TAM.
[image: Figure 8]FIGURE 8 | Fer-1 suppressed the remolding effect of TAM toward the M1 phenotype induced by DHA. (A,B) iNOS expression in TAM was measured using WB. The mean gray was quantitatively analyzed. (D,E) GBP5 expression in TAM was measured using WB. The mean gray was quantitatively analyzed. (C–F) The CD86 expression of TAM was analyzed through flow cytometry. (G,H) MHC-II immunofluorescent staining and latex beats assay were applied to demonstrate the antigen presentation ability and phagocytosis function. Geometric means were used to quantify the MFI. Values were means ± SD (n = 3, *p < 0.05).
Reprogrammed M1-phenotypic macrophages exhibited prominent anti-cancer efficacy
The reprogrammed M1-phenotypic macrophages should have the ability of anti-tumor. To test the anti-tumor efficacy of DHA-treated TAM, Lewis lung cancer cells (LLC) were co-cultured with TAM that received DHA treatment. As expected, the apoptosis rate of LLC increased when co-cultured with TAM treated by DHA (Figures 9A,B). Furthermore, the viability of LLC decreased in the presence of DHA-treated TAM (Figure 9C). At the same time, the expression of Bax and Caspase-3 in LLC was reinforced with the addition of DHA-treated TAM (Figures 9D–F). These data were crucial proof that DHA-mediated reprogramming of TAM boosted anti-tumor immunotherapy.
[image: Figure 9]FIGURE 9 | M1 phenotypic macrophages induced by DHA-facilitated apoptosis and of lung cancer cells. TAM were treated with DHA for 18 h, then co-cultured with LLC for another 18–24 h. (A,B) The apoptosis rate of LLC was measured through Annexin-V/PI double staining and flow cytometry. (C) The viability of LLC was assayed by CCK-8. (D–F) The expression of Bax and Caspase-3 in LLC, which indicated the apoptosis levels, was detected using WB. The mean gray of bands was quantitatively analyzed. Values were means ± SD (n = 3, *p < 0.05, ****p < 0.0001 which was compared with the control group).
DISCUSSION AND CONCLUSION
In the present work, DHA acted as a ferroptosis inducer to enrich ROS and LPO in TAM. LPO could damage DNA with broken fragments that activate the NF-κB molecule, thereby driving the inflammatory response in TAM, which reprogrammed macrophages into the pro-inflammatory M1 phenotype. The remodeled M1 macrophages could promote apoptosis of lung cancer cells in vitro (Figure 10).
[image: Figure 10]FIGURE 10 | Schematic diagram of the mechanism of DHA-mediated reprogramming of TAM through ferroptosis. DHA-triggered ferroptosis of TAM generates ROS/LPO, leading to DNA damage, which activates downstream NF-κB to remodel TAM to the M1 phenotype. The reprogrammed macrophages possess an anti-tumor effect.
The effect of DHA on inducing ferroptosis has been shown in the work of some scholars and in our previous study (Han et al., 2022). Triggering of ferroptosis requires both enrichment of iron ions and inhibition of the intracellular reducing system (Ye et al., 2020). However, the basal content of iron ions actually varies greatly among different cell types. In our work, the content of iron ions was also shown to be much higher in lung cancer cells than in TAM (Figure 3A). That is why the same concentration of DHA treatment of lung cancer cells caused a significant decrease in their viability (Han et al., 2022) while having a minor effect on TAM viability. In addition, this further leads us to understand the reason why DHA selectively kills tumors with low toxic side effects. Therefore, DHA played a dual role in the fight against lung cancer by directly destroying tumor cells and regulating the immune microenvironment. The fact that the present work has not explored the in vivo efficacy of DHA was a limitation. In general, the efficacy of in vivo studies is the overall result of DHA action on the tumor microenvironment, which cannot be attributed to TAM phenotypic remodeling even if there is prominent efficacy. Therefore, in vitro validation of immune efficacy was conducted. As presented in Figure 9, TAM was first treated with DHA and then co-cultured with lung cancer cells (LLC). The results revealed that DHA-treated TAM could promote apoptosis of LLC. The design of this in vitro study can adequately circumvent the attribution deficiency in the in vivo study.
On the other hand, interestingly, iron ion concentrations differed dramatically in the macrophages but with different phenotypes. Accordingly, the concentration of iron ions is lower in macrophages of the M2 phenotype (Agoro et al., 2018), which is consistent with our work. In contrast, the majority of macrophages with a pro-inflammatory phenotype (M1 phenotype) had higher iron ion concentrations (Zhou et al., 2018). Nevertheless, prior studies have not elucidated the underlying mechanism of this phenomenon. Instead, our study confirmed that DHA initiated ferroptosis by up-regulating TfR1 in combination with the inhibition of GPX4. In turn, the product of ferroptosis, LPO, further activated NF-κB by damaging DNA, thereby contributing to the polarization of macrophages toward the M1 phenotype. In the present study, an intrinsic link between elevated iron ions and macrophage phenotypic remodeling was established thereupon.
How DNA activation of NF-κB was caused by DHA-triggered ferroptosis of TAM was not highlighted in the present study. Nevertheless, the DNA double-strand break (DDSB) and DNA damage response (DDR) were observed in DHA-treated TAM (Figure 5). Recent studies have demonstrated that broken fragments of DNA released into the cytoplasm can activate the sensor molecule-STING, which is an important signal for anti-tumor immunity (Hopfner and Hornung, 2020; Ma et al., 2020; Reisländer et al., 2020). STING activation can activate its downstream NF-κB molecules, which we mentioned in our study of a photodynamic effect that remodels macrophages to the M1 phenotype (Sun et al., 2020; Yum et al., 2021). But the photodynamic effect is through ROS-mediated DNA damage, while DHA damages DNA by way of LPO generated by ferroptosis. Both are actually inextricably intertwined, but with subtle differences, which could serve as an approaching point for future research.
In conclusion, this work demonstrates that DHA-triggered ferroptosis of TAM results in DNA damage, which could activate downstream NF-κB to remodel TAM to the M1 phenotype (Figure 10), providing a novel strategy for anti-lung cancer immunotherapy. This study offers a novel theoretical basis for the use of traditional Chinese medicine monomers (such as DHA) to regulate the anti-tumor immune response, as well as a new therapeutic approach for TAM phenotype remodeling.
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Background: NPM1 is highly expressed in a variety of solid tumors and promotes tumor development. However, there are few comprehensive studies on NPM1 analysis in gastrointestinal cancer.
Methods: We used bioinformatics tools to study the expression difference of NPM1 between gastrointestinal cancer and control group, and analyzed the relationship between its expression level and the diagnosis, prognosis, functional signaling pathway, immune infiltration, m6A and cuproptosis related genes of gastrointestinal cancer. At the same time, the expression difference of NPM1 between esophageal carcinoma (ESCA) samples and control samples was verified by in vitro experiments.
Results: NPM1 was overexpressed in gastrointestinal cancer. In vitro experiments confirmed that the expression of NPM1 in ESCA samples was higher than that in normal samples. The expression of NPM1 has high accuracy in predicting the outcome of gastrointestinal cancer. The expression of NPM1 is closely related to the prognosis of multiple gastrointestinal cancers. Go and KEGG enrichment analysis showed that NPM1 co-expressed genes involved in a variety of biological functions. NPM1 expression is potentially associated with a variety of immune cell infiltration, m6A and cuproptosis related genes in gastrointestinal cancers.
Conclusion: NPM1 can be used as a diagnostic and prognostic marker of gastrointestinal cancer, which is related to the immune cell infiltration and the regulation of m6A and cuproptosis.
Keywords: NPM1, gastrointestinal cancer, immune infiltrates, cuproptosis, m6A
INTRODUCTION
About 10 million people die of malignant tumors every year in the world, among which gastrointestinal cancer is a common malignant tumor in the digestive system (Sung et al., 2021). Common gastrointestinal cancers include cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), esophageal carcinoma (ESCA), liver hepatocellular carcinoma (LIHC), pancreatic adenocarcinoma (PAAD), rectum adenocarcinoma (READ) and stomach adenocarcinoma (STAD). Although significant progress has been made in radical resection, radiotherapy and chemotherapy, the 5-years survival rate of patients with gastric cancer is still very low (Shen et al., 2020; Thrift, 2021). The occurrence and development of gastrointestinal cancer is the result of multiple genes and factors. Therefore, seeking diagnostic markers with high sensitivity and specificity is of great significance to improve the diagnostic level of gastrointestinal cancer, especially to improve the diagnostic rate of early cancer and prolong the life of patients.
In the nucleus, nucleophosmin 1 (NPM1) is a multifunctional protein that shuttles between the nucleus and the cytoplasm (Karimi Dermani et al., 2021). In previous studies, NPM1 has mainly been studied in relation to blood system diseases, and only a few reports have been published regarding solid tumors (Zarka et al., 2020; Dong et al., 2022). There are strong relationships between the expression of NPM1 and glycolysis related genes as well as 18F-FDG metabolism parameters in lung adenocarcinoma (LUAD) in our previous studies (Liu et al., 2021a; Zhou et al., 2021a). However, the study of NPM1 in gastrointestinal cancer, especially in esophageal cancer, has not been reported.
Many studies have shown that the tumor microenvironment (TME) with extensive immune infiltration and N6-methyladenosine (m6A) modification that regulates gene stability play an important role in the occurrence and development of tumors and the diagnosis and treatment of cancer (Chen et al., 2019; Wang et al., 2020a; Chamma et al., 2022). At the same time, a recently discovered copper dependent regulatory cell death (cuproptosis) has become a research hotspot (Cobine and Brady, 2022; Tang et al., 2022; Tsvetkov et al., 2022). NPM1 has been studied relatively little in gastrointestinal cancer despite its multifaceted nature, specifically on its relationship with immunotherapy, m6A modification, and cuproptosis.
We downloaded gastrointestinal cancer data from The Cancer Genome Atlas (TCGA) for this study. The R software package and other online databases were used to analyze the expression and prognostic value of NPM1 in gastrointestinal cancer. NPM1 expression in ESCA samples was compared to that in normal samples using cell experiments and immunohistochemistry (IHC). Furthermore, NPM1’s function and pathway enrichment in gastrointestinal cancer were examined as well as its co-expression network in gastrointestinal cancer. Finally, NPM1 and tumor immunity, m6A methylation modification, and cuproptosis related genes in ESCA were studied to establish a basis for developing new treatment strategies.
MATERIALS AND METHODS
Expression level and prognostic value of nucleophosmin 1 in public database
The expression difference of NPM1 in Pan-cancer was analyzed using UCSC XENA database (https://xenabrowser.net/datapages/) (Vivian et al., 2017). UCSC XENA database contains The Cancer Genome Atlas (TCGA; https://portal.gdc.cancer.gov/) (Tomczak et al., 2015) and Genotype-Tissue Expression (GTEx; http://commonfund.nih.gov/GTEx/) (Battle et al., 2017) data sets, which are mainly used to analyze and visualize gene expression in tumors. We downloaded the cholangiocarcinoma (CHOL), colorectal cancer (CRC), Esophageal carcinoma (ESCA), liver hepatocellular carcinoma (LIHC), pancreatic adenocarcinoma (PAAD) and stomach adenocarcinoma (STAD) data sets from the Gene Expression Omnibus database (GEO; GSE76297, GSE9348, GSE23400, GSE45267, GSE11838 and GSE66229; www.ncbi.nlm.nih.gov/geo) to verify whether NPM1 mRNA expression differs between tumors and controls. A human protein atlas database (HPA; https://www.proteinatlas.org/) immunohistochemistry image of NPM1 was obtained to demonstrate the protein’s expression. The clinical data of CHOL, COAD, ESCA, LIHC, PAAD, READ and STAD data sets were downloaded from TCGA database to study the relationship between the expression level of NPM1 and the prognostic value of patients with gastrointestinal tumors. A ROC curve was drawn to evaluate the diagnostic value of NPM1 in gastrointestinal tumors.
In vitro experiment
A qRT-PCR assay and immunohistochemistry (IHC) staining assay were used to determine whether NPM1 expression differed between tumors and normals. We referred to previous studies for qRT-PCR and IHC experimental steps (Liu et al., 2021b; Liu et al., 2021c). Technical details can be found in the Supplementary Materials.
Co-expression network analysis of nucleophosmin 1 in gastrointestinal cancer
We used the STAT package in R to analyze RNA sequencing data from TCGA patients with gastrointestinal cancer in order to study co-expressed genes associated with NPM1. For statistical analysis, Pearson correlation coefficient was used. In the case of |cor| > 0.3, p < 0.05, we consider the correlation to be significant. Correlation heat map and Veen map are drawn by using ggplot2 software package in R language. There are 30 genes that are positively correlated with NPM1 expression in gastrointestinal cancers, as shown in the correlation heat map. Veen map shows the intersection of genes related to NPM1 expression in gastrointestinal tumors, the threshold is cor >0.3, p < 0.05. In order to screen out the 30 genes most related to the expression of NPM1 in gastrointestinal cancer, we summed the correlation coefficients of each gene and sorted them according to the average correlation coefficient, and finally got the 30 most related genes.
Nucleophosmin 1 co-expression network enrichment analysis
The above intersection of genes related to NPM1 expression were enriched and analyzed, mainly including Gene ontology (GO, http://www.geneontology.org/) and Kyoto Encyclopedia of Genes and Genomes (KEGG, http://www.genome.jp/kegg/). ClusterProfiler package (Yu et al., 2012) of R language was used for enrichment analysis, and ggplot2 package was used for visualization.
The relationship between nucleophosmin 1 and tumor immune infiltrating cells in gastrointestinal cancers
Tumor Immune Estimation Resource (TIMER, https://cistrome.shinyapps.io/timer) is a comprehensive resource for systematical analysis of immune infiltrates across diverse cancer types (Li et al., 2016; Li et al., 2017). In this study, we used three algorithms in timer database, namely TIMER (22), QUANTISEQ (Finotello et al., 2019) and CIBERSORT(Newman et al., 2015), to determine whether NPM1 correlates with immune cells that contribute to gastrointestinal cancer. Next, we used TISIDB database (http://cis.hku.hk/TISIDB/index.php) to further study the expression level of NPM1 in different immune subtypes. There is a database that contains information about tumors and their interactions with the immune system (Ru et al., 2019).
Correlation between nucleophosmin 1 with m6A and cuproptosis related genes in gastrointestinal cancer
In order to further study the possibility that NPM1 may be involved in the regulation of m6A and cuproptosis in gastrointestinal cancer, an analysis of NPM1 expression along with m6A and cuproptosis related genes was conducted using the TCGA database. Based on previous studies (Li et al., 2019; Tsvetkov et al., 2022), we collected 20 m6A related genes and 10 cuproptosis related genes. The relationship between NPM1 with m6A and cuproptosis related gene expression in gastrointestinal cancer was analyzed by R software package. Based on the difference in NPM1 expression levels, we divided the TCGA ESCA cohort into two groups and analyzed the difference of m6A and cuproptosis related gene expression between high and low NPM1 expression groups. At the same time, we also analyzed the expression differences of m6A and cuproptosis related genes between the tumor and normal group in the TCGA ESCA cohort. Finally, according to the correlation of expression level and the difference of group expression, we screened the genes most likely to interact with NPM1. Use ggplot2 software package for data visualization.
Statistical methods
Most statistical analysis is done through the above bioinformatics tools. This includes Xiantao platform (www.xiantao.love). Xiantao platform is a database integrating TCGA tumor chip data, which contains R software and its appropriate R software package. It is mainly used for gene expression analysis, correlation analysis, enrichment analysis, interactive network analysis, clinical significance analysis, and related mapping. The value of p < 0.05 was considered statistically significant.
RESULTS
Multiple databases verified that nucleophosmin 1 was highly expressed in gastrointestinal cancer
Based on analysis of the UCSC XENA database, NPM1 expression was higher in ACC (adrenocortical carcinoma), BRCA (breast invasive carcinoma), CHOL, COAD, DLBC (lymphoid neoplasm diffuse large b-cell lymphoma), ESCA, GBM (glioblastoma multiforme), HNSC (head and neck squamous cell carcinoma), KIRC (kidney renal clear cell carcinoma), KIRP (kidney renal papillary cell carcinoma), LGG (brain lower grade glioma), LIHC, LUAD (lung adenocarcinoma), LUSC (lung squamous cell carcinoma), PAAD, PRAD (prostate adenocarcinoma), READ, SKCM (skin cutaneous melanoma), STAD, TGCT (testicular germ cell tumors), THCA (thyroid carcinoma), THYM (thymoma) and UCS (uterine carcinosarcoma) than in controls, but lower in LAML (acute myeloid leukemia) and OV (ovarian serous cystadenocarcinoma) (Figure 1A). GEO database analysis further confirmed that the expression of NPM1 in gastrointestinal cancers were higher than that in normal control group (Figures 1B–G). A HPA database IHC staining revealed a significant increase in NPM1 expression in STAD, LIHC, PAAD, and CRC tissues (Figure 1H).
[image: Figure 1]FIGURE 1 | Multiple databases verified that NPM1 was highly expressed in gastrointestinal cancer. (A) The analysis of UCSC XENA database showed that NPM1 was highly expressed in a variety of tumor tissues. (B–G) According to the GEO database, compared to controls, gastrointestinal cancers expressed more NPM1. (H) There was a difference in NPM1 expression between tumor samples and normal samples in the HPA database. (I) Cell experiments showed that NPM1 expression was significantly higher in ESCA cells compared to normal esophageal cells. (J) According to IHC results, tumor tissues from ESCA patients expressed significantly more NPM1 than paracancer tissues. *p < 0.05; **p < 0.01; ***p < 0.001; ns, no significance.
In addition, qRT-PCR showed that the expression level of NPM1 mRNA in ESCA cell line was significantly higher than that in normal esophageal tissue cells (Figure 1I). A significant difference was observed between tumor tissues of ESCA patients and those of paracancer patients (Figure 1J).
Prognostic and diagnostic value of nucleophosmin 1 in gastrointestinal cancers
In order to further explore the relationship between NPM1 expression and gastrointestinal cancer, we analyzed the relationship between NPM1 expression and pathological characteristics of cancer patients. The results showed that patients with high expression of NPM1 were associated with worse OS in LIHC [HR: 1.977 (1.387–2.817), p < 0.001] and PAAD [HR: 1.746 (1.150–2.651), p = 0.009]. In ESCA [HR: 1.641 (1.044–2.581), p = 0.032], LIHC [HR: 1.539 (1.150–2.060), p = 0.004] and PAAD [1.494 (1.014–2.203), p = 0.043], PFI was lower in patients with high expression of NPM1. At the same time, we also found that NPM1 had high accuracy in diagnosing ESCA, STAD, LIHC, CHOL, PAAD, COAD, READ, and CRC patients and normal controls (Figure 2, AUC > 0.75).
[image: Figure 2]FIGURE 2 | Prognostic and diagnostic value of NPM1 in gastrointestinal cancers. (A–B) Forest map shows the relationship between NPM1 expression level with OS and PFI, respectively. (C–J) ROC curve shows the value of NPM1 in the diagnosis of patients with gastrointestinal cancer, including ESCA, STAD, LIHC, CHOL, PAAD, COAD, READ and CRC.
Co-expression network analysis of nucleophosmin 1 in gastrointestinal cancer
We analyzed RNA sequencing data from the TCGA database of gastrointestinal cancer with R software, and only retained gene encoding proteins from the gene sequences. The analysis found that 1958 genes expression in ESCA were associated with NPM1, 3,302 genes expression in STAD were associated with NPM1, 6,438 genes expression in LIHC were associated with NPM1, 2,628 genes expression in CHOL were associated with NPM1, 7,721 genes expression in PAAD were associated with NPM1, 4,523 genes expression in COAD were associated with NPM1, and 5,602 genes expression in READ were associated with NPM1. |cor| > 0.3 and p < 0.05 were the thresholds. The top 30 genes in ESCA, STAD, LIHC, CHOL, PAAD, COAD, and READ that are positively linked with NPM1 expression are displayed in a heat map (Figures 3A–G). Veen map shows the intersection of these gene sets, and 385 genes are found to coincide (Figure 3H). Figure 3I shows the 30 co-expressed genes sorted according to the average correlation coefficient. The top three genes in the average correlation coefficient were RARS1 (Arginyl-TRNA Synthetase 1, average cor = 0.763), BTF3 (Basic Transcription Factor 3, average cor = 0.725) and HSPA4 (Heat Shock Protein Family A (Hsp70) Member 4, average cor = 0.716), respectively.
[image: Figure 3]FIGURE 3 | Co-expression network analysis of NPM1 in gastrointestinal cancer. The top 30 genes in ESCA (A), STAD (B), LIHC (C), CHOL (D), PAAD (E), COAD (F) and READ (G) that are positively linked with NPM1 expression are displayed in a heat map. (H) Veen map shows the intersection of these gene sets. (I) The related heat map shows the 30 co-expressed genes sorted according to the average correlation coefficient. *p < 0.05; **p < 0.01.
Nucleophosmin 1 co-expression network enrichment analysis
ClusterProfiler package in R was used to analyze the above intersection of genes related to NPM1 expression using GO terms and KEGG pathways. Based on p.adj <0.05 and q value <0.2, a total of 321 biological processes, 101 cellular components, 48 molecular functions, and 11 KEGG annotations were associated with NPM1 co-expressed genes. GO term notes indicate that these genes are mainly involved in ribosome biogenesis, cytosolic part and catalytic activity, acting on RNA. KEGG pathway studies showed that these genes were significantly associated with Ribosome, RNA transport and Spliceosome. The above results were shown by bubble plots (Figures 4A–D).
[image: Figure 4]FIGURE 4 | NPM1 co-expression network enrichment Analysis. (A–C) An enrichment analysis of GO terms for co-expression genes with NPM1. (D) An enrichment analysis of KEGG terms for NPM1 co-expression genes.
The relationship between nucleophosmin 1 and tumor immune infiltrating cells in gastrointestinal cancers
A TIMER analysis revealed a negative correlation between NPM1 and the expression of five immune cells in COAD (CD8+ T-cells, CD4+ T-cells, macrophages, neutrophils, and dendritic cells). LIHC results showed a positive correlation between NPM1 expression and the expression of five immune cells (CD4+ T-cells, B cells, macrophages, neutrophils, and dendritic cells). Positive correlations were observed between NPM1 and five immune cells (CD8+ T-cells, B cells, macrophages, neutrophils and dendritic cells), while negative correlations were observed between NPM1 and CD4+ T-cells in PAAD (Figure 5A). QUANTISEQ analysis showed that NPM1 was negatively correlated with the expression of six immune cells (B cells, Regulatory CD4+T-cells, Macrophages M2, Neutrophils, Monocytes and Dendritic cells) in COAD. In LIHC, NPM1 was positively correlated with the expression of 8 immune cells (B cells, CD8+T-cells, Non-regulatory CD4+T-cells, Regulatory CD4+T-cells, Macrophages M1, Macrophages M2, Monocytes and Dendritic cells), and negatively correlated with the expression of Neutrophils, which was similar to the result of TIMER analysis (Figure 5B). However, CIBERSORT analysis showed that NPM1 was associated with the expression of a variety of different immune cells in gastrointestinal cancer (Figure 5C). However, TISIDB analysis showed that NPM1 expression was significantly enriched in five immune subtypes, namely wound healing, IFN-gamma dominant, inflammatory, lymphocyte depleted, and TGF-β dominant, in COAD, LIHC, READ, and STAD, but not in CHOL, ESCA, and PAAD (Figure 5D).
[image: Figure 5]FIGURE 5 | The relationship between NPM1 and tumor immune infiltrating cells in gastrointestinal cancers. (A–C) The correlation between NPM1 expression and immune cell infiltration was analyzed by TIMER, QUANTISEQ and CIBERSORT algorithm. (D) TISIDB analysis showed the association between NPM1 expression level and 5 immune subtypes.
Correlation between nucleophosmin 1 with m6A related genes in gastrointestinal cancer
A study conducted using the TCGA database explored the relationship between NPM1 and 20 m6A related genes expressed in gastrointestinal cancers in the CHOL, COAD, ESCA, LIHC, PAAD, READ, and STAD cohorts. In the CHOL cohort, NPM1 was not correlated with most m6A related genes as shown in Figure 6A. However, in the COAD, ESCA, LIHC, PAAD, READ, and STAD cohort, NPM1 was associated with the expression of most m6A related genes. ESCA cohorts were grouped based on expression levels of NPM1. A high NPM1 expression group had higher ALKBH5, HNRNPA2B1, HNRNPC, IGF2BP1, IGF2BP2, IGF2BP3, METTL3, RBM15, RBMX, VIRMA, WTAP, YTHDF1, and YTHDF2 expression than a low NPM1 expression group (Figure 6B). According to our analysis of differentially expressed m6A related genes among tumors and normals, ALKBH5, FTO, HNRNPA2B1, HNRNPC, IGF2BP1, IGF2BP2, IGF2BP3, METTL3, RBM15, RBMX, VIRMA, WTAP, YTHDC1, YTHDF1, YTHDF2, and YTHDF3 were expressed higher in tumors (Figure 6C). Finally, we screened 12 key genes (ALKBH5, HNRNPA2B1, HNRNPC, IGF2BP1, IGF2BP2, METTL3, RBM15, RBMX, VIRMA, WTAP, YTHDF1, and YTHDF2) according to the expression correlation and group expression differences (Figure 6D).
[image: Figure 6]FIGURE 6 | Correlation between NPM1 with m6A related genes in gastrointestinal cancer. (A) Correlation between the expression levels of NPM1 and m6A related genes in gastrointestinal cancer. (B) Differences in m6A related gene expression in ESCA cohorts based on low and high NPM1 expression. (C) ESCA cohort m6A related gene expression differs between tumor and normal groups. (D) Veen map shows overlapping genes.
We further verified the correlation between NPM1 and m6A related gene expression by analyzing the IHC score data of NPM1 and YTHDF1. Results as shown in Figure 7, the IHC score of NPM1 was positively correlated with YTHDF1 in ESCA samples (r = 0.403, p = 0.009).
[image: Figure 7]FIGURE 7 | NPM1 was positively correlated with YTHDF1 IHC score in ESCA. (A) IHC picture of NPM1 and YTHDF1 in ESCA. (B) NPM1 was positively correlated with YTHDF1 IHC score.
Correlation between nucleophosmin 1 with cuproptosis related genes in gastrointestinal cancer
A study conducted using the TCGA database explored the relationship between NPM1 and 10 cuproptosis related genes expressed in gastrointestinal cancers in the CHOL, COAD, ESCA, LIHC, PAAD, READ, and STAD cohorts. In the CHOL cohort, NPM1 was not correlated with most cuproptosis related genes as shown in Figure 8A. However, in the COAD, ESCA, LIHC, PAAD, READ, and STAD cohort, NPM1 was associated with the expression of LIAS, DLAT, DLD, LIPT1, PDHA1, and PDHB. In the ESCA cohort, we grouped according to the expression of NPM1. LIAS, DLAT, DLD, LIPT1, and PDHB expression was higher in the high NPM1 expression group than in the low NPM1 expression group (Figure 8B). According to our analysis of differentially expressed cuproptosis related genes among tumors and normals, DLAT, GLS, and LIPT1 were expressed higher in tumors (Figure 8C). Finally, we screened 2 key genes (DLAT and LIPT1) according to the expression correlation and group expression differences (Figure 8D).
[image: Figure 8]FIGURE 8 | Correlation between NPM1 with cuproptosis related genes in gastrointestinal cancer. (A) Correlation between the expression levels of NPM1 and cuproptosis related genes in gastrointestinal cancer. (B) Differences in cuproptosis related gene expression in ESCA cohorts based on low and high NPM1 expression. (C) ESCA cohort cuproptosis related gene expression differs between tumor and normal groups. (D) Veen map shows overlapping genes.
DISCUSSION
Currently, NPM1 research is focused more on cancer than blood diseases. Zhou et al. found that NPM1 was overexpressed in LIHC cells, and high NPM1 expression was significantly associated with decreased survival and increased recurrence in LIHC patients (Zhou et al., 2017). Liu et al. (2012) found that the overexpression of NPM1 in COAD cells enhanced cell migration and invasion, and improved cell proliferation. Although it has been confirmed that overexpression of NPM1 in a variety of gastrointestinal cancers can promote the proliferation and migration of tumor cells, no comprehensive analysis of NPM1 in gastrointestinal cancers has been reported.
In this study, we found that NPM1 was overexpressed in gastrointestinal cancer through the analysis of UCSC XENA database and GEO database, which was consistent with some previous research results (Liu et al., 2012; Zhu et al., 2015; Matsui et al., 2022). At the same time, At the same time, we verified the overexpression of NPM1 in ESCA by cell experiments and IHC. We also found that the expression level of NPM1 is highly accurate in the diagnosis of gastrointestinal cancer (AUC >0.75), and the overexpression of NPM1 is related to the low survival rate of some patients with gastrointestinal cancer, indicating that the clinical correlation between NPM1 and gastrointestinal cancer is significant.
In further functional exploration, we found that 385 genes were positively correlated with NPM1 expression in 7 gastrointestinal cancers. According to the sum of the correlations of these 385 genes in gastrointestinal cancer, we screened the 30 genes with the strongest correlations, which are RARS1, BTF3, HSPA4, NSA2, HNRNPA1, EIF3M, CCT4, OLA1, UIMC1, G3BP1, NACA, RSL1D1, ETF1, MRPS27, RBM22, CCT8, GEMIN5, LARS1, PA2G4, CDK7, NIFK, RSL24D1, EIF3E, THG1L, INTS13, UBE2D2, RPS23, DIMT1, RIOK2, and TTC27 respectively. Previous studies have reported that overexpression of BTF3, CCT8, CDK7, ELF3M, G3BP1, HSPA4, OLA1, and RSL1D1 can contribute to the occurrence and development of CRC (Goh et al., 2011; Zhou et al., 2019; Zhou et al., 2021b; Liao et al., 2021; Zhang et al., 2021; Liu et al., 2022a; Liu et al., 2022b; Li et al., 2022), overexpression of CCT4 and PA2G4 can contribute to the occurrence and development of LIHC(Li et al., 2021a; Sun et al., 2022), overexpression of DIMT1 and HNRNPA1 can contribute to the occurrence and development of STAD (Liu et al., 2017; Zhu et al., 2022), and overexpression of EIF3E and UIMC1 can contribute to the ESCA occurrence and development (Xu et al., 2018; Yang et al., 2018). Therefore, we believe that these genes have the potential to be called diagnostic and therapeutic targets of gastrointestinal cancer. However, studies on the interaction between NPM1 and these genes in gastrointestinal cancer have not been reported. We will continue to pay attention to this interesting phenomenon in the follow-up research. In further enrichment analysis, we found that the co expression of NPM1 was mainly related to Ribosome Biogenesis, Cytosolic Part and Catalytic Activity, Acting On RNA. According to KEGG pathway analysis, NPM1 co-expression is primarily associated with Ribosomes. It has been found that the above biological functions and pathways play an important role in the occurrence and development of tumors, according to some scholars (Ruggero and Pandolfi, 2003; Ding et al., 2022). These findings suggest that NPM1’s co-expression network plays a critical role in the formation and progression of tumors.
The components of TME are complex, in which immune regulation and immune escape are important components. More and more studies have shown that TME plays a key role in tumor progression (Wang et al., 2020b; Chamma et al., 2022; Malla et al., 2022). In this study, we found that the overexpression of NPM1 was negatively correlated with most immune infiltrating cells in COAD and ESCA, but positively correlated with immune infiltrating cells in LIHC and PAAD. It was also found that NPM1 expression was significantly enriched in five immune subtypes in COAD, LIHC, READ and STAD. Helmink et al., 2020 Found that B cells can secrete a series of cytokines, which may potentially promote the anti-tumor response by producing antibodies to tumors. The lack of B cell infiltration will affect the inhibitory effect of the immune system on tumor cells (49). Denardo and Ruffell (2019) Found that in the initial stage of tumor development, macrophages can directly promote anti-tumor response by killing tumor cells. Additionally, there was a negative correlation between NPM1 expression and macrophage and B cell infiltration in ESCA. We believe that patients with gastrointestinal cancer express high levels of NPM1 which may result in immune escape and anti-tumor immunity, suggesting that NPM1 may be important in regulating the immune response to gastrointestinal cancers.
M6A modification is a reversible dynamic RNA epigenetic process, which is regulated by m6A regulatory factors and is crucial in the development of cancer (Chen et al., 2019; Li et al., 2019; Wang et al., 2020a). In gastrointestinal cancers, however, there has been no research on NPM1 and m6A related genes. In this study, we found that most gastrointestinal cancers expressed NPM1 positively correlated with m6A related genes. Especially in the ESCA cohort, we screened 12 key genes, ALKBH5, HNRNPA2B1, HNRNPC, IGF2BP1, IGF2BP2, METTL3, RBM15, RBMX, VIRMA, WTAP, YTHDF1, and YTHDF2, according to the expression correlation and group expression differences. It has been reported that the overexpression of ALKBH5(Nagaki et al., 2020), HNRNPA2B1 (Li et al., 2021b), HNRNPC(Zhang et al., 2019), IGF2BP1(Fang et al., 2021), IGF2BP2(Huang et al., 2021), METTL3 (Liu et al., 2020), WTAP (Zhu et al., 2021) and YTHDF1 (Liu et al., 2022c) can contribute to the occurrence and development of ESCA through different regulatory methods. At the same time, the correlation analysis of IHC score also confirmed that the expression of NPM1 was positively correlated with YTHDF1. Therefore, it is believed that the cancer-promoting activity of NPM1 gene is related to the expression of genes related to m6A. It is possible that NPM1 may be able to influence the methylation level of ESCA by affecting m6A, and ultimately affect the development of cancer.
Copper is the basic element to maintain human life activities, and plays an essential role as a cofactor of essential enzymes. Compared with normal cells, cancer cells have a higher demand for copper (Cobine and Brady, 2022; Tang et al., 2022; Tsvetkov et al., 2022). However, the relationship between NPM1 and cuproptosis related genes in gastrointestinal tumors has not been studied. A significant correlation was found in this study between the expression level of NPM1 and the expression level of cuproptosis related genes in most gastrointestinal cancers. In the ESCA cohort, we screened two key genes, DLAT and LIPT1, based on expression correlation and group expression differences. Goh et al. Found that DLAT is highly expressed in STAD, and interfering with the expression of DLAT can inhibit the proliferation of STAD cells (Goh et al., 2015). Lv et al. Found that LIPT1 expression increased in skin cutaneous melanoma biopsy and was an independent prognostic indicator of skin cutaneous melanoma patients (Lv et al., 2022). Accordingly, we believe that the cancer-promoting effect of NPM1 gene is associated with cuproptosis related genes expression. The NPM1 may adversely affect ESCA cells’ cuproptosis process by altering copper ion levels, which ultimately affects cancer development.
In conclusion, this is the first comprehensive study to examine NPM1 expression in relation to m6A, cuproptosis and tumor cell immune infiltration in gastrointestinal cancer. This study shows that NPM1 is highly expressed in gastrointestinal cancers, and its expression level can accurately diagnose cancer, and is a prognostic indicator of ESCA, LIHC, and PAAD. The expression of NPM1 is negatively correlated with B cell and macrophages infiltration, which may affect the tumor immunity of ESCA by affecting B cell and macrophages infiltration. NPM1 is closely related to 12 m6A related genes, which may affect the tumor progression of ESCA by affecting the methylation level of m6A. However, NPM1 is also positively correlated with the expression of two cuproptosis related genes, which may affect the regulation of cuproptosis in tumor cells by affecting the expression of these genes. The potential biological function of NPM1 in ESCA is shown in Figure 9. Of course, further exploration is needed to confirm the function and potential mechanism of NPM1 in the occurrence and development of gastrointestinal cancer.
[image: Figure 9]FIGURE 9 | The potential biological function of NPM1 in ESCA. Figures were created by Figdraw (www.figdraw.com).
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Objective

Cuproptosis, a nascent and unique pattern of cell death, is poised to spark a new rush of biological research. Yet, the subsumed mechanism of cuproptosis in carcinoma is not wholly clarified. The exclusive aim of this work is to define a novel classification algorithm and risk-prognosis scoring framework based on the expression modalities of cuproptosis genes to monitor clear cell renal cell carcinoma (ccRCC) patients’ prognosis and immunotherapeutic response.



Methods

We pooled ccRCC data from three large-scale databases as the training subset and gathered a panel of clinical queues, termed the Taizhou cohort, which served as the validation setup. Wilcox test was conducted for comparison of expression variation, while the cox analysis and KM curves were utilized to visualize prognosis. Unsupervised clustering analysis was used to identify cuproptosis phenotypes in ccRCC. Concurrently, LASSO regression-based computational scoring model. A step further, gene set enrichment analysis (GSEA) was performed to check potential biological processes and the “CIBERSORT” R package was used to estimate the proportion of immune cells. To last, immunohistochemistry and qRT-PCR were carried out for the assay of critical genes for cuproptosis.



Results

Here, we glimpse the prognostic power of cuproptosis genes in pan-cancer by investigating 33 cancers with multi-omics data to map their genetic heterogeneity landscape. In parallel, we devoted extra attention to their strategic potential role in ccRCC, identifying two phenotypes of cuproptosis with different immune microenvironmental characteristics by pooling ccRCC data from three large-scale databases. Additionally, we compiled a cuproptosis scoring system for clinicians to determine the prognosis, immunotherapy response, and chemosensitivity of ccRCC patients. Notably, we assembled a clinical cohort sample to validate the pivotal gene for cuproptosis, FDX1, to supply more clues to translate the biological significance of cuproptosis in ccRCC.



Conclusion

In all, our investigations highlight that cuproptosis is involved in various components of ccRCC and assists in the formation of the tumor immune microenvironment. These results provide partial insights to further comprehend the molecular mechanisms of cuproptosis in ccRCC and could be helpful for the development of personalized therapeutic strategies targeting copper or cuproptosis.
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Introduction

The prevalence of clear cell renal cell carcinoma (ccRCC) persists highly worldwide (1). Epidemiological statistics show that well over 300,000 individuals have suffered from RCC worldwide, and 70% of those pathological types are ccRCC (2). Unlike early ccRCC, which could be satisfactorily surgically manipulated, metastatic ccRCC tends to exhibit resistance to conventional chemotherapy (3). As per the statistics, the 5-year survival rate for RCC is about 70%, while for those with late-stage, the rate is dismally low at 11.7% (4). Materially valid pyrrhic biological markers to inform treatment decisions or assess prognosis remain sorely lacking.

The effectiveness of trials of targeted regimens for ccRCC had revolutionized the treatment options for this disease-particularly the application of targeted vascular endothelial growth factor (VEGF) and immune checkpoint inhibitors (ICI) (5). A pioneering clinical trial of combination VEGF and ICI has yielded statistically significant beneficiaries in certain cases, opening up fresh horizons for the management of end-stage ccRCC (6). Over the last decade, rapid progress has been recorded in the treatment of nephrogenic tumors, especially in the area of both immunotherapy and targeted therapies (7). Notwithstanding, the available targeted and combination therapies have failed to have a powerful impact on disease progression and survival (8). The emergence of drug resistance forcing us to rethink tactics for the care of ccRCC. Undoubtedly, current investigations point to the notion that the response of ccRCC patients to either immunotherapy or chemotherapy is modulated by the tumor immune microenvironment (9). ccRCC, an immunogenic neoplasm, is well known to have a strong capacity to mediate immune dysfunction by provoking infiltration of immunosuppressive cells, as well as regulatory T cells, into the tumor microenvironment (TME) (10). It seems to be a feasible direction of investigation to formulate a line of systemic therapeutic regimens targeting the TME. Overall, the ultimate prognosis of ccRCC patients is not favorable. Therefore exploring new biomarkers and their intrinsic specific biological properties to identify poor prognosis and provide therapeutic targets is a tangible approach.

We note that the biological and therapeutic response of malignant cells is hampered by numerous modes of regulated cell death (RCD), ranging from apoptosis, which is the most renowned, to ferroptosis, the latest craze (11, 12). Induction of non-apoptosis-regulated cell death (RCD) has emerged as a neocon strategy to combat cancer, owing to the predominantly apoptotic nature of evil cells that have evolved to reject apoptosis. Moreover, a preponderance of data reveals crosstalk between RCD and anti-tumor immunity (13). Concretely, ferroptosis exhibits a synergistic anti-neoplastic immune response, while potentially suppressing the antitumor immune response (14). Thus, inducers or inhibitors targeting RCD might exert a more robust antitumor benefit when combined with immunotherapy applications, even in ICI-resistant individuals (15).

Metal ion homeostasis is crucial for cell survivorship, and heightened concentrations of certain metal ions could be harnessed to initiate various forms of RCD (16). Hence tremendous research is underway on the application or combination of metal ion vehicles for anti-neoplastic therapy. Copper (Cu) is not only an essential mineral nutrient for living organisms, but it also serves an integral role in a wide array of biological processes, ranging from mitochondrial respiration to inflammation and oxidative stress (17). Cu disposal disturbances show tremendous differences in outcome, from enhanced death phenotypes to rescued cells, which underscores the immense impact of the regulation of Cu homeostasis in mitochondria on normocytic physiology (18). When compared with healthy tissues, the Cu content is relatively increased in certain malignant cases, such as breast cancer, pancreatic cancer, prostate cancer, etc. (19–21). Besides, Cu accumulation is linked to enhanced cell proliferation, angiogenesis, and metastasis (22). It is well established that Cu homeostatic imbalance makes a substantial contribution to carcinogenesis, although scientists are debating whether it is a cause or a consequence of tumorigenesis (23). The remarkable progress in this field is evidenced by the uncovering of many other pipelines involving Cu and Cu-dependent molecules. Tsvetkov P et al. depicted a novel form of the Cu-elesclomol-triggered, mitochondrial tricarboxylic acid (TCA) dependent cell death denominated cuproptosis, which occurs by a mechanism independent of well-known apoptosis and pyroptosis (24). In this context, physicochemical carriers that can selectively induce cuproptosis may well succeed in surmounting the limitations of traditional anticancer pharmaceuticals and inject new hope for oncological management (25). However, the available reports on the association of cuproptosis with cancer almost exclusively involve alterations in protein expression levels without genomic mutations or epigenetic features. Our comprehension of cuproptosis and cuproptosis-related genes in cancerous growths is limited.

For this study, which is carried out based on available surveys and theoretical contexts, the key insights are as follows. For one, to systematically understand cuproptosis-related genes and unravel their mystery in human cancers, we integrated multi-omics data from 33 cancer types to comprehensively present a landscape of expression, prognosis, single-nucleotide variation (SNV), copy number variations (CNV), and methylation of these genes. It is not challenging to spot that they are heterogeneously altered in various neoplasms. Secondly, we are obsessed with the latent merits of cuproptosis in ccRCC, especially its intrinsic interlink with the immune system, and carry out clinical validation of the key gene FDX1 (26). From 3 independent databases, we merged genomic information of ccRCC samples in an attempt to disentangle the presumable role of cuproptosis genes in ccRCC. We were excited to detect a significant impact of cuproptosis on the tumor microenvironment, which was not yet reported in previous investigations. Moreover, We constructed a new risk-prognosis model, called CuproScroe, to facilitate the easy assessment of patient prognosis and therapeutic response. More in-depth, the above database-derived categorization and scoring phantoms were practice-tested in our local cohort. Our study provides significant insight into the function of cuproptosis in cancer.



Materials and methods


Collection of cuproptosis-related genes

Peter et al. proposed new insights into cuproptosis, from which we extracted 12 key genes, covering FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, CDKN2A, ATP7B, and SLC31A1, for the analysis of this study (24).



Pan-cancer multi-omics analysis of cuproptosis-related genes

Gene expression data from 30 different tissues of normal subjects were collected from the GTEx dataset (V7.0) (https://commonfund.nih.gov/GTEx/) for gene expression analysis. Relevant mRNA sequence data, SNV data, CNV data, methylation data, and clinical data were captured from TCGA (https://portal.gdc.cancer.gov/) database for gene expression, SNV, CNV, methylation, and prognosis analysis for 33 cancers. Normalization of GTEx and TCGA mRNA data was carried out with reference to the multi-omics analysis strategy adopted by Jian Zhang et al. (27). CNV data were handled by GISTIC 2.0. Correlation analysis was run for each single gene to locate the methylation sites which corresponded most negatively to gene expression. The “maftools” R package was availed for SNV analysis.



Cuproptosis phenotypes identification and CuproScroe model construction

In this investigation, we enrolled RNA sequencing data from the TCGA-KIRC cohort (containing 531 samples) from the TCGA database, the GSE29609 cohort (containing 39 samples) from the GEO database, and the E-MTAB-1980 cohort (containing 101 samples) from the ArrayExpress database. We merged data from 3 datasets and applied batch correction named the merge cohort. The “ComBat” algorithm of the “SVA” R package was adopted for batch correction of data sets. Unsupervised clustering analysis was used to identify cuproptosis phenotypes in ccRCC to categorize patients. “ConsensusClusterPlus” R package was designed to run each step.

Since cuproptosis genes did not show significant prognostic differences in the GEO database, we only integrated data from the TCGA and E-MTAB-1980 labeled the KIRC cohort. To be first, a cuproptosis score model, entitled CuproScore, was constructed using LASSO regression. The first step was to obtain the perfect model by the “cv.glmnet” system, initially screen the list of genes with zero β coefficient, and further confirm the optimal ones via multivariate Cox regression analysis. FDX1, LIAS, PDHB, and MTF1 opted for model configuration. Based on the linear combination of gene expression values and regression coefficients, risk scores were calculated for KIRC patients. The formula was as follow: Risk score=Σni Expi Coei (Exp = gene expression value; Coe = regression coefficient). Subsequently, univariate and multivariate Cox regression analyses were performed on the CuproScore model. The “rms” R package was on hand to create a nomogram.



Enrichment and immune infiltration analysis

GO (Gene Ontology) and KEGG (Kyoto Encyclopedia of Genes and Genomes) enrichment analyses of cuproptosis genes were undertaken using “org.Hs.eg.db” and “clusterProfiler” R package. Meanwhile, gene set enrichment analysis (GSEA) was performed to check potential biological processes in high and low-risk groups. The “CIBERSORT” R package was used to estimate the proportion of immune cells.



Drug sensitivity analysis

Via the TCIA database, immunophenotype scores (IPS) of KIRC sufferers were checked to pinpoint the part played by CuproScore in immunotherapy. The “pRRophetic” R package was selected to predict the drug sensitivity of four common chemotherapeutic agents for ccRCC therapy, including sorafenib, sunitinib, pazopanib, and axitinib. The methodology is based on a ridge regression algorithm to calculate the half-maximum inhibitory concentration (IC50).



Histology hematoxylin-eosin (HE) and immunohistochemistry (IHC) staining

We retrospectively enrolled 142 patients who had radical nephrectomy or local mass resection at Taizhou Hospital from January 1, 2019, to March 24, 2022. Excluding some cases with imperfect clinicopathological information or missing follow-up, 127 cases were finally enlisted, which we named the Taizhou cohort. The study followed the guiding principles of the Declaration of Helsinki and was approved by the ethical review committee of Taizhou Hospital. Since we used discarded histological specimens, all waived written informed consent. Immunohistochemical staining for FDX1 (1:100, Abcam, ab108257) was carried out using paraffin sections of the tumor and normal kidney tissue adjacent to the tumor, as described in the method of reference (24). Image-Pro Plus (version 6.0) software was applied to evaluate the area and density of the stained regions, as well as the integrated optical density (IOD) values of the IHC slices. In addition, we performed the corresponding HE staining.



Quantitative real-time polymerase chain reaction (qRT-PCR)

After paraffin tissue was dewaxed, RNA was isolated by Trizol reagent (Invitrogen, United States). Then, complementary DNA (cDNA) was synthesized via PrimeScriptTM RT kit (Takara). qRT-PCR analysis was run on the SYBR Premix Ex Taq (Takara). Normalization of all expression databases to GAPDH (as an endo-controller gene) using the 2−ΔΔCT method. Primer sequences referred to Table S1.



Statistical analysis

R software (version 3.6.1) was used for all statistical analyses. Wilcoxon test was used for comparison between groups if not otherwise stated.




Results


Multi-omics genetic characterization and prognostic landscape of cuproptosis genes

Cuproptosis is a fresh conception, and the expression pattern and possible prognostic potential of genes responsible for cuproptosis in human carcinomas have intrigued us dramatically. Cuproptosis genes are differentially expressed in various human tissues, with FDX1 being significantly highly expressed in the adrenal gland (Figure S1A). Meanwhile, these genes were widely detected in the pan-cancer dataset. We noted that CDKN2A was significantly upregulated in CESC, while FDX1 was markedly downregulated in PCPG (Figure S1B). The mutation is an essential feature of tumors (28). As shown in Figure S1D, we estimated a total SNV frequency of 98.23% of cuproptosis genes in pan-cancer, among which the top gene in mutation frequency was CDKN2A (42%). The missense mutation was the primary mutation type. Missense mutations were the major mutation type and the mutation frequencies of SKCM, HNSC, LUSC and UCEC were more common. From the CNV pie chart (Figure S1E), we conclude that the main CNV types in cuproptosis genes were heterozygous amplification and deletion. However, the types of CNV in different tumors varied for different genes. For example, DLD predominantly exhibited heterozygous amplification, while LIAS was dominated by heterozygous deletion. Moreover, we noticed differential methylation alterations of genes in different tumor types (Figure S1C). Undoubtedly, these genes are highly heterogeneous genetic alterations in cancer, and we were not surprised to observe that they are remarkably associated with the prognosis of some neoplasms (Figure S1F). These results indicate that dysregulated expression of certain cuproptosis genes might be affiliated with tumorigenesis.



Biological evaluation of cuproptosis genes in ccRCC

We focused on the intrinsic mechanism of cuproptosis genes in ccRCC. In the TCGA-KIRC dataset, some genes were found to be differentially altered in normal and tumor tissues, especially FDX1 and PDHA (Figure 1A, P< 0.05). Cox regression analysis disclosed that FDX1, LIAS, DLD, DLAT, PDHB, MTF1, CDKN2A, ATP7B, and SLC31A1 were critical preventive factors for ccRCC, while CDKN2A acted as a risk factor (Figure 1B). The above positive results for expression and prognosis spark our curiosity about their biological functions. GO analysis hinted that these genes may be linked to the acetyl-CoA biosynthetic process from pyruvate, mitochondrial matrix, and oxidoreductase activity (Figure 1C). Furthermore, KEGG analysis highlighted the significant enrichment of these genes in the citrate (TCA) cycle, pyruvate metabolism, and glycolysis/gluconeogenesis (Figure 1D). All signs point to a possible tight link between cuproptosis and the pathogenesis of ccRCC.




Figure 1 | Expression and prognosis of cuproptosis genes in the TCGA-KIRC cohort. (A) Variable expression distribution of cuproptosis genes in TCGA-KIRC. (B) Cox regression analysis of TCGA-KIRC with cuproptosis genes. GO (C) and KEGG (D) analysis of cuproptosis genes. *P< 0.05, ***P< 0.001.





Two different cuproptosis phenotypes identified by unsupervised learning

We merged three dates of ccRCC in the public database, including TCGA-KIRC, GSE29609, and E-MTAB-1980, and classified them into two new phenotypes using an unsupervised algorithm, named A and B (Figure 2A). Kaplan-Meier analysis showed prognostic differences between the two phenotypes. Patients in B had the worse prognosis, while those in A had the better (Figure 2B; S2). There is a variable expression of cuproptosis genes in different phenotypes, with the majority of them being relatively highly expressed in A (Figure 2D). To further investigate the intrinsic biological differences between the different phenotypes to clarify differences in prognosis, we undertook a GSEA analysis. There were differences in pathway enrichment alterations between phenotypes, such as A mainly enriched in pyruvate metabolism, while B mainly enriched in glycosaminoglycan biosynthesis chondroitin sulfate (Figure 2E, and Table S2). It was essential to dig further into the TME differences in the two clusters since the TME was firmly tied to the prognosis and management of ccRCC. The analysis of TME cell infiltration revealed that significant variations in the level of immune cell infiltration between the two phenotypes (Figures 3A, B) and B were mainly enriched for infiltration of cellular immune cells, including CD4 T cell and CD8 T cell (Figure 3C, P< 0.05). In addition, we presented gene expression and clinicopathological features in different phenotypes with a heat map (Figure 2C). The above-mentioned results suggest a new classification of ccRCC, which could help distinguish prognosis and tumor immune status.




Figure 2 | Unsupervised learning for cuproptosis classification. (A) Unsupervised clustering of 12 cuproptosis genes and the optimized consensus matrix with k = 2. (B) Kaplan-Meier Curves for differential survival of two cuproptosis phenotypes in the merge cohort which contains three datasets: TCGA, GEO, and E-MTAB-1980. (C) Heat map of clinical characteristics of two cuproptosis phenotypes. (D) Variable expression of cuproptosis genes in two phenotypes. (E) Heat map of the activation state of the top 20 KEGG pathways in different phenotypes. **P< 0.01, ***P< 0.001.






Figure 3 | The immune landscape and biological characteristics of two cuproptosis phenotypes. (A) Radar chart of discrepancy immune infiltration of two phenotypes. (B) Representative images of the pathological HE staining of the two phenotypes from the TCGA dataset. (C) The enrichment levels of immune cells in two phenotypes. *P< 0.05, ***P< 0.001.





Clinical significance of CuproScore

After confirming the prognostic significance and the critical role for the immune microenvironment of cuproptosis genes, we constructed a scoring model entitled CuproScore based on the 4 cuproptosis genes (which consist of FDX1, LIAS, PDHB, and MTF1) to measure the level of cuproptosis in ccRCC. Based on the median score, patients were ranked as high risk and low risk. By Kaplan-Meier analysis, we showed that the model could accurately predict prognosis, those with higher risk had a worse prognosis. This was confirmed in the KIRC cohort (Figure 4A), TCGA-KIRC (Figure 4B), and E-MTAB-1980 cohort (Figure 4C). In particular, through univariate (Figure 4D) and multivariate (Figure 4E) Cox analysis, we verified that the model could independently predict the prognosis of patients with ccRCC. Additively, univariate (Figure S3A) and multivariate (Figure S3B) outcomes signaled CuproScore as an independent prognostic measure for the E-MTAB-1980 cohort. Moreover, to facilitate clinician assessment, we also constructed nomo plots for presenting convenient quantitative methods applicable to predict patients’ 1-year, 3-year, and 5-year OS (Figure 4G) and confirmed the better prognostic, predictive validity of nomo plots by AUC curves (Figure 4H). Then, the donut chart summarizes the clinicopathological characteristics of the high- and low-risk groups (Figure 4F). To dig deeper, we aimed to use GSEA to explore the differences in intrinsic molecular mechanisms comparing the high- and low-risk groups and revealed that pathways associated with the high-risk group included cytokine receptor interaction, graft versus host disease, and primary immunodeficiency (Figure 4I), while pathways associated with the low-risk group included fatty acid metabolism, tight junction, and type II diabetes mellitus (Figure 4J).




Figure 4 | Clinical relevance and biological characteristics of CuproScore. Kaplan-Meier Curves for differential survival of two risk groups in the KIRC cohort (A), TCGA (B), and E-MTAB-1980 (C) cohort. Univariate (D) and multivariate (E) Cox regressions confirm CuproScore as an independent prognostic factor. (F) Clinical characteristics of the high and low scoring groups. (G) A nomogram for predicting the 1 year, 3 years, and 5 years survival rates of patients. (H) ROC curves for different risk factors. KEGG pathway enrichment analysis in the high-risk group (I) and low-risk group (J). *P< 0.05, **P< 0.01, ***P< 0.001.





Characterization of the immune microenvironment in CuproScore

The tumor immune microenvironment is firmly linked to patient prognosis and immunotherapeutic response (29). We glimpsed that the low-risk group seemed to possess far more infiltration of immune cells (TCGA pathology slide, Figure 5A). To further explore the potential relationship between the CuproScore model and the immune system, we first performed an immune infiltration correlation analysis presenting the correlation between scores and immune cell infiltration. As shown in Figure 5B, the cuproScore was negatively correlated with neutrophils and endothelial cells-related signature scores. The present study establishes that tumor mutational burden (TMB) is closely tied to prognosis, with high TMB hinting at a worse prognosis (30). Our results pointed to a positive association between risk score and TMB (Figure 5D), with higher TMB in the high-risk group (Figure 5C), which partially accounts for the worse prognosis. All in all, the intrinsic connection of the cuproScore with the immune microenvironment and TMB may explain, to some extent, the differences in prognosis between the different risk groups.




Figure 5 | The immune landscape of the high and low CuproScore groups. (A) Representative images of the pathological HE staining of the high or low-risk group from the TCGA dataset. (B) Bubble chart of the correlation between CuproScore and immune cells. (C) Comparative tumor mutation burden in high and low-risk groups. (D) Correlation analysis of CuproScores and tumor mutation burden. Differential expression of PD-L1 (E) and relative odds of response to anti-PD-1/PD-L1 antibody (F) in high and low-risk groups. Differential expression of CTLA4 (G) and relative odds of response to CTLA4 monoclonal antibody (H) in high and low-risk groups. Drug sensitivity analysis between high and low-risk groups, including Axitinib (I), Pazopanib (J), Sorafenib (K), and Sunitinib (L). *P< 0.05, **P< 0.01, ***P< 0.001.





CuproScore to predict immunotherapy response and chemotherapy agents’ sensitivity

Immunotherapy brings new promise to ccRCC patients (31). However, only a minority of patients are receiving the benefits of immunotherapy, and there is an urgent need to develop new predictive systems to identify those who have a high response to immunotherapy to guide clinical precision treatment. In the CuproScore system we constructed, there was a variable expression of PD-L1 and CTLA4 in the high- and low-risk groups, with PD-1 being highly expressed in the low-risk group (Figure 5E) while CTLA4 being highly expressed in the high-risk group (Figure 5G). Importantly, our scoring system was capable of predicting anti-PD-1 treatment response, i.e., the low-risk group had a higher response (Figure 5F). It must be acknowledged that our scoring system was not perfect and there was no significant difference in treatment response to CTLA4 between the high and low-risk groups (Figure 5H). Chemotherapy is still the traditional therapeutic approach for ccRCC (32), despite the boom in immunotherapy. We evaluated the response of high- and low-risk groups to four clinically available chemotherapeutic agents (Axitinib, Pazopanib, Sorafenib, Sunitinib). A ridge regression algorithm was applied to the GDSC cell line dataset to assess the IC 50 values for each ccRCC sample, apart from Pazopanib (Figure 5J) and Sorafenib (Figure 5K), Axitinib (Figure 5I) and Sunitinib (Figure 5L) showed lower IC 50 values in the low-risk values, which suggests that the low-risk group may be more sensitive to these agents.



Clinical validation of cuproptosis phenotypes and CuproScore in Taizhou cohort

Via profiling of the data, we constructed cuproptosis phenotypes and a neoteric CuproSocre system with superior prognostic predictive capabilities. This called for more practical testing, so in the Taizhou cohort, we performed qRT-PCR experiments on 127 tumor tissues and their corresponding normal samples to obtain the expression of genes (FDX1, LIAS, PDHB, and MTF1). Figure 6A displays that FDX1 and PDHB were considerably downregulated in the tumors. Furthermore, we classified the Taizhou cohort into two clusters, A and B, based on gene expression patterns. Here, patients in cluster B had a worse prognosis (Figure 6B), which validated the clustering strategy of ccRCC. Based on the formula for Cuproscore model, we partitioned the Taizhou cohort into the high- and low-risk groups, and the results of KM analysis showed that those in the high-risk group suffer a worse prognosis (Figure 6C), which was consistent with the KIRC cohort from the datasets.




Figure 6 | Clinical Validation of Cuproptosis Phenotypes and CuproScore. (A) Differential expression of FDX1, LIAS, PDHB, and MFT1 in Taizhou cohort. Kaplan-Meier Curves for differential survival of two cuproptosis phenotypes (B) and two risk groups (C) in Taizhou cohort. ***P< 0.001.





Clinical validation of FDX1 in ccRCC

FDX1 is one of the pivotal genes for cuproptosis, and we are particularly intrigued by its hidden biological role in KIRC. By TCGA pan-cancer expression analysis, we observed that FDX1 was heterogeneously expressed in a multitude of neoplasms and markedly downregulated in tumor tissues of KIRC (Figure 7A). Meanwhile, a meta-analysis disclosed that FDX1 performed as a preventive factor in KIRC (Figure 7B). All trails of evidence tend to highlight the potential status of FDX1 in ccRCC as a novel prognostic factor. To further ascertain this exhilarating result, we gathered pathological specimens, complete clinicopathological data, and follow-up information from 127 ccRCC patients in our hospital. The expression of FDX1 in tumor and adjacent normal kidney tissue sections of all patients was detected by immunohistochemistry (Figures 7L, M, S4). In agreeance with the outcomes of database analysis, FDX1 was significantly hyper expressed in the normal kidney while weakly expressed in the tumor (Figure 7C). Patients were divided into high and low expression groups based on the median IOD values, and we showed that the low expression group had an unfavorable prognosis (Figure 7D). Notably, FDX1 expression only partially differed in grade (Figure 7K), while there were no differential alterations in age (Figure 7F), gender (Figure 7G), T stage (Figure 7H), N stage (Figure 7I), and M stage (Figure 7J). This might be concern with the small sample size enrolled in the Taizhou cohort. Eventually, Figure 7E and Table S3 exhibit the clinicopathological features of our Taizhou cohort.




Figure 7 | Clinical validation of FDX1. (A) Differential expression of FDX1 in TCGA pan-cancer. (B) A meta-analysis of the prognosis of pan-cancer with FDX1. (C) Differential expression of FDX1 in normal and tumor tissues in the Taizhou cohort. (D) Overall survival differences between high and low FDX1 expression groups in the Taizhou cohort. (E) Table of clinicopathological characteristics of the Taizhou cohort. Differences in clinicopathological characteristics, including Age (F), and Gender (G), T stage (H), N stage (I), and M stage (J), Grade (K), between high and low FDX1 expression groups in the Taizhou cohort. (L) HE staining of tumors and adjacent normal renal tissues in Taizhou cohort. (M) Immunohistochemical detection of FDX1 in tumors and adjacent normal renal tissues in Taizhou cohort. *P< 0.05, **P< 0.01, ***P< 0.001.






Discussion

Cu impacts cell fate and is engaged in carcinogenesis (33). The newborn Cu-associated form of cell death, cuproptosis, is setting off a burning wave of research that could shed new light on oncotherapy (34). We focus on the critical role of cuproptosis in human cancers, especially ccRCC. In this work, we initially unveiled the multi-omic genetic landscape of cuproptosis genes in 33 neoplasms in humans, detecting their heterogeneous alterations and prognostic potential. Concretely, we clinically validated the pivotal gene for cuproptosis, FDX1. We polled ccRCC cohorts from 3 large tumor databases and identified two subtypes of cuproptosis in ccRCC. Furthermore, we constructed a new risk-prognosis model to facilitate the assessment of patient’s prognosis and response to therapies, labeled CuproScore, which is not as well able to delineate the difference in immune microenvironment status of patients, but also to discern patients’ response to partial immunotherapy and susceptibility to chemotherapeutic agents.

By locating that Cu levels in serum and tumor tissue are increased in cancer patients versus healthy individuals, combined with the knowledge that Cu might drive multiple modes of neoplastic cell death through a wide variety of mechanisms, including reactive oxygen species (ROS) accumulation, mitochondrial dysfunction, and anti-angiogenesis, researchers have demonstrated the participation of Cu in cancer therapies, such as chemokines, phototherapy, and chemotherapy (35, 36). Consequently, disruption of Cu homeostasis is an emerging strategy for anticancer therapy (37). A recent publication in Science revealed that intracellular Cu accumulation triggers the aggregation of mitochondrial lipid acylated proteins and destabilization of Fe-S cluster proteins, culminating in a unique type of cell death coined Cu toxicity (24). This breakthrough has ignited great enthusiasm for cuproptosis in the field of biology. The feeble expression of cuproptosis genes in certain cancers has been investigated, For instance, Goh W Q et al. observed that the DLAT was substantially upregulated in gastric cancer (38), while the FDX1 was decreased in lung adenocarcinoma (39), both of which are implicated in tumor progression by influencing tumor metabolic pathways. We also obtained confirmation of variable expression of cuproptosis genes in the tumor by pan-cancer analysis, hinting at a possible chance of targeting cuproptosis in tumors. Besides, epigenetic alterations are not only involved in tumorigenesis but also closely interlinked with tumor metastasis, recurrence, treatment, and prognosis (40, 41). We remarked extensive SNV, CNV, and methylation alterations of cuproptosis genes in carcinogenesis, which might help to interpret the genetic essence of cuproptosis affecting cancer prognosis in a multidimensional approach.

There is rising proof that cuproptosis is involved in innate and adaptive immune responses (42, 43), but its mechanism in reshaping the tumor microenvironment in ccRCC remains poorly understood. Following the expression profile of cuproptosis regulators, we characterized two cuproptosis-associated isoforms with different immune microenvironmental features. By calculating the correlation coefficient between immune infiltrating cells and different phenotypes, we figured out that B phenotypes with higher immune cell infiltration have a better prognosis, which is consistent with the classical findings that tumor-infiltrating CD8+ T cells are a sign of poor prognosis (44). Another contribution is that we created a scoring system to classify patients into high and low-risk groups based on cuproptosis-related genes. This scoring kit also correlates with tumor microenvironmental characterization of ccRCC and allows for a predictable prognosis.

ccRCC has a peculiar immunological profile in terms of pathogenesis and management that distinguishes it from other sorts of cancer that respond to ICI (10). Drug resistance is one of the crucial clinical burdens of ccRCC. The development of drug tolerance is down to numerous factors, ranging from impairment of apoptosis to infiltration of tumorigenic immune cells (45). Of late, new strategies have emerged as well, including immunotherapy, such as PD-1 inhibitors (Nivolumab) (46). Nonetheless, the overwhelming majority of patients respond minimally and treatment resistance is almost inevitable. In our CuproScore system, patients in the high-risk group featured a higher tumor mutational burden and less favorable response to anti-PD-1/PD-L1 therapy. This illustrates the power of the CuproScore to forecast the efficacy of PD-L1 immunotherapy. Likewise, in the case of traditional chemotherapy, it shows an extra capacity to predict patients’ sensitivity to partially medicine.

FDX1 is well known originally as an iron-sulfur protein participating in the synthesis of steroid hormones and the reduction of mitochondrial cytochromes (47, 48). More recently, investigators have revealed that it boosted elesclomol-induced Cu-dependent cell death and potentially offers fresh thoughts to heighten the efficacy of certain cancer-targeting drugs (24). It was noted in the latest articles that FDX1 is firmly associated with the metabolism of the three major nutrients (glucose, fatty acids, and amino acids) in lung adenocarcinoma and its down-regulated expression could be an indicator of poor prognosis (39). To our knowledge, the role of FDX1 on ccRCC has not been reported yet. It is the first time we found that it was statistically significantly down-regulated in ccRCC, with a pronounced impact on patient survival, as evidenced both by the results of genomic analysis of the database and by our clinical cohort.

We must admit that the present study contains certain limitations. Primarily, the validation cohort of this report is a single-center retrospective study and still awaits further validation by multi-center clinical cohort support. Despite the implementation of several immunohistochemical experiments, our findings imply that FDX1 may play an essential role in ccRCC, but more in-depth mechanisms lack exploration. Our team is handling further diligent work on this topic.



Conclusion

In outline, we comprehensively present a multi-omic landscape of the transcriptome, genome, and epigenome of cuproptosis genes in multiple human cancers, partially explaining the intrinsic mechanisms of cuproptosis genes carcinogenesis (Figure 8). Furthermore, we identified a new classification of ccRCC based on cuproptosis genes expression-based features and constructed a new risk-prognosis model, called CuproScore. These new conclusions, clinical classifications, and models will help provide fresh insight into the overall understanding of the role of cuproptosis in cancer and the development of new therapeutic targets for tumors. Nevertheless, these results still require further experiments and large-scale clinical practice.




Figure 8 | Tumor metabolism and cuproptosis mechanism. BCAAs: Branched-chain amino acids.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving human participants were reviewed and approved by the ethical review committee of Taizhou Hospital. The patients/participants provided their written informed consent to participate in this study. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



Author contributions

BC, ZH, and XZ participated in designing and writing the manuscript. All authors contributed to the article and approved the submitted version.



Funding

This work was sponsored by the National Natural Science Foundation of China (80212076) and Medical Health Science and Technology Project of Zhejiang Provincial Health Commission (2020384729).



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.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2022.925411/full#supplementary-material

Supplementary Figure 1 | Pan-cancer multi-omics expression and prognostic schema of cuproptosis genes. (A) The expression value of cuproptosis genes in the GTEx dataset. (B) Expression of cuproptosis genes in TCGA dataset. (C) Bubble chart of differences in the methylation of cuproptosis genes. (D) Waterfall diagram of somatic mutations in the 10 top cuproptosis genes with the most frequent mutations in pan-cancer. (E) CNV percentage of cuproptosis genes in each cancer. (F) Cox regression analysis of pan-cancer with cuproptosis genes.

Supplementary Figure 2 | Kaplan-Meier Curves for differential survival of two cuproptosis phenotypes in the merge cohort which contains two datasets: TCGA and E-MTAB-1980.

Supplementary Figure 3 | The application merit of CuproScore in the E-MTAB-1980 cohort. Univariate (A) and multivariate (B) Cox regressions confirm CuproScore as an independent prognostic factor in the E-MTAB-1980 cohort.

Supplementary Figure 4 | Immunohistochemical detection of FDX1 in tumors of different grades in Taizhou cohort.
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Gemcitabine (GEM), an antimetabolite that terminates DNA synthesis, is commonly used in the treatment of cancers including lung adenocarcinoma (LUAD). However, downregulation of sensitivity limits the therapeutic effect. Ferroptosis as the new form of regulated cell death has been shown to have great potential for cancer treatment with chemoresistance. Here, three genes with both ferroptosis and GEM-response-associated features were screened from RNA sequencing and public data for constructing an independent risk model. LUAD patients with different risk scores had differences in mutational landscape, gene enrichment pathways, and drug sensitivity. By Cell Counting Kit-8 assay, flow cytometry, and colony forming assay, we demonstrate that GEM and ferroptosis inducer (FIN) imidazole Ketone Erastin had a synergistic combined anti-proliferative effect on LUAD cells and knockdown of KIF20A (the core gene of our model) further enhanced cell death in vitro by inducing ferroptosis. In conclusion, we identified a link between ferroptosis and GEM response in LUAD cells and developed a robust signature that can effectively classify LUAD patients into subgroups with different overall survival. For LUAD, the combined treatment modality of GEM and FIN is potentially effective and KIF20A may be a new therapeutic target.
Keywords: lung adenocarcinoma, gemcitabine, ferroptosis, synergistic effect, risk model, KIF20A
INTRODUCTION
Lung cancer remains the leading killer of cancer deaths in both men and women (Siegel et al., 2022), and it is mainly divided into small cell lung cancer and non-small cell lung cancer (NSCLC), while lung adenocarcinoma (LUAD) accounts for 78% of NSCLC (Thai et al., 2021). Poor survival in LUAD is partly attributed to the fact that some LUAD patients have been diagnosed at distant metastatic stages or late stage. For advanced treatment, despite the greater advances in the use of targeted therapies for specific genetic mutations and immune checkpoint inhibitors, more patients benefit from a combination therapy approach with platinum, gemcitabine, paclitaxel, docetaxel and other drugs (Miller and Hanna, 2021; Thai et al., 2021).
Gemcitabine (GEM), a structurally similar compound to cytarabine, is converted intracellularly to the nucleotides gemcitabine diphosphate and triphosphate, the latter causing DNA chain termination and thus interfering with DNA synthesis (Mini et al., 2006). Early clinical trials have demonstrated that GEM is considered effective in the treatment of advanced NSCLC, both alone and in combination with Cisplatin (Mosconi et al., 1997; Sandler and Ettinger, 1999), and not only that, but GEM is also an effective radiosensitizer (Mornex and Girard, 2006). It is important to mention that intrinsic and acquired drug resistance has made GEM less effective for cancer treatment. Some mechanisms related to GEM resistance have been disclosed in recent years. For example, mTORC2 helps NSCLC cells evade GEM-induced cell death by regulating Ribonucleotide reductase activity and DNA replication (Tian et al., 2021). Coordinated metabolic reprogramming of HIF-1α/ABCB6 promotes reactive oxygen species (ROS) clearance directly contributing to the inhibition of apoptosis in tumor cells and the promotion of GEM resistance in NSCLC cancer (Xiang et al., 2022). Hence, exploring effective cell death may be beneficial to address the resistance of LUAD to GEM.
Ferroptosis, characterized by the iron-dependent accumulation of lipid ROS, is a non-apoptotic regulated cell death (RCD) that has received the most attention in recent years (Dixon et al., 2012). Ferroptosis has created new opportunities for the treatment of cancers that are not sensitive to chemotherapeutic agents (Friedmann Angeli et al., 2019; Lei et al., 2022). Notably, the use of experimental compounds such as erastin and RSL3, which can act as ferroptosis inducers (FINs) significantly enhanced the effects of some anticancer drugs. A study reported that suppression of cystine/glutamate antibody solute carrier family 7 member 11 (SLC7A11) by erastin and sulfasalazine to promote ferroptosis increased the sensitivity of drug-resistant head and neck cancer cells to Cisplatin (Roh et al., 2016). The combined treatment of Cisplatin and erastin also has a significant synergistic effect on proliferation inhibition in NSCLC cells (Guo et al., 2018). In addition, several FDA-approved drugs can also induce ferroptosis in cancer cells (Hassannia et al., 2019; Chen et al., 2021a). Ferroptosis inhibitors can partially block the cytotoxicity of sorafenib in Hepatocellular carcinoma (HCC) cells, suggesting that the anticancer effect of Sorafenib may be partially mediated by ferroptosis (Louandre et al., 2013). In the treatment of Pancreatic adenocarcinoma (PAAD), it has been reported that induction of ferroptosis may down-regulate GEM resistance (Yang J. et al., 2021). As a result, ferroptosis may play an active role in regulating GEM response in LUAD cells, and the identification of genes regulating GEM response and ferroptosis is important for investigating new therapeutic targets.
In this study, we identified ferroptosis-related genes (FRGs) which also regulated GEM response and constructed a prognostic model for clinical patient samples that showed high diagnostic accuracy and correlated with mutational landscape and drug sensitivity. Core genes KIF20A of the model may have a role in mediating LUAD sensitivity to GEM and the combination of GEM and IKE synergistically induced LUAD cell death in vitro. Our study may provide new molecular and therapeutic strategies for the treatment and prognosis of LUAD patients.
MATERIALS AND METHODS
Cell culture
Human embryonic kidney 293T cells, human bronchial epithelial-like cells 16HBE and LUAD cells (H358, PC9, HCC827, H1299, A549) were obtained from ATCC. 16HBE and 293T cells were maintained in DMEM (Gibco, Carlsbad, CA, United States); A549 cells were maintained in DMEM/F12 1:1 (Gibco, Carlsbad, CA, United States); other cells were maintained in RPMI 1640 (Gibco, Carlsbad, CA, United States). All media were supplemented with 10% fetal bovine serum (FBS, Gibco, Carlsbad, CA, United States), 100 mg/ml penicillin, and 100 mg/ml streptomycin solution. All cell lines are maintained at 37°C with 5% CO2 and tested negative for mycoplasma contamination.
RNA sequencing (RNA-seq)
A549 cells were treated with 20 nM GEM or PBS for 48 h. The cells were washed one time with pre-cooled PBS and lysed with 1 ml Total RNA Extraction Reagent (TRIzol, TR401-01, Vazyme, Nanjing, China). Total RNA was collected and sent to Shanghai Majorbio Bio-pharm Technology Co., Ltd. (Shanghai, China) for RNA expression profiling. The differentially expressed genes (DEGs) between the GEM-treated groups and control groups were screened using the “edgeR” R package (|FC|>1.2, p < 0.05).
Acquisition of public data
RNA-seq of 51 LUAD cell lines and half maximal inhibitory concentration (IC50) values for various drugs were downloaded from the Genomics of Drug Sensitivity in Cancer (GDSC, https://www.cancerrxgene.org/). Gene expression data and corresponding clinical information of LUAD patients and PAAD patients were obtained from The Cancer Genome Atlas (TCGA, https://cancergenome.nih.gov/) and Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo), and patients with one or more unavailable clinical features were excluded. A list of recognized FRGs was collected from FerrDb (http://www.zhounan.org/ferrdb/current/). DEGs were analyzed using the R package “limma.” RNA-seq data of normal lung tissue was downloaded from Genotype-Tissue Expression (GTEx, https://www.gtexportal.org). Immunohistochemical (IHC) staining data of KIF20A protein expression and distribution in LUAD tissues were obtained from the Human Protein Atlas (HPA) (Uhlen et al., 2015; Uhlen et al., 2017) (https://www.proteinatlas.org/).
Identification of genes associated with GEM response and ferroptosis
DEGs from A549 cells RNA-seq and DEGs from GDSC were cross-tabulated using the “Venn Diagram” R package to obtain genes associated with GEM response. Multifactorial Cox regression analysis of 264 ferroptosis driver genes and 240 suppressor genes (FRGs) in the TCGA-LUAD (n = 345) data and GSE97489 dataset (n = 393) was performed separately. Prognostic genes which were screened by hazard ratio (HR) > 1 were again intersected with GEM sensitivity-related genes, and the final candidate genes were identified. The “survival” “ggplot2” “vioplot” R package is used to present the connection between candidate gene expression and patient overall survival (OS), tumor stage and gene comparative expression in normal and tumor samples, respectively.
Construction and validation of model
The risk score for each patient was calculated using the formula: risk score = sum (each candidate gene expression × Multivariate Cox regression coefficient). From this, we ranked patients according to the risk score, with median groupings generating a low-risk group and a high-risk group. The R package “ggrisk” is utilized for risk plots. The heat map was completed using the “pheatmap” R package and shows the expression levels of candidate genes in the high-risk score group and the low-risk score group. The R packages “stats” “Rtsne”, “umapr”, and “ggbiplot” were used to genes downscale and visualize results of principal component analysis (PCA), t-distributed Stochastic Neighbor Embedding (t-SNE), and uniform manifold approximation and projection (UMAP), showing the distribution of different groups. To explore the difference in survival between high-risk and low-risk patients, “survival” R package was used for Kaplan-Meier (K-M) survival analysis. The “rms” R package is used to plot the nomogram which pooled model score, age, and tumor stage to calculate patient survival probability at 1, 3, and 5 years. Calibration curves are drawn to evaluate the accuracy of model. The “survival ROC” package (Heagerty and Zheng, 2005) plots the receiver operating characteristic (ROC) curves while calculating the area under the curve (AUC) at 1-, 3- and 5-year, respectively, confirming the reliability of the risk model.
Somatic mutation analyses and gene set enrichment analysis
The R package “maftools” is used to plot a waterfall of the mutation landscape, showing the genes with the highest mutation frequency (Top10). The DEGs of the high-risk and low-risk groups were screened using the “limma” R package (|FC|>1.5, p < 0.05). The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway for DEGs were used for enrichment analysis, which was performed using the “clusterProfiler” R package (Yu et al., 2012) and the results were plotted using the “ggplot2” R package for bubble and bar plots. Gene set variation analysis (GSVA) was performed based on the “GSVA” R package (Hanzelmann et al., 2013) and gene sets to measure the signaling pathway variation scores of each sample in different groups, with heatmap visualized using the “pheatmap” R package.
Drug sensitivity analysis
IC50 values for each drug in LUAD cell lines were derived from GDSC and the risk score of each LUAD cell line was calculated using the same formula as above: risk score = sum (each candidate gene expression × Multivariate Cox regression coefficient). The association of these IC50 values with risk scores, and candidate gene expression levels was interpreted using the “pRRophetic” “ggplot2” “vioplot” R packages.
Plasmids and lentiviral infection
To generate LUAD cells with knockdown KIF20A, we purchased KIF20A-shRNA as well as a scramble control vector from Genechem (https://www.genechem.com.cn; Shanghai, China). All constructs were confirmed by DNA sequencing. The target sequences used are as follows:
shCtrl: 5′- GCA​AGC​TGA​CCC​TGA​AGT​TCA-3′;
shKIF20A#1: 5′-CCT​GAA​GAA​ATA​GGT​CTC​TTT-3′;
shKIF20A#2: 5′-CCG​ATG​ACG​ATG​TCG​TAG​TTT-3′;
shKIF20A#3: 5′-CCG​TTC​CTG​CAT​GAT​TGT​CAA-3′.
shCtrl/shKIF20A plasmid and lentiviral packaging plasmid were transfected into 293T cells, and the virus supernatant was collected after 48 h, filtered through a 0.45 μm filter, and then infected with LUAD cells together with 1 μg/ml polybrene (C0351, Beyotime, Shanghai, China) and incubated for 48 h. The virus solution was replaced with fresh medium containing puromycin (ST551, Beyotime, Shanghai, China) for screening, and the final LUAD cell line with stable knockdown of KIF20A was obtained.
Western blot analysis
Detailed information about the Western blot analysis was previously described (Liang et al., 2022a). The antibodies used are as follows: β-actin antibody (AF7018, Affinity), KIF20A antibody (AF7664, Affinity), Goat Anti-Rabbit IgG (H + L) HRP (S0001, Affinity) and Goat Anti-Mouse IgG (H + L) HRP (S0002, Affinity).
Reverse transcription quantitative real-time PCR (RT-qPCR)
TRIzol was used to isolate total RNA, and HiScript® II Q RT SuperMix for qPCR (+gDNA wiper) kit (R223, Vazyme, Nanjing, China) was used to generate cDNA. The Bio-Rad CFX Connect Real-Time PCR System with MonAmp™ ChemoHS qPCR Mix (MQ00401S, Monad, Shanghai, China) was used to perform real-time PCR for detecting triplicate samples (Liang et al., 2022b). Normalization of relative gene expression was achieved by β-actin.
The KIF20A primers were designed as follows:
Forward Sequence: 5′- CAA​GAG​GCA​GAC​TTT​GCG​GCT​A -3′;
Reverse Sequence: 5′- GCT​CTG​GTT​CTT​ACG​ACC​CAC​T -3′.
The β-actin primers were designed as follows:
Forward Sequence: 5′-CAC​CAT​TGG​CAA​TGA​GCG​GTT​C-3′;
Reverse Sequence:5′-AGGTCTTTGCGGATGTCCACGT -3′.
Cell Counting Kit-8 assay
The LUAD cell line A549/PC9 was seeded at 2000 cells per well in 96-well plates and incubated overnight to allow cell attachment. Medium containing GEM (S1149, Selleck) or/and imidazole Ketone Erastin (IKE, S8877, Selleck) were added to the indicated wells and after 48 h incubation 100 µl of mixed medium containing 10% Cell Counting Kit-8 (CCK-8, A311-01, Vazyme, Nanjing, China) was added to each well and incubated for 2 h at 37°C, protected from light, followed by measurement of the absorbance of each sample at 450 nm using an enzyme marker (Biotek, United States) (Huang et al., 2022). The data were analyzed statistically using GraphPad Prism 8.02. The combination index (CI) of GEM and IKE was calculated using CompuSyn (Cambridge, United kingdom). CI = 1 or >1 indicates additive and antagonistic effects, respectively, while CI < 1 indicates synergistic effects.
Colony-forming assay
Approximately 500 LUAD cells were seeded into 6-well plates and cultured for 24 h, then cells were treated with either DMSO, 20nM/1000 nM GEM, 2 μM IKE or combination for 12 days. Cells were fixed in methanol for 15 min and stained with 0.1% crystal violet for 20 min (Liang et al., 2022a). Microscopy and ImageJ software were used to visualize and count the number of clones.
Lipid ROS measurement
For the lipid ROS assay, details were as described previously (Jiang et al., 2017). Briefly, cells were treated with IKE (5 μM) for 24 h and then resuspended in medium, followed by addition of 10 μM C11-BODIPY (Thermo Fisher, Cat# D3861) for 30 min under light-protected conditions. Cells were washed twice with PBS and then analyzed for lipid ROS production using a flow cytometer (FACSCCantoII, BD, United States).
Statistical analysis
All statistical analyses and plots were performed using R software (version 4.2.0) or GraphPad Prism (version 8.02). Comparisons between two groups were analyzed using Student’s t-test or Wilcoxon signed-rank test. Multivariate Cox regression analysis was performed to identify independent prognosis of FRGs. Spearman correlation analysis was used for correlation analysis between risk scores and drug IC50. Two-tailed p < 0.05 was considered statistically significant.
RESULTS
Three genes were screened for prognostic FRG concerning GEM response
To explore the link between GEM and ferroptosis, we used RNA-seq and bioinformatics for analysis. 7260 DEGs of A549 treated with GEM (20 nM) for 48 h versus control cells were presented using volcano plots (Figure 1A, |FC|>1.2, p < 0.05). 51 LUAD cell lines are ranked according to their GEM IC50 values from highest to lowest, with the top ten cells with IC50 values being considered relatively insensitive and the bottom ten cell lines being relatively sensitive. A volcano plot was drawn based on RNA-seq of these cell lines, showing the 63 DEGs of cells in the relatively insensitive group versus those in the sensitive group (Figure 1B, |FC| >1.2, p < 0.05). The DEGs of the two datasets were intersected and 38 genes were considered to be related to GEM response (Figure 1C). 222 and 176 prognostic FRGs (HR > 1) were subsequently identified in the TCGA-LUAD and GSE97489 cohorts, respectively, by multivariate Cox regression analysis. The table demonstrates the top 15 drivers or suppressors of ferroptosis by HR (Supplementary Table S1). Finally, we found three genes (FADS2, KIF20A and G6PD) present in the prognostic FRGs of TCGA-LUAD cohort and GSE97489 cohort, as well as associated with GEM response (Figure 1D). Based on the optimal truncation grouping, patients in TCGA-LUAD and GSE97489 were, respectively classified into FADS2 high and low expression groups. We noticed that the OS of the high expression group of FADS2 was significantly shorter than that of the low expression group, suggesting that FADS2 high expression was associated with poor prognosis of patients, and the same results were observed for KIF20A and G6PD (Figures 1E,F). GEM is mostly used for the advanced treatment of LUAD, and we found expression levels of the three prognostic genes were higher in LUAD stage III and IV than in stage I (Figures 1G,H). The results of tumor-node-metastasis (TNM) staging analysis also indicated that the expression of three prognostic genes was higher in N2 than in N0 stage (Supplementary Figure S1). In addition, FADS2, KIF20A and G6PD were all highly expressed in LUAD compared to normal lung tissue (n = 288, Figure 1I). Therefore, we screened for three GEM-response-associated prognostic FRGs, which were not only highly expressed in LUAD but also associated with shorter OS, and higher tumor stage in LUAD patients.
[image: Figure 1]FIGURE 1 | Three GEM response-related prognostic FGRs were screened. (A) A volcano plot of data obtained by RNA-seq comparing A549 cells exposed to GEM and PBS for 48 h. (B) The volcano map showing the DEG between non-sensitive LUAD cells and GEM-sensitive LUAD cells. (C) Venn diagram depicting 38 screened GEM response-related genes. (D) Venn diagram to identify the common FRGs of GEM response-related genes, TCGA-LUAD prognostic FRGs and GES72094 prognostic FRGs. (E,F) K-M curves for OS of LUAD patients with high and low expression groups of the three candidate genes. (G,H) Box plots showed the expression of three candidate genes in different tumor staging samples. (I) Violin plots for comparing the expression levels of three candidate genes in normal lung tissue and LUAD samples. FRGs: ferroptosis-related genes; GEM: Gemcitabine; TCGA_Fer: prognostic FRGs in TCGA-LUAD; GSE72094_Fer: prognostic FRGs in GSE72094; GDSC|A549: the intersection genes of DEGs in GEM-treated A549 and GDSC databases; RNA-seq: RNA sequencing; LUAD: lung adenocarcinoma; K-M analysis: Kaplan-Meier analysis; OS: overall survival; HR: hazard ratio. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; ns p > 0.05.
GEM response and ferroptosis related model was constructed and validated
We adopted TCGA-LUAD as the training cohort and GSE97489 as the validation cohort for the analysis of the prognostic model and named this model as GEM response and ferroptosis related model (GRFRM). Formula to calculate the risk value for each patient: risk score = FADS2 × 0.110 + KIF20A × 0.301 + G6PD × 0.092. Patients in training cohort (n = 345) and validation cohort (n = 393) were divided into high-risk and low-risk groups according to the median value of risk scores. The distribution of risk scores, survival status, and prognostic gene expression indicated that patients in the high-risk group had relatively high prognostic gene expression and a higher probability of death than patients in the low-risk group (Figure 2A). PCA, t-SNE and UMAP algorithms were performed to verify the independence of the two clusters, and all three approaches clearly distinguished the high- and low-risk clusters, justifying the grouping (Figures 2B–D). K-M survival analysis revealed that patients in the high-risk group had significantly worse OS than those in the low-risk group (p < 0.05, Figure 2E). We wondered whether the risk score of GRFRM was applicable to predict survival in patients with advanced LUAD. 82 patients in TCGA-LUAD were stage III or IV according to the WHO classification. We divided the 82 patients into high- and low-risk groups using optimal cut-off value, and the analysis showed that patients in the high-risk group had worse OS, which was also verified by the late-stage LUAD patients in GSE72094 (Figure 2F). We combined the TCGA-LUAD and GSE97489 cohorts’ patient risk score, age, and tumor stage to construct a nomogram to predict patient survival at 1-, 3-, and 5-year (Figure 2G). Calibration plots showed the accuracy of the nomogram predictions and AUC values corresponding to 1-, 3-, and 5-year survival probabilities were around 0.7, demonstrating the sensitivity and specificity of GRFRM for survival prediction (Figures 2H,I). Thus, these results suggest that the model we constructed shows a significant independent prognostic value.
[image: Figure 2]FIGURE 2 | A prognostic model to predict the survival of LUAD patients was constructed and validated. (A) Expression heat map of the three candidate genes, risk score curve and survival status scatter plot for each LUAD patient in training cohort and validation cohort, respectively. (B–D) PCA analysis, t-SNE analysis and UMAP analysis were used to verify the grouping performance of the prognostic model. (E) K-M curves for OS of LUAD patients in the high-risk and low-risk groups. (F) K-M curves for OS of advanced LUAD patients (stage III + IV) in the high-risk and low-risk groups. (G) Nomograms were constructed using three independent prognostic factors (risk score, age, and tumor stage) to predict OS at 1-, 3-and 5-year for LUAD patients. (H) The calibration plots assess the accuracy of the nomogram. (I) AUC of ROC curves for validating the accuracy of risk model 1-, 3- and 5-year survival predictions. LUAD: lung adenocarcinoma; TCGA: The Cancer Genome Atlas; PCA: principal component analysis; t-SNE: t-distributed Stochastic Neighbor Embedding; UMAP: uniform manifold approximation and projection; K-M analysis: Kaplan-Meier analysis; OS: overall survival; ROC: receiver operating characteristic; AUC: area under the curve; HR: hazard ratio. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; ns p > 0.05.
The GRFRM is extensively applicable to predict OS of PAAD patients
Not limited to LUAD treatment, GEM is also the standard chemotherapy agent for the treatment of late-stage PAAD (Vickers et al., 2012; Okusaka and Furuse, 2020). The induction of ferroptosis in PAAD cells has been shown to potentially give new hope for increasing GEM sensitivity (Tang et al., 2020; Yang J. et al., 2021), so we attempted to explore the applicability of GRFRM in PAAD patients. RNA-seq and clinical information of 173 samples in the TCGA-PAAD cohort were collected. FADS2, KIF20A and G6PD were all highly expressed in PAAD tissues (Figure 3A). The risk scores of each patient in the TCGA-PAAD cohort were calculated as above, and patients were divided into two groups with a median cut-off. More mortality events and higher prognostic gene expression were observed in the high-risk group (Figure 3B), suggesting that the high-risk score reflects the poor prognosis of PAAD patients. Similarly, performing the PCA, t-SNE, and UMAP algorithms validated the grouping (Figures 3C–E), and the K-M survival analysis indicated that patients in the high-risk group had worse OS (p < 0.05, Figure 3F). The accuracy of the nomogram used to predict the possibility of survival at 1, 3, and 5 years in patients with PAAD was validated (Figures 3G,H). The AUCs of the ROC at 1-, 3-, and 5-year were 0.62, 0.70, and 0.70, respectively, indicating the high sensitivity and specificity of the prognostic model for OS prediction (Figure 3I). The above analysis illustrates that the GRFRM we constructed is also a good predictor of survival in PAAD patients.
[image: Figure 3]FIGURE 3 | Construction of a PAAD prognostic model based on three candidate genes. (A) Comparison of the expression of three prognostic genes in normal (n = 167) and PAAD tissues (n = 173). (B) TCGA-PAAD patients were divided into two groups based on risk scores. (C–E) PCA, t-SNE, and UMAP analysis of TCGA-PAAD. (F) K-M analysis showed the OS of PAAD patients in the low- and high-risk groups. (G) A nomogram was constructed using risk score, age, and tumor stage. (H) The calibration curves for predicting PAAD patient OS at 1-, 3- and 5- year. (I) ROC analysis of 1-, 3- and 5- year OS in PAAD patients. PAAD: Pancreatic adenocarcinoma; TCGA: The Cancer Genome Atlas; PCA: principal component analysis; t-SNE: t-distributed Stochastic Neighbor Embedding; UMAP: uniform manifold approximation and projection; K-M analysis: Kaplan-Meier analysis; OS: overall survival; CI: combination index; ROC: receiver operating characteristic; AUC: area under the curve; HR: hazard ratio. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; ns p > 0.05.
Somatic mutation and functional enrichment analysis revealed differences between high- and low-risk groups
Somatic mutation analysis and functional enrichment analysis were performed in high and low-risk groups based on TCGA-LUAD data. Two waterfall plots showed the top 10 mutated genes in the high-risk and low-risk groups (Figure 4A), with TP53, TTN, and MUC16 as the most frequently altered genes (top 3) and missense mutations being the common mutation type in both groups. Interestingly, more samples with mutations were observed in the high-risk group (high: 91.9%, low: 80.2%), suggesting that the high-risk score may suggest a higher probability of mutations. In addition, the high-risk group had more patients with TP53 mutations (high: 63.5%, low: 43.5%), which may be associated with ferroptosis and worse survival. A total of 2483 DEGs, including 1059 up-regulated genes and 1424 down-regulated genes, were identified between the high-risk and low-risk groups (|FC|>1.5, p < 0.05, Figure 4B, Supplementary Table S2). The heat map showed the distribution of DEGs expression in the high-risk and low-risk groups (Figure 4C). According to the functional enrichment analysis of GO and KEGG pathways, most of the genes in the high-risk group were enriched in signaling pathways such as cell cycle, DNA replication, homologous recombination, and P53, indicating that the high-risk group may have stronger DNA damage repair ability, which is a factor of drug resistance (Pilie et al., 2019) (Figures 4D–F). According to the GSVA results, the high-risk group was enriched in drug resistance-related pathways, while fatty acid metabolism-related pathways (Shi and Tu, 2015) and pathways beneficial to lung cancer survival were highly enriched in the low-risk group (Figure 4G). Interestingly, enrichment of the EGFR pathway was also presented in the low-risk group, and its activation was shown to sensitize NSCLC cells to ferroptosis (Poursaitidis et al., 2017).
[image: Figure 4]FIGURE 4 | Somatic mutation analysis and functional enrichment analysis of DEGs in high- and low-risk groups. (A) The waterfall plots showed the somatic mutation landscape in high and low risk groups. (B) Volcano plot presenting the DEGs screened between the high- and low-risk groups. (C) The heat map showing the expression of DEGs in high and low-risk groups. (D) GO analysis of up-regulated and down-regulated genes in high-risk group were performed separately. (E,F) KEGG analysis revealed the main pathways involved in DEGs. (G) Pathway activities in high- and low-risk groups were analyzed using GSVA. DEGs: differentially expressed genes; GO: Gene Ontology; KEGG: Genes and Genomes; GSVA: Gene set variation analysis.
GRFRM suggests differences in anticancer drugs sensitivity in LUAD
Based on the IC50 of various anticancer agents obtained from GDSC for LUAD cell lines, we tried to explore the relationship between this GRFRM and drug sensitivity and the potential treatment mode for LUAD. GEM, Cisplatin and Docetaxel, and Vincristine are common chemotherapeutic agents used alone or in combination for LUAD (Thai et al., 2021), and we compared the risk scores of LUAD cell lines in the high IC50 and low IC50 groups for the four drugs, respectively (Figure 5A). The IC50 of GEM was higher in LUAD cell lines with higher risk scores, indicating that the decrease in risk was accompanied by an increase in sensitivity to GEM, which is consistent with our original intention of constructing a risk model. However, the opposite was true for Cisplatin, which may suggest that GEM may be a good choice in the case of insensitivity to Cisplatin therapy. The analysis of Docetaxel and Vinorelbine was not statistically different and therefore will not be further explored. Besides, we found that the expression levels of FADS2 and KIF20A were lower in GEM-sensitive cell lines, while the expression levels of KIF20A and G6PD were higher in Cisplatin-sensitive cell lines (Figure 5B). The above results were also verified using spearman correlation analysis (Figure 5C). Thus, we conclude that KIF20A is a core gene in this model and its high expression level is associated with this relatively high-risk score, as well as low GEM sensitivity and high Cisplatin sensitivity. Cisplatin, Lapatinib, Olaparib, Rapamycin, Sorafenib, Temozolomide (TMZ) and Vorinostat are reported FINs that are also available for LUAD therapy. Compared to the high-risk group, Lapatinib, Olaparib and Sorafenib had lower IC50 values in low-risk group, and these drugs may be able to produce a favorable effect in combination with GEM. Brain metastases are one of the most common events in advanced lung cancer, and TMZ is effective in brain metastasized NSCLC (Tsakonas et al., 2017). Here, the results of the TMZ analysis suggest a different message than the above drugs, and we suspect that as the risk score increases, the increased sensitivity of TMZ may be good for the therapy of LUAD in the case of brain metastases (Figure 5D).
[image: Figure 5]FIGURE 5 | Relationship between GRFRM risk score and drug sensitivity. (A) Correlation analysis of IC50 and risk scores for GEM and chemotherapeutic agents commonly combined with GEM for LUAD. (B) Comparison of the expression levels of three prognostic genes in GEM and Cisplatin high and low IC50 groups, respectively. (C) Spearman coefficients were used for correlation analysis of drug IC50 and risk scores, as well as correlation analysis of drug IC50 and expression levels of three candidate genes. (D) Drug sensitivity of 4 FINs available for LUAD treatment was associated with GRFRM risk scores. GRFRM: GEM response and ferroptosis related model; GEM: Gemcitabine; LUAD: lung adenocarcinoma; IC50: half maximal inhibitory concentration; FINs: ferroptosis inducers. *p < 0.05; **p < 0.01; ns p > 0.05.
GEM and IKE synergistically inhibit the proliferation of LUAD cells
GEM and the ferroptosis inducer IKE have been proved to be effective in inhibiting the proliferation of LUAD cells (Wang et al., 2021; Xiang et al., 2022), but it is not clear how the combination of the two works. LUAD cells A549 and PC9 were treated with different concentrations of GEM (0–200 nM/0–4000 nM) in combination without or with IKE (2 μM or 5 μM) for 48 h and cell proliferation was analyzed by the CCK8 assay. Our results showed that both 2 μM and 5 μM concentrations of IKE were effective in inhibiting the proliferation of A549 and PC9 cells in combination with GEM, and this inhibition had GEM concentration-dependent (Figure 6A,B). The CI was calculated and visualized by CompuSyn software. CI plots showed that most CI values were less than 1 in A549 and PC9 cells (Figure 6C,D), indicating a synergistic decrease in cell viability following the combination of GEM and IKE. To investigate whether this synergistic effect was associated with further enhancement of ferroptosis, we analyzed the RNA-seq data of A549 treated with GEM in combination with FRGs. The results showed that 55 ferroptosis driver genes including ALOX5, ACSL4 were up-regulated and 67 suppressors including KIF20A, FADS2, G6PD, SLC7A11, GPX4 were down-regulated in A549 after GEM treatment (Figure 6E,F). Thus, the change of FRGs expression may be the reason for the synergistic effect of GEM ferroptosis inducers IKE.
[image: Figure 6]FIGURE 6 | Combined treatment of GEM and IKE synergistically inhibited the proliferation of A549 and PC9. (A) A549 cell viability was assessed by CCK8 assay after treatment with different concentrations of GEM alone (0, 10, 50, 100 or 200 nM) or in combination with IKE (2 or 5 μM) for 48 h (B) PC9 cell viability was assessed by CCK8 assay after treatment with different concentrations of GEM alone (0, 100, 500, 1000 or 2000 nM) or in combination with IKE (2 or 5 μM) for 48 h (C,D) The software calculated and evaluated the combination index (CI) of GEM and IKE in A549 and PC9. CI = 1, additive; CI > 1, antagonism; CI < 1, synergism. (E) Venn diagram showing ferroptosis driver genes upregulated by GEM treatment in A549. (F) Venn diagram showing ferroptosis suppressors downregulated by GEM treatment in A549. n = 3. GEM: Gemcitabine; IKE: Imidazole Ketone Erastin; CCK8 assay: Cell Counting Kit-8 assay; CI: combination index.
Knockdown of KIF20A enhanced the combined effect of GEM and IKE
Based on above results, KIF20A is a key gene in this prognostic model and has a potential role in regulating the combination of GEM and IKE. Additionally, KIF20A has been shown to promote proliferation of LUAD cells and mediate colorectal cancer (CRC) resistance to Oxaliplatin by inhibiting ferroptosis (Zhao et al., 2018; Yang C. et al., 2021). We first downloaded IHC images (https://www.proteinatlas.org/ENSG00000112984-KIF20A/pathology/lung+cancer#) from the HPA database and observed that KIF20A stained positive and generally strong in LUAD tissues, mainly located in the nuclear of LUAD cells (Figure 7A). Compared with 16HBE, KIF20A was highly expressed in A549, PC9 and H1299 cell lines (Figures 7B,C), so we selected A549 and PC9 for KIF20A knockdown and verified the knockdown effect by western blot analysis (Figure 7D), with shKIF20A#3 selected for subsequent experiments. Production of lipid ROS is one of the classical features of ferroptosis occurrence. We found that the depletion of KIF20A increased lipid ROS in A549 and PC9 cells after being treated with IKE for 24 h (Figure 7E), suggesting that knockdown of KIF20A may have increased IKE-induced ferroptosis. In addition, CCK8 experiments demonstrated that knockdown of KIF20A resulted in PC9 and A549 being more sensitive to GEM (Figure 7F). IKE inhibited LUAD cell colony formation when used alone and significantly inhibited cell proliferation when co-treated with GEM (Figure 7G). More interestingly, knockdown of KIF20A enhanced the anti-proliferative effects of GEM and IKE alone and in combination (Figure 7G). Taken together, these results suggest that combined treatment with GEM and IKE has a strong synergistic anticancer effect on LUAD cells and that knockdown of KIF20A enhances this effect, thus KIF20A may be an essential linker between GEM response and ferroptosis in LUAD cells.
[image: Figure 7]FIGURE 7 | KIF20A was highly expressed in LUAD cells and regulated the combined effect of GEM and IKE. (A) IHC staining of KIF20A protein in LUAD tissues was analyzed based on the HPA database. (B) Western blot analysis was used to detect KIF20A protein levels in human bronchial epithelial-like cells (16HBE) and LUAD cell lines (H358, PC9, HCC8217, H1299, A549). (C) RT-qPCR for detection of KIF20A mRNA levels in 16HBE and LUAD cell lines. (D) Western blot analysis for detecting knockdown of KIF20A in PC9 and A549. (E) Lipid ROS production was measured by flow cytometry using C11-BODIPY. A549/PC9 cells were treated with IKE for 24 h (F) CCK8 assay to detect the IC50 value of GEM in A549/PC9 after KIF20A knockdown. (G) Colony-forming Assay to assess the effect of KIF20A knockdown on the combined IKE and GEM. n = 3. LUAD: lung adenocarcinoma; GEM: Gemcitabine; IHC: Immunohistochemical; RT-qPCR: Real-Time Quantitative PCR; ROS: reactive oxygen species; IKE: Imidazole Ketone Erastin; IC50: half maximal inhibitory concentration; CCK8 assay: Cell Counting Kit-8 assay; G + I: Gemcitabine + IKE. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; ns p > 0.05.
DISCUSSION
Since the discovery of the novel RCD ferroptosis, a growing number of studies have shown that ferroptosis induction significantly inhibits cancer progression, and it is expected to bring hope for the treatment of cancer with apoptosis defects (Friedmann Angeli et al., 2019; He et al., 2021). Patients who have a defect in intrinsic sensitivity or downregulated extrinsic sensitivity of GEM may also benefit from the induction of ferroptosis. Glutathione peroxidases 4 (GPX4) catalyzes the reduction of cellular lipid peroxidation to avoid its deleterious effects and is considered to be a central inhibitor of ferroptosis (Yang et al., 2014). Zhu et al. (2017) revealed that the heat shock 70 kDa protein 5 (HSPA5) interacts with GPX4 protein in pancreatic ductal adenocarcinoma cells to inhibit ferroptosis, and they observed that inhibition of the HSPA5-GPX4 pathway enhanced the sensitivity of GEM in vitro and in vivo. Acyl-CoA synthetase long-chain family member 4 (ACSL4) acts as a lipid metabolizing enzyme to add coenzyme A to arachidonic acid and positively regulates ferroptosis occurrence (Chen et al., 2021b). Ye et al. (2020) showed that knockdown of ADP Ribosylation Factor 6 can enhance RSL3-induced ferroptosis by regulating ACSL4, which partially enhanced the sensitivity of PAAD cells to GEM. In addition, GEM can also induce the accumulation of ROS, which may further induce the development of ferroptosis (Ju et al., 2015). Recent reports on biomaterials suggest that GEM-loaded carbonaceous nanoparticles can enhance the synergistic anticancer effects of ferroptosis and GEM chemotherapy (Zhang et al., 2022). However, the above studies are limited to PAAD, and robust evidence on the association between ferroptosis and GEM response in LUAD is not available to illustrate.
Based on RNA-seq of GEM-treated A549, GDSC data, TCGA cohort and GEO dataset, we originally screened FRGs with survival prognostic features and correlated with GEM sensitivity. Three identified candidate genes, FADS2, KIF20A, and G6PD, were highly expressed in LUAD tissues and their high expression correlated with poor patient prognosis, and tumor stage. The fatty acid desaturase 2 (FADS2) is a rate-limiting enzyme in polyunsaturated fatty acid (PUFA) desaturation and can regulate GPX4 expression (Park et al., 2015; Xuan et al., 2022). Researchers observed increased iron levels and lipid ROS in A549 cells with knockdown of FADS2, as well as more marked erastin-induced cell death events (Jiang et al., 2017). The enzyme glucose-6-phosphate dehydrogenase (G6PD) is involved in the maintenance of redox homeostasis as a catalytic enzyme of the oxidative pentose phosphate pathway and may be a therapeutic target for cancers (Yang et al., 2019; Ghergurovich et al., 2020). Kinesin family member 20A (KIF20A) is engaged in the cytoplasmic division, organelle transport and cell-directed motility (Taniuchi et al., 2005; Mandal et al., 2019; Wu et al., 2019). Overexpression of KIF20A has been reported to be associated with cancer progression and chemoresistance in NSCLC, CRC and HCC (Zhao et al., 2018; Xie et al., 2020; Wu et al., 2021) Yang C. et al. (2021) reported that KIF20A induced NUAK1 activation upregulating GPX4 levels, which maintained intracellular redox homeostasis and inhibited ferroptosis, ultimately leading to CRC resistance to oxaliplatin. More interestingly, in a phase I clinical trial, researchers combined a KIF20A-derived peptide with GEM as a novel immunotherapeutic agent to treat advanced PAAD patients and achieved longer overall survival, suggesting the role of KIF20A as an anticancer therapeutic target and the possibility of modulating GEM sensitivity (Suzuki et al., 2014). Before this study, it was unknown whether KIF20A could affect the sensitivity of LUAD cells to GEM by regulating ferroptosis. We demonstrate that knockdown of KIF20A enhanced induced ferroptosis and the sensitivity of LUAD cells to GEM, and GEM in combination with the IKE which can induce ferroptosis also had a synergistically anti-proliferation effect, which was further enhanced in the presence of KIF20A knockdown.
A risk model constructed from three candidate genes divides LUAD patients into low- and high-risk scoring groups with different OS, making it easier to use ferroptosis regulators to predict survival outcomes in LUAD patients. Patients in the high-risk group had worse overall survival than those in the low-risk group, and the same results were also seen in the group of patients with advanced LUAD. Compared to the low-risk group, there were more patients with somatic mutations in the high-risk group. TP53 mutations affect ferroptosis-related metabolism and are detrimental to the survival of cancer patients (Jiang et al., 2015), and we observed the presence of TP53 somatic mutations in 63.5% of patients in the high-risk group. In addition, KEGG and GSVA analysis revealed that ferroptosis-related signaling pathways such as P53, GEM anti-cancer mechanism-related signaling pathways such as DNA replication, and cellular recycling pathways were significantly enriched in the high-risk group, while fatty acid metabolic signaling pathways were enriched in the low-risk group. These results provide further evidence for differences in ferroptosis and GEM response between the two groups. Besides, drugs sensitivity analysis showed that GEM, Lapatinib, Olaparib, and Sorafenib are ideal for LUAD patients in the low-risk score group, while Cisplatin treatment was the opposite, which may guide different treatment modalities in the two groups. For example, FIN lapatinib combined with GEM may achieve a triple anti-cancer effect of targeted therapy, chemotherapy therapy, and induction therapy of ferroptosis in a low-risk group (Oh and Bang, 2020; Su et al., 2020).
In contrast to other reported ferroptosis-related prognostic models, we introduced the requirement of drug sensitivity correlation in the screening of genes, which emphasizes the intrinsic relationship between ferroptosis and drug sensitivity and makes the GRFRM a more powerful guide for drug use. Some limitations of our study still exist. The effectiveness of the constructed model needs to be further validated by other clinical studies in the future. Further experiments to validate and analyze the relationship between KIF20A, ferroptosis, and GEM response are also necessary.
CONCLUSION
In conclusion, we developed and validated a signature with three FRGs for probing the relationship between ferroptosis and GEM response and predicting OS of LUAD patients, and our study demonstrated that GEM and the ferroptosis inducer IKE synergistically inhibited the proliferation of LUAD cells. Targeting the FRG KIF20A can enhance ferroptosis and modulate the combination of GEM and IKE, which might serve as a therapeutic target in LUAD.
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GLOSSARY
NSCLC non-small cell lung cancer
LUAD lung adenocarcinoma
GEM Gemcitabine
ROS reactive oxygen species
RCD regulated cell death
FINs ferroptosis inducers
HCC Hepatocellular carcinoma
SLC7A11 solute carrier family seven member 11
PAAD Pancreatic adenocarcinoma
FRGs ferroptosis-related genes
FBS fetal bovine serum
RNA-seq RNA sequencing
TRIzol Total RNA Extraction Reagent
DEGs differentially expressed genes
IC50 half maximal inhibitory concentration
GDSC Drug Sensitivity in Cancer
TCGA The Cancer Genome Atlas
GEO Gene Expression Omnibus
GTEx: Genotype-Tissue Expression
IHC Immunohistochemical
HPA Human Protein Atlas
HR hazard ratio
OS overall survival
t-SNE t-distributed Stochastic Neighbor Embedding
UMAP uniform manifold approximation and projection
PCA principal component analysis
K-M survival analysis Kaplan-Meier survival analysis
ROC receiver operating characteristic
AUC area under the curve
GO Gene Ontology
KEGG Kyoto Encyclopedia of Genes and Genomes
GSVA Gene set variation analysis
RT-qPCR Real-Time Quantitative PCR
CCK8 assay Cell Counting Kit-8 assay
IKE Imidazole Ketone Erastin
CI combination index
GRFRM GEM response and ferroptosis related model
CRC colorectal cancer
TMZ Temozolomide
GPX4 glutathione peroxidases four
HSPA5 heat shock 70 kDa protein five
ACSL4 Acyl-CoA synthetase long-chain family member four
FADS2 fatty acid desaturase two
PUFA polyunsaturated fatty acid
G6PD glucose-6-phosphate dehydrogenase
KIF20A Kinesin family member 20A
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Background: Pyroptosis is an important component of the tumor microenvironment and associated with the occurrence and progression of cancer. As the expression of pyroptosis-related genes and its impact on the prognosis of colon cancer (CC) remains unclear, we constructed and validated a pyroptosis-related genes signature to predict the prognosis of patients with CC.
Methods: Microarray datasets and the follow-up clinical information of CC patients were obtained from the Gene Expression Omnibus (GEO) and the Cancer Genome Atlas (TCGA) databases. Candidate genes were screened out for further analysis. Various methods were combined to construct a robust pyroptosis-related genes signature for predicting the prognosis of patients with CC. Based on the gene signature and clinical features, a decision tree and nomogram were developed to improve risk stratification and quantify risk assessment for individual patients.
Results: The pyroptosis-related genes signature successfully discriminated CC patients with high-risk in the training cohorts. The prognostic value of this signature was further confirmed in independent validation cohort. Multivariable Cox regression and stratified survival analysis revealed this signature was an independent prognostic factor for CC patients. The decision tree identified risk subgroups powerfully, and the nomogram incorporating the gene signature and clinical risk factors performed well in the calibration plots.
Conclusion: Pyroptosis-related genes signature was an independent prognostic factor, and can be used to predict the prognosis of patients with CC.
Keywords: pyroptosis, colon cancer, genes signature, prognosis, immunotherapy
INTRODUCTION
Worldwide, colon cancer (CC) ranks the fifth most frequent cancer and leading cause of cancer death, as nearly 1.10 million newly diagnosed cases and 0.58 million deaths reported in 2020 (Sung et al., 2021). With the development of precision medicine, significant efforts have been made to refine the personalized management of CC. Generally, surgery, neoadjuvant and adjuvant treatments are the cornerstone in the treatment of early-stage CC. For advanced CC, various active drugs were involved, which included multidrug-chemotherapy regimens, targeted therapies (e.g., Bevacizumab, Cetuximab, Regorafenib), and immunotherapies. Besides, strategies for individual patients are mainly based on prognostic factors which have been verified in previous studies, such as the ratio of positive lymph node, the status of microsatellite instability (MSI) (Ribic et al., 2003; Sargent et al., 2010; Sabbagh et al., 2014; Gill et al., 2015). However, the value of existing prognostic markers is not sufficient. For example, it is well established that patients with stage III CC could benefit from the adjuvant therapy of fluoropyrimidines alone, as the risk of death decreases 10–15% (Twelves et al., 2005). But for stage II disease, the adjuvant chemotherapy does not improve survival by more than 5%. (Quasar Collaborative Group et al., 2007). In addition, the predictive value of microsatellite instability (MSI) remains controversial. A retrospective study conducted by Sargent et al. indicated that in stage II CC with defective DNA mismatch repair (dMMR), adjuvant therapy was associated with reduced overall survival (Sargent et al., 2010). In contrast, by analyzing data from QUASAR study, Hutchins G et al. found, that dMMR could not predict benefit or detrimental impact of chemotherapy (Hutchins et al., 2011). This finding has been borne out in another study as well (Bertagnolli et al., 2011). Therefore, discovery of new biomarkers is required to discriminate high-risk subsets who most likely benefit from treatment and avoid unnecessary toxicities.
Pyroptosis in the form of a novel cell death, plays an important role in the development of cancer. As Kolb R et al. summarized the role of various inflammasome factors in cancer progression and therapy, the key components of pyroptosis, such as gasdermin (GSDM) proteins, were identified associated with tumorigenesis, invasion, and metastasis (Kolb et al., 2014). Meanwhile, the impact of the GSDM on the occurrence and prognosis of lung adenocarcinoma (LUAD) was evaluated by Wei J et al. The results indicated that GSDMC is significantly upregulated in LUAD tissues and the overexpression of GSDMC was an independently negative prognostic factor in patients with LUAD (Wei et al., 2020). In addition, pyroptosis could also active and promote the release of inflammatory cytokines, leading to the epithelial-to-mesenchymal transition (EMT), cancer invasion and migration (Tulotta et al., 2019; Fang et al., 2020).
Based on these findings, significant efforts have been made to identify the implication of pyroptosis in various cancer types. And existing evidence verified that pyroptosis-related genes could be served as independent prognostic factors in some solid tumors, such as hepatocellular carcinoma (HCC), gastric cancer (GC), and ovarian cancer (OC) (Shao et al., 2021; Ye et al., 2021; Zheng et al., 2021). For example, Zheng S et al. developed five pyroptosis-related gene signature to analyze its survival prediction value in HCC. The results suggested the signature could well predict the outcomes of HCC patients (Zheng et al., 2021). These findings have been borne out in other studies, as pyroptosis-related genes were identified as an important role to predict adverse prognosis and guide treatment in GC and OC patients (Shao et al., 2021; Ye et al., 2021).
Furthermore, with the growing field of immune oncology, increasing attention has been focused on the role of pyroptosis-related gene signature in immunotherapy response. Wang Q et al. demonstrated, that inflammation triggered by pyroptosis could synergize the efficacy of anti-PD-1 therapy (Wang et al., 2020a). However, its functional impact in CC remained a critical knowledge gap. Thus, we performed a systematic study to explore the pyroptosis-related genes and their prognostic value for patients with CC. The association between the gene signature and immune microenvironment was also validated.
METHODS
Dataset
The methods have been well-established in previous studies (Irizarry et al., 2003; Sun et al., 2020). Briefly, a total of 1086 CC patients were included in our study across different platforms. The microarray dataset GSE14333 downloaded from Gene Expression Omnibus (GEO) was used as train set, while GSE226, GSE17536, GSE177, GSE41258, and GSE250 were integrated into a new validation cohort. Meanwhile, the RNA-seq data of 432 CC patients with corresponding clinical information was downloaded from The Cancer Genome Atlas (TCGA), as another validation set. The sva package (COMBAT) was used to remove the batch effects, while the robust multichip average (RMA) algorithm was performed to normalize the raw CEL files. All microarray and RNA-seq data were log2 transformed.
Development and validation of the pyroptosis-related genes prognostic model
Thirty-three pyroptosis-related genes were extracted from previously published studies and presented in Supplementary Table S1 (Barbie et al., 2009; Liberzon et al., 2011; Wang et al., 2018a; Tang et al., 2020; Yu et al., 2021). Based on these genes, a single-sample gene set enrichment analysis (ssGSEA) was used to construct the pyroptosis-related risk score (PRS). To evaluate the significance of different cancer hallmarks in CC, univariate Cox proportional-hazards (Cox-PH) regression model was performed, which was based on the R package ‘survival’. The package of ‘wgcna’ (weighted gene co-expression network analysis) was performed to identify the module which was most correlated with pyroptosis based on transcriptome profiling data and ssGSEA scores. Subsequently, a least absolute shrinkage and selection operator (LASSO) Cox regression model was utilized to narrow down the candidate genes, screening out the most robust prognostic markers. The PRS was established as follows, and the Z-score method was used to normalize ssGSEA scores and PRS when necessary:
[image: image]
Patients with CC from GEO and TCGA were divided into low- and high-risk according to the median risk score. Kaplan-Meier analysis was employed to compare the OS between the two groups. With the R package ‘survival ROC’, time-dependent receiver operating characteristic (tROC) analysis was performed, and the areas under the curve at different time points [AUC(t)] of all the variables were compared. To evaluate the prognostic value in the pooled cohort, meta-analysis (I2 > 30%, random-effects model) was conducted. And non-negative matrix factorization (NMF) consensus clustering was used to divide one cohort without a full-scale gene signature expression pattern into different clusters according to the best k value with the R package ‘nmf’.
Independent prognostic analysis of PRS
Clinical information of CC patients was extracted from the GEO and TCGA (Supplementary Table S2), then was analyzed in the regression model, combined with PRS. Univariate and multivariable Cox regression models were employed for the analysis. A decision tree for risk stratification with the R package ‘rpart’ was constructed, using recursive partitioning analysis (RPA). A nomogram and a calibration curve were plotted using the R package ‘rms’.
Functional enrichment analysis
The GSEA analysis was also performed to identify the differential Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways, as well as the relevance between the PRS and immune cells.
Drug sensitivity
Spearman correlation analysis was performed to analysis the relationship between the prognostic pyroptosis-related genes and drug sensitivity.
RESULTS
Pyroptosis is the risk factor for overall survival in CC patients
First, we identified that pyroptosis was an independent risk factor among various cancer hallmarks for patients with CC. The correlation between the candidate pyroptosis-related genes was presented in Figure 1A. Survival-related genes were screened out by univariate Cox regression analysis. With the criteria of p < 0.05, eleven genes stood out (ZBP1, SCAF11, PRKACA, NOD2, GZMA, GSDMD, CASP8, CASP5, CASP3, CASP1 and APIP), and were identified as low-risk factors (Hazard ratio (HR) < 1), except for PRKACA (HR > 1) (Figure 1B).
[image: Figure 1]FIGURE 1 | Identify the pyroptosis-related genes. (A) The correlation heatmap containing the candidate pyroptosis-related genes. (Red: positive correlation; Blue: negative correlation. The strength of the relevance was represented by the depth of the color). (B) Univariate cox regression analysis of OS for each pyroptosis-related genes. (C) Patients with low-risk scores had a survival advantage over patients with high-risk scores. (D) Pyroptosis ssGSEA scores were significantly elevated in patients who died during follow up. (E) Kaplan–Meier curves for the OS of patients in the high- and low-risk groups. (F) ROC curves indicated the predictive efficiency of the risk score.
Based on the Z-scores of the pyroptosis ssGSEA score, 654 CC patients were divided into low- and high-risk subgroups equally. Patients with low-risk scores had a survival advantage over that with high-risk scores Figures 1C, D shows that Z-scores of the pyroptosis ssGSEA were significantly elevated in dead patients compared with patients alive during the follow-up. Statistical difference in overall survival (OS) was observed between two subgroups (p < 0.0001, Figure 1E). As tROC demonstrated, the area under the ROC curve (AUC) was 0.70 for 96-months, 0.68 for 60-months, 0.68 for 36-months and 0.65 for 24-months survival (Figure 1F).
Establishment of pyroptosis-related genes signature for prognosis
Next, we tried to screen out the promising candidates, in order to establish a robust pytoptosis-related gene signature to predict the survival of CC patients. Using whole-transcriptome profiling data and pyroptosis ssGSEA Z-scores in the training set, WGCNA was developed. With an optimal threshold power of β = 5 (Supplementary Figure S1), 26 non-grey modules were generated (Figure 2A). The module which was considered the most correlated with pyroptosis was represented by lightcran (r = 0.39, p = 3e-25) (Figures 2B,C). Hub genes extracted from the lightcran module were used for further univariate Cox regression analysis, with a threshold of p value for GS set as <0.0001. With a threshold of p value for uni-Cox of <0.05, 67 potential candidates were identified (Figure 2D). Among of them, 45 were protective markers, while 22 were risk markers. Furthermore, the most robust markers for prognosis were identified by the LASSO Cox regression model. To address the over-fitting, ten-fold cross-validation was applied, with selected optimal λ value of 0.0249 (Figures 2E,F). After validation, with individual nonzero LASSO coefficients, CCDC88A, SYNGR1, SEPRINB9, ZAF804A, ADORA3, MYO5A, RAB38, TREM2, CTSW, CD3G, TSGA10, XCL1, CLEC2D, IL17RA, TRAF1, NCR3, KDM4A, FFAR2, IGFLR1, CD300C, IL12RB1, CYSLTR1, ACOT11, ST3GAL5, KLRD1, SLAMF1 and SOCS1 remained. The distribution of LASSO coefficients of the gene signature was presented in Figure 2G. As a result, the PRS formula was developed as follows:[image: image]. The expression level of each gene was log2 normalized.
[image: Figure 2]FIGURE 2 | Construction of risk signature in the training cohort. (A) WGCNA was performed with whole-transcriptome profiling data and pyroptosis ssGSEA Z-score. (B) A total of 26 non-grey modules were identified after merging. (C) The red module depicting the highest correlation (r = 0.18, p = 3e-06) was considered the most correlated with pyroptosis. (D) Sixty-seven promising candidates were identified among hub genes extracted from the red module. (E,F) The LASSO Cox regression model was used to identify the most robust markers, with an optimal λ value of 0.0617. (G) Distribution of LASSO coefficients of the pyroptosis-related gene signature.
PRS is an accurate predictor for overall survival of CC patients
Subsequently, the prognostic value of PRS was evaluated in the training and independent validation cohorts. In the training set, risk markers positively correlated with pyroptosis accumulated more in the high-PRS group, compared with the low-PRS group (Figure 3A). Furthermore, the follow-up data indicated that the risk score significantly decreased in patients alive (Figure 3B). As Kaplan–Meier survival curve indicated, patients with lower PRS enjoyed a statistically significant survival benefit than its competitor (p < 0.0001, Figure 3C). Multivariate Cox regression model involved various clinicopathological factors was performed, and the results revealed that TNM stage and PRS were two independent risk factors for OS (Figure 3D). In addition, tROC analysis suggested that PRS was an accurate variable to predict the survival of CC patients (Figure 3E).
[image: Figure 3]FIGURE 3 | The gene signature predicts worse survival in the training set. (A) GSEA confirmed the status of pyroptosis in the two subgroups. (B) The follow up data indicated that PRS significantly decreased in patients alive. (C) Kaplan–Meier survival curve showed that patients with lower PRS enjoyed better outcomes. (D) Multivariate Cox regression analysis demonstrated that PRS was an independent risk factor for OS. (E) tROC analysis suggested that PRS was an accurate variable for predicting the survival.
The robustness of predictive value of the pyroptosis-related genes signature was also validated in other independent cohorts. Briefly, higher enrichment score of pyroptosis gene set was confirmed in the high-PRS group in the validation I cohort (Figure 4A). Also, patients alive had lower PRS, compared with the deceased (p < 0.0001, Figure 4B). Kaplan-Meier analysis confirmed the survival benefit in patients with lower PRS in the validation cohort (p < 0.0001, Figure 4C). Furthermore, NMF consensus clustering was used to divide both TCGA and GEO cohort into two groups (Figures 4D,E). The division was based on the best k value, which was the remaining expression pattern of the gene signature. The results revealed statistical difference in OS between NMF-derived groups (Figures 4F,G). Moreover, multivariate Cox regression analysis conquered that PRS was an independent risk factor for OS, not only in the training and validation cohort (Figure 4H), but also in the all cohorts (Figure 4I).
[image: Figure 4]FIGURE 4 | Validation of the gene signature in different series. (A) TCGA confirmed the pyroptosis status in the validation cohort. (B) PRS was significantly decreased in patients alive in the validation cohort. (C) Patients with lower PRS exhibited better prognosis in the validation cohort. (D,E) The best k value was chosen for NMF consensus clustering in the TCGA (Figure 4D) and GEO (Figure 4E) cohorts. (F,G) Statistical difference in OS was observed in NMF-derived clusters based on the expression pattern of the gene signature (TCGA: Figure 4F; GEO: Figure 4G). (H,I) Multivariate Cox regression analysis indicated that PRS was an independent risk factor for OS in the training and validation cohorts (Figure 4H), as well as in the all cohorts (Figure 4I).
PRS acts as an indicator of worse prognosis in the pooled cohort and a promising marker of therapeutic resistance
To evaluate the prognostic value of the pyroptosis-related genes signature in the pooled cohort including the training and validation cohorts, meta-analysis was performed. The results suggested that CC patients with higher PRS had worse prognosis than those with lower PRS (pooled Hazard ratio (HR) = 2.63, 95% CI 2.07–3.35) (Figures 5A,B). Subsequently, 1,096 patients were extracted for further investigation. PRS Z-scores were significantly elevated in those patients who died during the follow-up, especially in patients with shorter survival (Figure 5C). When the candidate patients were divided into virous subgroups, based on different clinicopathological features (age, sex and stage), PRS also helped to screen out high-risk patients with poor prognosis (Figure 5D).
[image: Figure 5]FIGURE 5 | The gene signature serves as a valuable marker for poor survival in the pooled cohort. (A) Meta-analysis in the training and validation cohorts. (B) Meta-analysis for subgroup analysis. (C) PRS Z-scores were significantly elevated in deceased patients. (D) PRS discriminated high-risk patients in different clinicopathological including gender, age, and p-stage.
Since limited evidence can be reached, we explored whether the pyroptosis-related genes signature contributed to disease recurrence and chemotherapy resistance. As shown in Figure 6A, GSEA suggested that higher PRS is not only significantly associated with resistance to chemotherapy drugs, including cisplatin and fluorouracil, but also with disease recurrence.
[image: Figure 6]FIGURE 6 | The pyroptotic-related gene signature is a promising marker of therapeutic resistance. (A) GSEA confirmed that the gene signature was associated with therapeutic resistance. (B) PRS is negatively associated with virous cancer therapeutic pathways. (C) PRS is related to immunosuppressive cells. (D) A landscape plot was conducted to depict the relationships between different molecules and the pyroptosis-related gene signature. (E) The ratio of worse outcomes after surgery is greatly elevated in higher PRS group. (F–H) Low-PRS is a prognostic marker of a more favorable outcome in different subgroups (6F: drugs; 6G: surgery; 6H: location of primary tumor).
PRS was associated with immune cells, rather than cancer therapeutic pathways
Further functional assays indicated that PRS was negatively associated with virous cancer therapeutic pathway (Figure 6B). In addition, we found PRS was positively related to immune cells, such as induced dendritic cells (iDC), macrophages, neutrophils, and natural killer (NK) cells. In contrast, PRS was negatively associated with Th1, Th2, Th17, and Treg cells (Figure 6C).
By using GSCALite, a landscape plot was generated to depict the relationships between the response to drugs and pyroptosis-related genes signature (Figure 6D). The results were presented as the bubble heatmap. Specifically, CCDC88A was associated with multi-drug resistance, while CYSLTR1, CLECC2D and CD3G contributed to drug sensitivity.
Medical information from TCGA were used to validate the prediction. As Figure 6E shown, although statistical difference was not reached, the disease control rate (DCR) was much higher in patients with low-PRS (88 vs. 83%, p = 0.092). Moreover, low-PRS is a prognostic marker of more favorable outcome among CC patients who received anti-cancer drugs (p = 0.032) (Figure 6F) or surgery (p = 0.026) (Figure 6G). When patients were stratified by the location of tumor, low-PRS group still had a survival advantage over high-PRS group (p < 0.0001) (Figure 6H).
Combination of the pyroptosis signature and clinicopathological features improves risk stratification and survival prediction
Finally, a decision tree improving risk stratification for OS was constructed, as 1,096 patients with four parameters available, age (>70 or ⩽70), sex (male or female), TNM stage (<IV or ≥ IV) and PRS (low or high) were included. The results indicated that only TNM stage and PRS remained, as three different risk subgroups were identified (Figure 7A). Furthermore, in the node of stage < IV, PRS took the place of TNM stage. Kaplan-Meier analysis indicated that statistical difference of OS was reached among the three subgroups (p < 0.0001) (Figure 7B).
[image: Figure 7]FIGURE 7 | Combination of the pyroptosis signature and clinicopathological features improves risk stratification and survival prediction. (A) A decision tree was constructed to improve risk stratification. (B) Performance of the decision tree. (C) A nomogram was constructed to quantify risk assessment for individual patients. (D) Calibration analysis indicated a high accuracy of survival prediction. (E,F) tROC analysis and decision curve analysis (DCA) demonstrated that the nomogram was the most stable and powerful predictor for OS among all the clinical variables.
A nomogram with PRS combined with other clinicopathological features was subsequently developed, aiming to quantify the risk assessment and survival probability for individual CC patients (Figure 7C). In the calibration analysis, all the prediction lines closed to the ideal performance (45-degree dotted line) (Figure 7D), validating the accuracy of the nomogram. As shown in Figure 7E, tROC analysis indicated that nomogram was the most powerful predictive factor. The clinical benefit of the nomogram was also demonstrated in decision curve analysis (DCA) (Figure 7F).
DISCUSSION
In current study, we identified pyroptosis was an independently risk factor for CC patients. Then combined methods were used to construct a pyroptosis-related genes prognostic model. The prognostic value of PRS, derived from the gene signature, was validated in independent cohorts. Further analysis suggested that PRS could be served as an independent risk factor to identify patient population with high-risk. Functional analyses indicated that PRS was negatively associated with virous pathways, but related to immune cells.
Pyroptosis, an inflammatory type of regulated cell death, is characterized by cell swelling, lysis, and the release of many proinflammatory factors, such as IL-1β and IL-18 (Tang et al., 2020). In the past decade, the relationship between pyroptosis and cancer development have attracted widespread attention. Existing evidence suggested that pyroptosis may impact the proliferation, invasion, and metastasis of tumor, making it a promising therapeutic target (Shi et al., 2015; Wang et al., 2018a; Yu et al., 2021). For example, by comparing samples from patients with esophageal cancer, Wang F et al. identified that pyroptosis promoted the progression of esophageal cancer, as the activation levels of pyroptosis-associated factorss, caspase-1, IL-1β and IL-18, were elevated in cancer tissues (Wang et al., 2018a). This finding has been conquered in cervical cancer, since cervical cancer cells released more IL-18 and IL-1β than normal cervical epithelial cells (Yu et al., 2021). Also, some individual pyroptosis genes have been studied, such as NOD2 in colorectal cancer (Couturier-Maillard et al., 2013; Branquinho et al., 2016), gasdermin B (GSDMB) in digestive system (Zhou et al., 2020), and Gasdermin D (GSDMD) in gastric cancer (Wang et al., 2018b). But how pyroptosis-related genes interact and whether they are related to the survival of patients with cancer remained little known. In addition, the influence of gene signatures may vary in different cancer types. Inconsistent with previous studies, lower expression of pyroptosis-associated factors was identified in HCC (Chen et al., 2018). Thus, it is worthy to establish a pyroptosis-related risk score for patients with CC.
Here, we developed a pyroptosis-related gene panel to predict the prognosis of CC patients. Previously, a constructed study was performed by Zhuang Z et al. to explore the prognostic value of pyroptosis-related genes in patients with CC (Zhuang et al., 2021). Similar results were conquered in our study. Notably, little different from Zhuang Z’s study, more microarray datasets were applied in our studies. Dataset GSE14333 was used as train set, and another five datasets from GEO were integrated into a new validation cohort, as well as dataset from TCGA. And we subsequently constructed a decision tree to improve risk stratification for survival, while a nomogram was built to quantify risk assessment and survival probability. In addition, more comprehensive gene panel was used in our study, compared with a five pyroptosis-related gene signature for HCC and a seven-gene signature for OC (Ye et al., 2021; Zheng et al., 2021).
Among genes in our panel, few of them showed evident correlations with cancer or pyroptosis in previous studies. The protective value of ACOT11, ST3GAL5, and SERPINB9 has been validated in renal cell carcinoma, bladder cancer and colorectal cancer (Vycital et al., 2019; Ouyang et al., 2020L; Xu et al., 2020), while MYO5A, RAB38, and CYSLTR1 were involved in cancer progression (Ohd et al., 2003; Lan et al., 2010; Hsieh et al., 2019; Li et al., 2019). Regarded as an endogenous inhibitor of Granzyme B, higher expression of SERPINB9 in patients with colorectal cancer was associated with superior OS (Vycital et al., 2019). Meanwhile, Xu CL et al. used different microarray dataset to measure the expressions of ACOTs in paired normal and clear cell renal cell cancer (ccRCC) tissues. The results confirmed the high diagnostic value of ACOT11 for this patient population, since its expression was significantly downregulated in ccRCC samples. Further survival analysis indicated ccRCC patients with low expression of ACOT11 seems had better OS than its competitor, although the p value did not reach statistical significance (Xu et al., 2020). On the other hand, MYO5A has been found to partake in the metastasis of cancer, as it was positively correlated with the expression of Snail, which could trigger the epithelial-mesenchymal transition (Lan et al., 2010). As a member of RAB family, the cancer promoting effects of RAB38 has been verified in pancreatic cancer, since RAB38 was correlated with progression in patients with pancreatic adenocarcinoma. And downregulation of RAB38 could suppressed the proliferation and migration of pancreatic cancer cells (Li et al., 2019). As for SOCS1, a biomarker with the largest protective coefficient in our study, was widely recognized as a tumor suppressor. However, its role in CRC remains controversial. Hanada T et al. found, through the IFN gamma/STAT1 pathways, SOCS1 could prevents chronic inflammation-mediated carcinogenesis (Hanada et al., 2006). Inconsistent with this finding, another study suggested, that SOCS1 may work as an oncogene in CRC (Tobelaim et al., 2015). Therefore, the biological functions of pyroptosis-related genes require further investigation in CC.
After the selection of pyroptosis-related genes signature, the PRS was constructed. Our findings were in line with published studies. Patients with lower PRS had favorable survival, compared with those with higher PRS. Potential reasons contributed to this finding, as higher PRS was significantly associated with drugs resistance, as well as disease recurrence. Previous studies have been powered to investigate the involvement of pyroptosis in cancer treatment (Westbom et al., 2015; Wang et al., 2020b). For example, Wang X et al. found, the treatment of Taxol triggered pyroptotic death in nasopharyngeal cancer cell line, which was mediated by Caspase-1 and GSDMD (Wang et al., 2020b). Meanwhile, based on a series of experiments conducted by Westbom C et al., the results suggested that doxorubicin and cisplatin could activate Caspase-1 and pyroptosis, inducing the death of cancer cells (Westbom et al., 2015). As limited evidence implicated the correlation between pyroptosis and disease recurrence, our findings need to be confirmed.
Over time, there has been an increasing interest to explore the impact of pyroptosis on tumor immune microenvironment. Study conducted by Wang Q et al suggested, tumor-suppressed immune cells are recruited by tumor cells undergoing pyroptosis (Wang et al., 2020a), which was in line with the study performed by Zhang Z et al. (Zhang et al., 2020). Meanwhile, Wang et al. found, with the concomitant induction of pyroptosis, immunotherapy could efficiently kill a specific group of tumor cells, natural resistant to immunotherapy (Wang et al., 2020a). Previous studies confirmed the predictive value of PRS in immune response. After stratified by PRS, less immune cells infiltrated in patients with higher scores, or patients with low-score usually showed better response to immunotherapy. Interestingly, Ye Y et al. found, higher proportion of Treg was found in the low-risk group (Ye et al., 2021). As Treg was redeemed as immunosuppressive and associated with poor outcomes, possible reason for this discrepancy is, the regulation of the inflammatory reaction caused by pyroptosis requires Treg. In our study, functional assays indicated PRS is closely related to immunosuppressive cells, including Treg. Notably, Saito T identified two main subtypes of Treg in colon cancers, which had opposite roles in the regulation of the tumor microenvironment (Saito et al., 2016). Therefore, it is worthy to further identify the specific subtype of Treg correlated to PRS.
Currently, our study is not without limitations. This study is limited by its retrospective nature. As little evidence could be reached, our findings should be conquered by further studies. And Basic experiment is necessary to verity the molecular mechanisms.
CONCLUSION
In summary, we established a pyroptosis-related genes signature to discriminate CC patients with different risk and predict the survival outcomes of this patient population. Further decision tree and nomogram confirmed the predictive value of pyroptosis-related genes signature. Our model could be a useful tool to select high-risk CC patients and facilitate individual management of CC.
DATA AVAILABILITY STATEMENT
The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.
AUTHOR CONTRIBUTIONS
KZ and XG performed the literature search and bioinformatics analysis; HT participated in the bioinformatics analysis and wrote the original draft; TY, CL, ZD, and JL helped with the data collection and analysis; HS conceived the study, helped with data analysis and interpretation, and revised the manuscript. All the authors read and approved the final manuscript.
FUNDING
This work was supported by the National Natural Science Foundation of China (No. 82003195), the China Postdoctoral Science Foundation (No. 2022T150454 and 2020M680150), and the Natural Science Foundation of Sichuan Province (No. 2022NSFSC1326).
ACKNOWLEDGMENTS
The authors would like to thank TCGA (http://cancergenome.nih.gov) for data collection, and the TIMER (https://cistrome.shinyapps.io/timer) for the provision of data processing and customizable functions.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fphar.2022.1004425/full#supplementary-material
REFERENCES
 Barbie, D. A., Tamayo, P., Boehm, J. S., Kim, S. Y., Moody, S. E., Dunn, I. F., et al. (2009). Systematic RNA interference reveals that oncogenic KRAS-driven cancers require TBK1. Nature 462 (7269), 108–112. doi:10.1038/nature08460
 Bertagnolli, M. M., Redston, M., Compton, C. C., Niedzwiecki, D., Mayer, R. J., Goldberg, R. M., et al. (2011). Microsatellite instability and loss of heterozygosity at chromosomal location 18q: Prospective evaluation of biomarkers for stages II and III colon cancer--a study of CALGB 9581 and 89803. J. Clin. Oncol. 29 (23), 3153–3162. doi:10.1200/JCO.2010.33.0092
 Branquinho, D., Freire, P., and Sofia, C. (2016). NOD2 mutations and colorectal cancer - where do we stand?World J. Gastrointest. Surg. 278 (4), 284–293. doi:10.4240/wjgs.v8.i4.284
 Chen, Y. F., Qi, H. Y., and Wu, F. L. (2018). Euxanthone exhibits anti-proliferative and anti-invasive activities in hepatocellular carcinoma by inducing pyroptosis: Preliminary results. Eur. Rev. Med. Pharmacol. Sci. 22 (23), 8186–8196. doi:10.26355/eurrev_201812_16511
 Couturier-Maillard, A., Secher, T., Rehman, A., Normand, S., De Arcangelis, A., Haesler, R., et al. (2013). NOD2-mediated dysbiosis predisposes mice to transmissible colitis and colorectal cancer. J. Clin. Invest. 123 (2), 700–711. doi:10.1172/JCI62236
 Fang, Y., Tian, S., Pan, Y., Li, W., Wang, Q., Tang, Y., et al. (2020). Pyroptosis: A new frontier in cancer. Biomed. Pharmacother. 121, 109595. doi:10.1016/j.biopha.2019.109595
 Gill, S., Haince, J. F., Shi, Q., Pavey, E. S., Beaudry, G., Sargent, D. J., et al. (2015). Prognostic value of molecular detection of lymph node metastases after curative resection of stage II colon cancer: A systematic pooled data analysis. Clin. Colorectal Cancer 14 (2), 99–105. doi:10.1016/j.clcc.2014.12.005
 Quasar Collaborative Group Gray, R., Barnwell, J., McConkey, C., Hills, R. K., Williams, N. S., et al. (2007). Adjuvant chemotherapy versus observation in patients with colorectal cancer: A randomised study. Lancet 370 (9604), 2020–2029. doi:10.1016/S0140-6736(07)61866-2
 Hanada, T., Kobayashi, T., Chinen, T., Saeki, K., Takaki, H., Koga, K., et al. (2006). IFNgamma-dependent, spontaneous development of colorectal carcinomas in SOCS1-deficient mice. J. Exp. Med. 12203 (6), 1391–1397. doi:10.1084/jem.20060436
 Hsieh, J. J., Hou, M. M., Chang, J. W., Shen, Y. C., Cheng, H. Y., and Hsu, T. (2019). RAB38 is a potential prognostic factor for tumor recurrence in non-small cell lung cancer. Oncol. Lett. 18 (3), 2598–2604. doi:10.3892/ol.2019.10547
 Hutchins, G., Southward, K., Handley, K., Magill, L., Beaumont, C., Stahlschmidt, J., et al. (20111201). Value of mismatch repair, KRAS, and BRAF mutations in predicting recurrence and benefits from chemotherapy in colorectal cancer.Epub 2011 Mar 7. Erratum in. J. Clin. Oncol.J Clin. Oncol. 2929 (1021), 12612949–12612970. doi:10.1200/JCO.2010.30.1366
 Irizarry, R. A., Hobbs, B., Collin, F., Beazer-Barclay, Y. D., Antonellis, K. J., Scherf, U., et al. (2003). Exploration, normalization, and summaries of high density oligonucleotide array probe level data. Biostatistics 4 (2), 249–264. doi:10.1093/biostatistics/4.2.249
 Kolb, R., Liu, G. H., Janowski, A. M., Sutterwala, F. S., and Zhang, W. (2014). Inflammasomes in cancer: A double-edged sword. Protein Cell 5 (1), 12–20. doi:10.1007/s13238-013-0001-4
 Lan, L., Han, H., Zuo, H., Chen, Z., Du, Y., Zhao, W., et al. (2010). Upregulation of myosin Va by Snail is involved in cancer cell migration and metastasis. Int. J. Cancer 1126 (1), 53–64. doi:10.1002/ijc.24641
 Li, B. Y., He, L. J., Zhang, X. L., Liu, H., and Liu, B. (2019). High expression of RAB38 promotes malignant progression of pancreatic cancer. Mol. Med. Rep. 19 (2), 909–918. doi:10.3892/mmr.2018.9732
 Liberzon, A., Subramanian, A., Pinchback, R., Thorvaldsdóttir, H., Tamayo, P., and Mesirov, J. P. (2011). Molecular signatures database (MSigDB) 3.0. Bioinformatics 27 (12), 1739–1740. doi:10.1093/bioinformatics/btr260
 Ohd, J. F., Nielsen, C. K., Campbell, J., Landberg, G., Löfberg, H., and Sjölander, A. (2003). Expression of the leukotriene D4 receptor CysLT1, COX-2, and other cell survival factors in colorectal adenocarcinomas. Gastroenterology 124 (1), 57–70. doi:10.1053/gast.2003.50011
 Ouyang, S., Liu, J. H., Ni, Z., Ding, G. F., and Wang, Q. Z. (2020l). Downregulation of ST3GAL5 is associated with muscle invasion, high grade and a poor prognosis in patients with bladder cancer. Oncol. Lett. 20 (1), 828–840. doi:10.3892/ol.2020.11597
 Ribic, C. M., Sargent, D. J., Moore, M. J., Thibodeau, S. N., French, A. J., Goldberg, R. M., et al. (2003). Tumor microsatellite-instability status as a predictor of benefit from fluorouracil-based adjuvant chemotherapy for colon cancer. N. Engl. J. Med. 349 (3), 247–257. doi:10.1056/NEJMoa022289
 Sabbagh, C., Mauvais, F., Cosse, C., Rebibo, L., Joly, J. P., Dromer, D., et al. (2014). A lymph node ratio of 10% is predictive of survival in stage III colon cancer: A French regional study. Int. Surg. 99 (4), 344–353. doi:10.9738/INTSURG-D-13-00052.1
 Saito, T., Nishikawa, H., Wada, H., Nagano, Y., Sugiyama, D., Atarashi, K., et al. (2016). Two FOXP3(+) CD4(+) T cell subpopulations distinctly control the prognosis of colorectal cancers. Nat. Med. 22 (6), 679–684. doi:10.1038/nm.4086
 Sargent, D. J., Marsoni, S., Monges, G., Thibodeau, S. N., Labianca, R., Hamilton, S. R., et al. (2010). Defective mismatch repair as a predictive marker for lack of efficacy of fluorouracil-based adjuvant therapy in colon cancer. J. Clin. Oncol. 28 (20), 3219–3226. doi:10.1200/JCO.2009.27.1825
 Shao, W., Yang, Z., Fu, Y., Zheng, L., Liu, F., Chai, L., et al. (2021). The pyroptosis-related signature predicts prognosis and indicates immune microenvironment infiltration in gastric cancer. Front. Cell Dev. Biol. 9, 676485. doi:10.3389/fcell.2021.676485
 Shi, J., Zhao, Y., Wang, K., Shi, X., Wang, Y., Huang, H., et al. (2015). Cleavage of GSDMD by inflammatory caspases determines pyroptotic cell death. Nature 526 (7575), 660–665. doi:10.1038/nature15514
 Sun, J., Zhao, T., Zhao, D., Qi, X., Bao, X., Shi, R., et al. (2020). Development and validation of a hypoxia-related gene signature to predict overall survival in early-stage lung adenocarcinoma patients. Ther. Adv. Med. Oncol. 12, 1758835920937904. doi:10.1177/1758835920937904
 Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A., et al. (2021). Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. Ca. A Cancer J. Clin. 71 (3), 209–249. doi:10.3322/caac.21660
 Tang, R., Xu, J., Zhang, B., Liu, J., Liang, C., Hua, J., et al. (2020). Ferroptosis, necroptosis, and pyroptosis in anticancer immunity. J. Hematol. Oncol. 1013 (1), 110. doi:10.1186/s13045-020-00946-7
 Tobelaim, W. S., Beaurivage, C., Champagne, A., Pomerleau, V., Simoneau, A., Chababi, W., et al. (2015). Tumour-promoting role of SOCS1 in colorectal cancer cells. Sci. Rep. 22 (5), 14301. doi:10.1038/srep14301
 Tulotta, C., Lefley, D. V., Freeman, K., Gregory, W. M., Hanby, A. M., Heath, P. R., et al. (2019). Endogenous production of IL1B by breast cancer cells drives metastasis and colonization of the bone microenvironment. Clin. Cancer Res. 25 (9), 2769–2782. doi:10.1158/1078-0432.CCR-18-2202
 Twelves, C., Wong, A., Nowacki, M. P., Abt, M., Burris, H., Carrato, A., et al. (2005). Capecitabine as adjuvant treatment for stage III colon cancer. N. Engl. J. Med. 352 (26), 2696–2704. doi:10.1056/NEJMoa043116
 Vycital, O., Pitule, P., Hosek, P., Kriz, T., Treska, V., and Liska, V. (2019). Expression of serpin B9 as a prognostic factor of colorectal cancer. Anticancer Res. 39 (11), 6063–6066. doi:10.21873/anticanres.13813
 Wang, F., Li, G., Ning, J., Chen, L., Xu, H., Kong, X., et al. (2018). Alcohol accumulation promotes esophagitis via pyroptosis activation. Int. J. Biol. Sci. 14 (10), 1245–1255. doi:10.7150/ijbs.24347
 Wang, Q., Wang, Y., Ding, J., Wang, C., Zhou, X., Gao, W., et al. (2020). A bioorthogonal system reveals antitumour immune function of pyroptosis. Nature 579 (7799), 421–426. doi:10.1038/s41586-020-2079-1
 Wang, W. J., Chen, D., Jiang, M. Z., Xu, B., Li, X. W., Chu, Y., et al. (2018). Downregulation of gasdermin D promotes gastric cancer proliferation by regulating cell cycle-related proteins. J. Dig. Dis. 19 (2), 74–83. doi:10.1111/1751-2980.12576
 Wang, X., Li, H., Li, W., Xie, J., Wang, F., Peng, X., et al. (2020). The role of Caspase-1/GSDMD-mediated pyroptosis in Taxol-induced cell death and a Taxol-resistant phenotype in nasopharyngeal carcinoma regulated by autophagy. Cell Biol. Toxicol. 36 (5), 437–457. doi:10.1007/s10565-020-09514-8
 Wei, J., Xu, Z., Chen, X., Wang, X., Zeng, S., Qian, L., et al. (2020). Overexpression of GSDMC is a prognostic factor for predicting a poor outcome in lung adenocarcinoma. Mol. Med. Rep. 21 (1), 360–370. doi:10.3892/mmr.2019.10837
 Westbom, C., Thompson, J. K., Leggett, A., MacPherson, M., Beuschel, S., Pass, H., et al. (2015). Inflammasome modulation by chemotherapeutics in malignant mesothelioma. PLoS One 2110 (12), e0145404. doi:10.1371/journal.pone.0145404
 Xu, C. L., Chen, L., Li, D., Chen, F. T., Sha, M. L., and Shao, Y. (2020). Acyl-CoA thioesterase 8 and 11 as novel biomarkers for clear cell renal cell carcinoma. Front. Genet. 1011, 594969. doi:10.3389/fgene.2020.594969
 Ye, Y., Dai, Q., and Qi, H. (2021). A novel defined pyroptosis-related gene signature for predicting the prognosis of ovarian cancer. Cell Death Discov. 7 (1), 71. doi:10.1038/s41420-021-00451-x
 Yu, P., Zhang, X., Liu, N., Tang, L., Peng, C., and Chen, X. (2021). Pyroptosis: Mechanisms and diseases. Signal Transduct. Target. Ther. 6 (1), 128. doi:10.1038/s41392-021-00507-5
 Zhang, Z., Zhang, Y., Xia, S., Kong, Q., Li, S., Liu, X., et al. (2020). Gasdermin E suppresses tumour growth by activating anti-tumour immunity. Nature 579 (7799), 415–420. doi:10.1038/s41586-020-2071-9
 Zheng, S., Xie, X., Guo, X., Wu, Y., Chen, G., Chen, X., et al. (2021). Identification of a pyroptosis-related gene signature for predicting overall survival and response to immunotherapy in hepatocellular carcinoma. Front. Genet. 12, 789296. doi:10.3389/fgene.2021.789296
 Zhou, Z., He, H., Wang, K., Shi, X., Wang, Y., Su, Y., et al. (2020). Granzyme A from cytotoxic lymphocytes cleaves GSDMB to trigger pyroptosis in target cells. Science 29 (6494), 368eaaz7548. doi:10.1126/science.aaz7548
 Zhuang, Z., Cai, H., Lin, H., Guan, B., Wu, Y., Zhang, Y., et al. (2021). Development and validation of a robust pyroptosis-related signature for predicting prognosis and immune status in patients with colon cancer. J. Oncol. 2021, 5818512. doi:10.1155/2021/5818512
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Zhou, Gu, Tan, Yu, Liu, Ding, Liu and Shi. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


ORIGINAL RESEARCH

published: 29 September 2022

doi: 10.3389/fonc.2022.1009984

[image: image2]


The role and therapeutic significance of the anoikis pathway in renal clear cell carcinoma


Jin Wang †, Xiaochen Qi †, Qifei Wang * and Guangzhen Wu *


Department of Urology, The First Affiliated Hospital of Dalian Medical University, Dalian, China




Edited by: 

Zhi-Yao He, Sichuan University, China

Reviewed by: 

Jingchao Liu, Peking Union Medical College, China

Huihuang Li, Xiangya Hospital, Central South University, China

*Correspondence: 

Guangzhen Wu
 wuguang0613@hotmail.com

Qifei Wang
 wangqifei6008@hotmail.com











†These authors share first authorship


Specialty section: 
 This article was submitted to Pharmacology of Anti-Cancer Drugs, a section of the journal Frontiers in Oncology


Received: 02 August 2022

Accepted: 08 September 2022

Published: 29 September 2022

Citation:
Wang J, Qi X, Wang Q and Wu G (2022) The role and therapeutic significance of the anoikis pathway in renal clear cell carcinoma. Front. Oncol. 12:1009984. doi: 10.3389/fonc.2022.1009984



Anoikis is a specialized mode of programmed cell death. Specifically, once cells detach from the original extracellular matrix, an apoptotic program is initiated, preventing colonization of the cells in distant parts of the organ. Therefore, both distant metastasis and colonization of cancer cells rely on the anoikis resistance of cancer cells. Bioinformatics analysis was performed to confirm the relation of anoikis to kidney renal cell carcinoma (KIRC). To construct a prognostic model for patients with KIRC, we investigated several genes of the anoikis pathway most closely related to KIRC and also contrasted the effects of common anticancer drugs on the KIRC pathway. Besides KIRC, we explored the expression of anoikis-related genes in various other cancers. We classified patients with KIRC into three clusters based on the coefficients and mRNA expression levels of anoikis-related genes selected using the GSVA algorithm. We used the GDSC database to predict the response of the anoikis pathway to common anticancer drugs and explored the potential targets of the anoikis pathway in KIRC. We then analyzed the response of common immunotherapies to the anoikis pathway to analyze the correlation between anoikis and immune checkpoint inhibitor therapy. Finally, eleven cancer-related genes were screened and a prognostic model was constructed using LASSO regression.
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Introduction

Anoikis is a programmed cell death that is initiated immediately after cell-extracellular matrix (ECM) interactions are disrupted upon cells detaching from the original ECM. ECM receptors of the integrin family are essential to inhibit anoikis. Integrin receptors not only provide the physical links to the cytoskeleton, but they are also responsible for signal transduction between cells and the ECM, which is necessary for cell migration, proliferation and survival (1–5). Anoikis ensures tissue and developmental homeostasis and prevents the growth and attachment of non-adherent cells to inappropriate substrates to avoid the colonization of distant organs. Therefore, suspension cells that do not undergo anoikis can proliferate at different ectopic sites of ECM proteins. The phenomenon of anoikis resistance in cancer cells is becoming known as the ability of cancer cells to further evolve their mechanism of distant metastasis (6–9). In previous studies, anoikis resistance has been reported in a variety of cancers. For example, in gastric and lung cancers, cancer cells induce anoikis resistance and metastasis through epidermal growth factor receptor (EGFR) signaling (10, 11). In melanoma, we observed that increased N-cadherin expression promotes anoikis resistance (12). In a variety of cancers, development of anoikis resistance has been associated with metastasis; however, such reports are rare in KIRC.

Anoikis is regulated by two pathways, one of which is intrinsic mitochondrial perturbation and the other is triggered by extrinsic cell surface death receptors. The intrinsic pathway mainly involves the transfer of the pro-apoptotic proteins Bax and Bak from the cytoplasm to the outer mitochondrial membrane (OMM), which then forms channels within the OMM. This increases mitochondrial permeability and releases cytochrome C, which leads to the formation of the “apoptosome” (13). The extrinsic pathway is primarily initiated by ligand binding of members of the tumor necrosis factor receptor (TNFR) superfamily, resulting in the formation of the death-inducing signaling complex (DISC) (14). Both pathways lead to the activation of caspases and downstream molecular pathways, which ultimately activate DNA endonucleases and induce apoptosis.

Renal cell carcinoma (RCC) is one of the most common malignant tumors of the urinary system. According to GLOBOCAN statistics in 2020, RCC has a high incidence and mortality with an increasing trend (15). Due to the strong compensatory capacity of the kidney, RCC is clinically insidious, resulting in the early detection of kidney injury. Kidney renal cell carcinoma (KIRC), comprising approximately 85% of RCC cases, is the most typical RCC. Hemorrhage, necrosis, cystic degeneration, and calcification of the renal parenchyma are frequently observed in KIRC patients. The clinical treatment of KIRC has attracted increasing attention because of the poor prognosis and high mortality rate of patients with KIRC.

In this study, 34 anoikis-related genes (including SRC, AKT1, and BCL2) were selected to represent the expression of the anoikis pathway using the GSEA database. We used bioinformatics analysis to explore the correlation between the expression levels of anoikis-related genes and the progression of KIRC development and clinicopathological features with the aim to accurately interpret the role of anoikis mechanisms in KIRC. Finally, LASSO regression was used to screen for anoikis-related genes to establish a KIRC prognostic model. These results can serve as a guide for clinical diagnosis, treatment, and prognosis.



Results


Widespread mutations in anoikis-related genes

To investigate the expression changes and mutations of anoikis-related genes in multiple tumors, we used sample data from the TCGA database. We determined the mRNA expression (Figure 1C) as well as the frequency of CNV (Figures 1A, B), and SNV (Figure 1D) in anoikis-related genes in various tumors. In the panorama of mRNA expression, we observed changes in expression levels of anoikis-related genes in a variety of cancer types. Specifically, NOTCH1, CRYBA1, CAV1, and ITGA5 were highly expressed in KIRC, whereas MYBBP1A, TFDP1, PIK3CA, ATK1, TLE1, BRMS1, BMP, TSC2, STK11, and ITGB1 were expressed at low levels in KIRC. The Perl and R languages were used to analyze the CNV and SNV data obtained from the TCGA database. The results showed that CAV1, PDK4, TFDP1, E2F1, SRC, PIK3CA, MCL1, PTK2, and SNAI2 presented CNV gains in different cancer types. Simultaneously, BCL2, MYBBP1A, MAP3K7, ANKRD13C, MTOR, and CHEK2 showed CNV loss. From the SNV results, we can conclude that anoikis-related genes have single nucleotide variations in 32 tumors to varying degrees. The survival landscape and correlation analysis of gene expression (Figure 1E) revealed that anoikis-related genes were most strongly correlated with KIRC. As shown in the survival curve (Figure 1F), most patients with increased anoikis-related gene expression tended to have a poor prognosis. The methylation data of the anoikis gene set obtained from the GSCAlite platform in pan-cancer showed that the anoikis gene set had a strong correlation with methylation in a variety of cancers, and the methylation differences in a variety of cancers were high, and the results were statistically different  (Figures 1G, H).




Figure 1 | (A, B) CNV frequencies of the 34 anoikis pathway genes in the 32 tumor types. Red and blue colors indicate a CNV gain and loss, respectively. (C) Expression levels of anoikis-related genes in 20 cancers. The color code bars show the corresponding values of log2(FC) on the right, with the shift from red to blue corresponding to values ranging from 3.00 to -3.00. (D) SNV frequencies of the 34 anoikis pathway genes in the 32 tumor types. Red and blue colors indicate a high and low frequency, respectively. (E) The three categories of anoikis-related genes: risk genes (Red), protective genes (Blue), and no statistically significant genes (White, p > 0.05). (F) Survival curve analysis of all statistically significant genes in KIRC in TCGA samples. Red and blue colors represent high and low expression groups, respectively. (G, H) Different degrees of methylation in each cancer and correlation between methylation and mRNA expression levels. The color depth of the ring on the right indicates the comparison between the P-value and 0.05. The color bar indicates the degree of difference and the correlation coefficient.





Cluster analysis for three sample groups

Based on mRNA expression, cluster analysis was used to classify all samples obtained from TCGA into three clusters. The anoikis scores indicated different mRNA expression levels (Figure 2A). The obtained clusters of C1, C2, and C3 represented anoikis scores as active, normal, and inactive, respectively. The violin plot (Figure 2B) shows the degree of difference of the three clusters based on anoikis score numerical difference. P value less than 0.05 indicates that the clusters obtained by cluster analysis have statistically significant inter-group differences, which can be used for subsequent analysis. The survival curve (Figure 2C) re-emphasizes the difference in prognosis among the three clusters, which indicates that the difference analysis results obtained later are related to prognosis. Both the violin plot and survival curve emphasize the characteristics of these three sample groups: the group with no change in anoikis pathway had a good prognosis, whereas the group exhibiting anoikis pathway downregulation had poor prognosis.




Figure 2 | (A) All KIRC samples are divided into three groups according to different levels of anoikis score: high/medium/low expression group (cluster1, 2, and 3). The dark red/blue represent mRNA expression increased/decreased, respectively. The redder/bluer the color, the closer the anoikis score is to 0.4/-0.4, respectively. Three groups divided through cluster analysis: red/olive green/black represent clusters 1,2, and 3, respectively. (B) The enrichment scores of the three clusters. The color differentiation was the same as Figure 2A. (C) Survival curves are based on three clusters. (D) The correlation between anoikis scores and the clinicopathological characteristics of KIRC patients. *p < 0:05, **p < 0:01, and ***p < 0:001.



The anoikis pathway genes in the three clusters were found to be closely associated with cancer grading and survival outcome in clinicopathology, as indicated by the heatmap in Figure 2D.



Expression of histone-modified genes and classical oncogenes in three clusters

We used cluster analysis to obtain three clusters and investigated the correlation between classical oncogenes, HDAC family genes, sirtuin family genes, and KIRC. Based on the generated heat maps and p-values, we found that all classical oncogenes were closely associated with tumor progression. (∗p<0.05, **p<0.01, ***p<0.001, ∗∗∗∗p < 0.0001) (Figure 3C). The results showed that most sirtuin and HDAC family genes, in addition to SIRT2, SIRT4, and HDAC6, were also strongly associated with tumorigenesis and progression (Figures 3A, B).




Figure 3 | (A–C) HDAC, sirtuin and potentially targetable classical family genes the correlation with anoikis scores respectively.





Correlation analysis between drug therapy and anoikis scores

To further explore the potential value of anoikis in the clinical treatment of patients with KIRC, we identified potential drugs targeting the anoikis pathway based on drug sensitivity predictions from the GDSC database. The specific prediction results of drug sensitivity of the 12 clinically common targeted drugs are shown in the box chart (Figure 4A). The effect of most drugs is different from the changes in anoikis expression. This score can provide a more precise guide for the development of future drug treatments for cancer. We also collected data on potential drug-mRNA expression correlations revealed by the CTRP and GDSC databases. The results showed that most anoikis-related genes have potential responsiveness to targeted drugs or small molecule drugs (Figures 4B, C).




Figure 4 | (A) The IC50 prediction of KIRC cells treated with a common tumor-targeted drug. C1, C2, and C3 indicate Cluster1, Cluster2, and Cluster3. (B, C) The correlation between the sensitivity of drugs results in various cancer obtained from the CTRP or GDSC database and the mRNA expression levels of anoikis-related genes.





Immune cell infiltration based on ssGSEA

Immunotherapy has attracted much attention for cancer treatment. To examine the feasibility of anoikis-related immunotherapy in KIRC, we investigated the relationship between immunity and anoikis. Immune cell infiltration was closely associated with the anoikis pathway genes, as shown in the heatmap in Figure 5A). The bubble plot shows the sequence of the correlation between immune infiltration-related cells and anoikis (Figure 5B). The two immune cells most strongly correlated with anoikis were selected to analyze their relevance and the results showed a positive correlation (Figures 5C, D). Metastatic patients can be cured by therapeutically blocking the CTLA-4 and PD-1 point receptors on T cells (16). Therefore, immune checkpoint blocking therapy is widely used in patients (17). We hypothesize that the small sample size is the main reason for this phenomenon. We used heatmaps to show the differences and trends in metagene expression of different immune markers among different samples and sorted the samples according to ESTIMATEScore and TumorPurity (Figure 5E). The results showed that with the increase of tumor purity / the decrease of immune infiltrating cells or stromal cells, the level of anoikis-score showed an downward trend, and the expression level of metagene identifying various immune inflammatory factors showed a downward trend.




Figure 5 | (A) The correlation between the immune infiltration and the anoikis-related genes. Red/blue represent a positive/negative correlation, respectively. (*p < 0:05, **p < 0:01). (B) The plot shows the degree of correlation. The area of the circle represents the abs (correlation) and the color bar on the right side shows the p value. (C, D) Mast cell and Type_II_IFN_reponse were selected, and the scatter diagram shows the correlation with anoikis score. (E) To identify the meta-genes of major expression vectors associated with immunotherapy, we screened the samples for some genes associated with 8 inflammatory factors. The expression of these genes and other immunotherapy-related scores in the KIRC samples.





Establishing a prediction model using LASSO regression

By analyzing the data obtained from TCGA database for the control and KIRC groups, we found that 18 of the 34 anoikis pathway genes were significantly different between the two groups (Figure 6A). The forest diagram shows the results of hazard ratio analysis. The genes NOTCH1, ANKRD13C, PDK4, PIK3CA, NTRK2, BCL2, PTK2, TFDP1, ZNF304, and BRMS1 conferred a protective effect, whereas STK11, ITGA5, SRC, PTRH2, SNAI2, MYBBP1A, CHEK2, IKBKG, and E2F1 exerted a risk effect (p <0.05 was considered significant) (Figure 6B). Five randomly selected genes with statistically significant effects on KIRC (P < 0.05) were selected for co-expression analysis (Figure 6C); two of which, IKBKG and NTRK2, showed strong co-expression relationships with other genes (Figures 6D, E). Specifically, MYBBP1A, TFDP1, ZNF304, SRC, STK11, SNAI2, CHEK2, BCL2, PDK4, and NTRK2 positively correlated with IKBKG expression, while CHEK2, ZNF304, SNAI2, TFDP1, STK11, MYBBP1A, IKBKG, BCL2, SRC, and PDK4 were positively correlated with NTRK2 expression. Appropriate genes were selected to construct prediction models using LASSO regression analysis (Figures 6F–G). The receiver Operating Characteristic curve (Figure 6H) demonstrated the predictive prognostic performance of the new KIRC patient survival model. Survival curves (Figures 6I–L) for four different time nodes (3, 5, 7, and 10 years) were obtained. The results showed that the AUC values of all observed time nodes were greater than 0.7 (0.7, considered predictive). We then reclassified the cancer samples into high-risk and low-risk groups based on the optimal cut-off calculated by the survival package. We screened their survival curves and 11 genetic features using LASSO regression (Figure 6M). After obtaining the LASSO regression model, we demonstrated the correlation between the risk score and immune cells in various immune infiltration algorithms; according to the sequence of the risk score based on the sample risk score (Figure 6N).




Figure 6 | A prediction model of KIRC using anoikis-related genes. (A) Expression of anoikis-related genes in patients with KIRC. Red and blue colors represent upregulation and downregulation, respectively. N (green) represents the normal sample; T (red) represents the tumor sample (*p < 0:05, **p < 0:01, and ***p < 0:001). (B) Hazard ratio analysis with 95% confidence intervals and p values for the anoikis-related genes. (C) Co-expression relationship between 5 anoikis-related genes with significant statistical significance. Their regression relationship is displayed with scatter plots. The correlation coefficient is represented by a color: a positive correlation is red; a negative correlation is blue; the deeper the color, the greater the correlation. (D) The scatter diagram shows the correlation of IKBKG and other genes, including MYBBP1A, TFDP1, ZNF304, SRC, STK11, SNAI2, CHEK2, BCL2, PDK4, and NTRK2. (E) The scatter diagram shows the correlation of NTRK2 and other genes, including CHEK2, ZNF304, SNAI2, TFDP1, STK11, MYBBP1A, IKBKG, BCL2, IKBKG, SRC, and PDK4. (F, G) The LASSO coefficient profiles of anoikis-related genes in KIRC. Eleven genes were selected using the LASSO Cox regression analysis. (H) The survival curve obtained using this model. Red and blue colors correspond to the high- and the low-risk groups, respectively. (I–L) ROC curve represents data of 3, 5, 7, and 10 years. AUC is marked at the head (3 years: 0.716; 5 years: 0.732; 7 years: 0.748; and 10 years: 0.753). (M) Heatmap shows the correlation of the eleven selected genes and their clinicopathological characteristics in the two groups. The color bar represents the expression of genes; red and blue represent upregulation and downregulation, respectively. (N) Heatmap for immune responses based on different algorithms among the high and low-risk groups. Different algorithms are represented by different colored area bars.





Predictive model analysis and validation

The expression and prognosis of the 11 selected genes are shown in the Sankey diagram (Figure 7A). In addition, we display immunohistochemistry data for the proteins of NRTK2 obtained from the Human Protein Atlas (HPA) website (Figures 7B, C). Univariate and multivariate Cox regression analyses were performed. All 11 genes were shown to be risk factors, except for T and M (Figures 7D, E). Finally, the prediction model and total points of age, grade, stage, and risk scores were derived using the survival data of KIRC patients at 5, 7, and 10 years; the results are shown in the nomogram (Figure 7F). The prognosis of renal cell carcinoma is closely related to patient age and postoperative pathological stage. Appropriate inclusion of these clinical data enhances the accuracy of the prognostic model. We collected survival, CNV and methylation data from the GSCAlite database to show the correlation between the survival landscape with CNV and methylation (Figures 7G, H).




Figure 7 | (A) Sankey diagrams used to summarize the data on the eleven selected genes, including their expression and prognosis. (B, C) The association between anoikis-related genes and KIRC was confirmed at the protein level. Immunohistochemical images of protein NTRK2 was obtained from the HPA website. (D) Forest plot of univariate Cox analysis. (E) Forest plot of multivariate Cox analysis. (F) Nomogram of the prediction model. The total score is calculated using ABC, from which 5-, 7-, and 10-year survival rates can be obtained. (G) Correlation between CNV mutations of different anoikis-related genes and survival coefficient in KIRC. (H) Correlation between methylation of different anoikis-related genes and survival coefficient in KIRC.






Discussion

Anoikis is a form of programmed cell death (PCD) and it was first described in 1994. Anoikis induces cells detached from the extracellular matrix to initiate apoptosis, thereby preventing colonization of cells to distant tissues (18). The ability of cancer cells to resist anoikis has attracted widespread attention because anchorage-independent growth and epithelial-mesenchymal transition are not only two characteristics of anoikis resistance but also crucial steps in the progression of cancer and metastatic colonization (9). Cancer cells can overcome anoikis through several mechanisms to ensure survival, which in turn promotes their invasion and metastasis. Anoikis resistance is caused by growth proteins, pH, transcriptional signaling pathways, and oxidative stress (19). Moreover, the tumor microenvironment is considered to contribute to anoikis resistance in cancer cells by enhancing oxidative stress, triggering epithelial-mesenchymal transition, and causing metabolic dysregulation in cancer cells. Anoikis resistance in cancer cells plays a pleiotropic role in several of these steps, making it a key point in anti-metastatic targeted therapies.

In this study, we analyzed the correlation between gene mutations and the expression of anoikis-related genes and pathways. To determine whether anoikis could be a potential target for KIRC treatment, we compared clinical information on KIRC samples to those on controls using the TCGA database. Moreover, we investigated the therapeutic effects of common targeted cancer treatment drugs on KIRC and selected genes related to anoikis and KIRC to establish cancer prognostic models.

KIRC samples were classified into three clusters based on the RNA expression levels of anoikis-related genes; these three clusters represented high, normal, and low expression of anoikis-related genes, respectively. Based on the three clusters, we constructed survival curves for the anoikis-related genes. We found that downregulation of the anoikis pathway had the lowest survival values, which is consistent with our previous conjecture that the anoikis pathway plays a protective role in KIRC. To confirm the role of some drugs in the treatment of KIRC, we performed GDSC analyses, which indicated that the majority of targeted drug treatments for KIRC were associated with effects on the expression levels of genes in the anoikis pathway. These analyses contribute to the clinical treatment of KIRC. These results provide new insights into the development of targeted drugs for the treatment of KIRC.

Among recent reports on cancer immunotherapy, acetylating histones and enhancing T-cell killing are widely accepted treatment options (20, 21). By analyzing the expression of some classical oncogenes (such as KRAS and VHL) and immune genes associated with histone acetylation in the three clusters, we found that most of these genes are associated with the anoikis pathway. PD-1 and CTLA-4 are two common T-cell immunotherapy targets that are commonly used in KIRC treatment (22). In contrast to the direct cytotoxicity of conventional chemotherapy, immune checkpoint blockade drives cytotoxic T cells in the body to target tumor cells, thereby activating the suppressed immunity within the tumor (23). After examining the responsiveness of the two anoikis score clusters to PD-1 and CTLA-4 inhibitor targets, we were surprised to find that anoikis-inactive clusters were more likely to respond to anti-CTLA-4 treatment. However, after the Bonferroni correction, the results were not statistically significant.

Subsequently, we used HR and co-expression analysis on 40 of these anoikis pathway genes to compare their expression in cancer to that in normal tissues. Finally, 11 genes in the anoikis pathway were screened using LASSO regression to construct a survival prediction model for patients with KIRC. The induction of BCL2 modifier expression can induce mitochondria-dependent apoptosis in cancer cells (24). This indicates that BCL2 is a proapoptotic factor, which is consistent with results from our prediction model. Similarly, upregulation of NTRK2 expression promotes cancer cell migration and invasion (25), which is also consistent with our predictions. We believe that this model will have great application in future clinical studies on cancer treatment and prognosis.



Materials and methods


Data acquisition and analysis

Based on the GSEA website (http://www.gsea-msigdb.org/gsea/index.jsp) (26), 34 genes closely associated with anoikis-related pathways were selected for further analysis. The TCGA database project provides genetic and clinical information on cancer (https://tcga-data.nci.nih.gov/tcga/) (27). The TCGA database is a comprehensive genome-wide gene expression collection created by large-scale gene sequencing and multidimensional analysis. It is used to classify and detect genetic changes caused by tumor development. We obtained genetic data by studying gene expression levels, CNV and SNV of genes, clinical survival landscapes, and clinicopathological features. The Perl language was used to analyze gene expression data, and TBtools was used to conduct visual analysis. Survival curves of all KIRC-related critical genes were plotted to visualize the role of these genes in KIRC progression. The statistical significance level was set at p < 0.05.



Cluster analysis in three groups

Based on mRNA expression levels, we calculated the anoikis score to quantify the expression of genes involved in the anoikis pathway. Cluster analysis was performed to obtain the following three clustered samples based on the anoikis score: Cluster 1, Cluster 2, and Cluster 3, which indicated high, normal, and low expression of anoikis pathway genes, respectively. The three clusters were verified using violin plots and survival curves, and heatmaps were used to display their gene expression levels and clinicopathological characteristics. The statistical significance level was set at p < 0.05.



Histone modification-associated genes and classical oncogenes

Histone modifications such as methylation and acetylation are directly associated with gene mutations. Sirtuin (SIRT) is a highly conserved deacetylase gene family (28). In addition to their roles in cancer initiation, promotion, and progression, SIRTs play an important role in many other biological processes. They exhibit oncogenic and tumor-suppressive properties owing to differences in their cellular environment and experimental conditions (29). Histone deacetylases (HDACs) are part of a large family of enzymes that play a key role in many biological processes, mainly through their inhibitory effects on transcription (30). Meanwhile, the study of HDAC in cancer pathogenesis has been widely reported, as it is significant for chromosome structure formation and regulation of gene expression (21). We identified classical and newly discovered oncogenes, such as AKT1 and mTOR. Using a heatmap, we visualized different expression patterns of canonical oncogenes in the three clusters. We also explored other genes relevant to histone modification, such as sirtuin and HDAC. The statistical significance level was set at p < 0.05.



Exploration of cancer treatment

GDSC is a publicly accessible database that contains information about drugs, genes, and tumors (31). It provides free and publicly available genomic data for identifying potential cancer therapeutic targets. The GDSC database can also provide results of drug susceptibility testing of cancer cells for different targeted drugs. To estimate the IC50 of samples in the three clusters using ridge regression, we implemented the pRRophetic algorithm in R using the “pRRophetic” package (32). Using a boxplot and correlation chart, we visually compared the half-inhibitory concentration values of each drug within the three clusters. The statistical significance level was set at p < 0.05.



Immune cell infiltration

We used ssGSEA analysis combined with the TCGA database to quantify immune cell infiltration levels; the results of their correlation are presented as a heatmap. In this study, we selected 29 immune cells and regulators from molecules involved in innate and adaptive immunity and described their correlation with anoikis-related genes using histograms. The two most strongly correlated immune cells were selected for further analysis. The open-source R packages “data. table”, “dplyr”,”Tidy”, “GGplot2”, and “ggStatsplot” were used for statistical analysis of data and plotting heatmaps and scattermaps. Pd-1 (22) and CTLA-4 (33) have been reported as regulatory receptors related to T-cell killing of tumor cells, which are closely related to immune checkpoint blocking cancer therapy. The correlation among CTLA-4, PD-1, and anoikis scores is shown in the correlation matrix. Cluster1 was abandoned for grouping the two classification studies because its expression was at the middle level.



Construction of the prediction model

The heatmap shows the difference in the expression levels of anoikis-related genes between control and KIRC tissues and the co-expression relationship between any two anoikis-related genes. Univariate COX regression was used to analyze the relationship between anoikis pathway-related genes and KIRC patient risk indicators (stage, grade, etc.). The LASSO regression model was constructed with the “glmnet” package. Risk score =∑ Ni =1 (Expi∗Coei); N, Coei, and Expi represent the gene number, regression correlation coefficient, and gene expression level obtained by LASSO regression analysis, respectively. The “survival” package was used to calculate the cutoff values for risk scores in the tumor group. Based on this cutoff value, the samples were divided into high- and low-risk groups, and survival curves were drawn. Finally, the “Meier survival ROC” package was used to draw the ROC curve and obtain the AUC value. The correlation of clinicopathological features between the low- and high-risk groups is shown by heatmaps. The statistical significance level was set at p < 0.05.



Prediction model establishment and verification

A Sankey diagram created with the “ggalluvial” package was used to visualize multiple attributes of risk and protective genes that were statistically significant in the HR analysis. We obtained protein information from the HPA website (www.proteinatlas.org/) (34). Univariate and multivariate Cox regression analyses were used to illustrate the correlation between age, stage, grade, T (tumor), M (metastasis), and risk score in the model. RStudio software was used for all statistical analyses. The nomogram was drawn by the “rms” package in R. Lastly, to consolidate our conclusions, we performed immunohistochemistry experiments using KIRC clinical specimens for NTRK2, a key molecule in this model. The statistical significance level was set at p < 0.05.



R software packages

For survival analysis and COX regression analysis, we used the survival, limma, and survivor packages. For cluster analysis, we used the consensus cluster and hclust packages. For LASSO regression analysis, we used the net package. For plotting, we used the ggplot2, ggstatsplot, corrplot, vioplot, forest plot, and RMS packages.
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Copper-induced cell death, a form of apoptosis, has been extensively investigated in human diseases. Recent studies on the mechanisms underlying copper-induced cell death have provided innovative insights into copper-related toxicity in cells, and this form of programmed cell death was termed cuproptosis. Herein, we conducted a comprehensive analysis to determine the specific role of cuproptosis in osteosarcoma. Using consensus clustering analysis, patients with osteosarcoma from the TARGET database were classified into subgroups with distinct cuproptosis-based molecular patterns. Accordingly, these patients displayed diverse clinicopathological features, survival outcomes, tumor microenvironment (TME) characteristics, immune-related scores, and therapeutic responses. Furthermore, we constructed a cuproptosis-based risk signature and nomogram, as well as developed a cuproptosis score for improved patient characterization. The prognostic model and cuproptosis score were well validated and confirmed to efficiently distinguish high- and low-risk patients, thereby affording great predictive value. Finally, we verified the abnormal expression of prognostic CUG in OS patients by immunohistochemistry. In conclusion, we suggest that cuproptosis may play an important role in regulating the tumor microenvironment features, tumor progression and the long-term prognosis of osteosarcoma.
Keywords: copper-induced cell death, cuproptosis, osteosarcoma, immunotherapy, tumor microenvironment
INTRODUCTION
Osteosarcoma (OS) is the most common primary bone tumor in children and adolescents (Longhi et al., 2006; Kumar et al., 2018). OS is characterized by high malignancy and aggressiveness, poor prognosis and high disability rate (Ritter and Bielack, 2010). OS metastases, especially lung metastases, are the most common cause of cancer-related death (Huang et al., 2019). Despite advances in combination therapy (surgery, chemotherapy, neoadjuvant chemotherapy, radiotherapy, and immunotherapy), the 5-years survival rate of patients with OS, especially those with metastatic and recurrent disease, is still far from satisfactory (Dyson et al., 2019; Gill and Gorlick, 2021). Although many genes have been identified as potential biomarkers for the prediction and treatment of OS (Brown et al., 2017; Lyskjær et al., 2022). But the complexity and instability of the OS genome have hindered the progress of treatment. Therefore, a better understanding of the mechanisms underlying OS tumorigenesis and progression is urgently needed to identify more effective and specific biomarkers for early prediction, survival assessment, and treatment.
Several scheduled and precisely controlled programmed cell death events, including apoptosis, necroptosis, pyroptosis, and ferroptosis, are well-known to occur during the development of multicellular organisms (Wang et al., 2022). Recently, Tsvetkov et al. have reported a new strategy to regulate cell death, which differs from known cell death mechanisms. Copper ions can induce cell death by blocking a known cell death mechanism. This copper-induced cell death mechanism involves protein lipoylation and is termed “cuproptosis” (Tsvetkov et al., 2022). Further, this study identified seven genes (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB) that promote cuproptosis, as well as three genes (MTF1, GLS, CDKN2A) that inhibit this mechanism. Cuproptosis is a new research direction. So far, many studies have shown that cuproptosis plays a role in tumorigenesis and progression of various cancers, including melanoma, hepatocellular carcinoma, clear cell renal cell carcinoma, glioma, and lung adenocarcinoma (Zhang et al., 2022a; Zhang et al., 2022b; Lv et al., 2022; Yun et al., 2022). Moreover, cuproptosis related genes or pathways have been shown to be potential targets for cancer treatment (Mo et al., 2022). However, reports on the underlying mechanisms of cuproptosis in OS are currently unavailable. Considering the susceptibility of various cancers to cuproptosis, we propose that cupropsis may also play an irreplaceable role in OS.
In the present study, we conducted a comprehensive online analysis of the association between cuproptosis-related genes (CUGs) and OS. We further investigated the significance of cuproptosis in OS using genotyping, survival analysis, and immune-related assessments. Moreover, a cuproptosis score was established to assess long-term prognosis and treatment response in patients with OS. Finally, we verified the abnormal expression of CDKN2A in OS tissues by immunohistochemistry. Herein, we, for the first time, propose utilizing the cuproptosis score to quantify the cuproptosis pattern of each patient with OS based on the expression profile of CUGs. This scoring mechanism can help oncologists develop more effective and personalized therapeutic strategies.
MATERIALS AND METHODS
Data sourcing and preprocessing
Normalized data of gene expression (in the format of FPKM) and corresponding clinicopathological information of patients with OS (n = 88) were collected from TARGET datasets in the UCSC Xena website (https://xena.ucsc.edu/). Among these, patients with missing critical clinical or survival parameters were excluded and finally 86 samples were included for further analysis. The FPKM values were normalized to transcripts per kilobase million (TPM) for further analysis. In addition, OS patients from the GSE21257 dataset (n = 54) of the GEO database (https://www.ncbi.nlm.nih.gov/geo/) were used as a validation group. These 10 CUGs were collected from the latest report, as mentioned above. The raw reads of the above data were processed and normalized in R software.
Consensus clustering analysis
Based on the expression profiles of 10 CUGs from the TARGET dataset, the R package “ConsensusClusterPlus” was applied for consensus unsupervised clustering analysis, and patients with OS from TARGET database were classified into distinct molecular subgroups. The k-means algorithm was employed to determine the optimal grouping number. T-SNE was used to verify clusters based on the expression profiles of these genes.
Association between cuproptosis patterns with the clinical characteristics and prognosis of OS
To assess the clinical significance of distinct cuproptosis patterns, we compared the associations among cuproptosis patterns, clinicopathological features, and survival outcomes in OS. The Kaplan-Meier method was used to assess overall survival between different groups. Gene set variation analysis (GSVA) using the “GSVA” R package was performed to identify differences in biological functions among distinct cuproptosis patterns.
Identification of differentially expressed genes (DEGs)
The “limma” package in R was used to identify DEGs between distinct molecular subgroups from CUG clustering. Genes with an adjusted p-value < 0.05 and |log2(FC)| > 1.0 were considered differentially expressed. Finally, 1708 genes were characterized; among them, 276 DEGs were predicted to be prognostic genes and subjected to further analysis.
Construction of the risk signature and nomogram
The weighted coefficients were calculated using the least absolute shrinkage and selection operator (LASSO) Cox regression analysis, and the “glmnet” package in R was used to construct a risk model. Patients were divided into high- and low-risk groups according to the optimal cutoff of the risk score, and the survival rate of patients was analyzed using the Kaplan-Meier method. The receiver operating characteristic (ROC) curves were depicted using the “survival-ROC” package in R, and the area under the curve (AUC) was calculated to determine the sensitivity of the survival analysis. Finally, the risk core and clinical factors were integrated into the nomogram using a multivariate Cox regression analysis.
Construction of the cuproptosis score
Cuproptosis scores were calculated to quantify the cuproptosis patterns for each patient with OS. The Boruta algorithm was used to reduce the size of cuprotosis gene signatures A and B, and principal component 1 was extracted using principal component analysis (PCA) as the signature score. The score for each patient was calculated as follows: cuproptosis score = ∑PC1A-∑PC1B, where PC1A represents the first component of feature A and PC1B represents the first component of feature B. The Kruskal-Wallis test was used to assess the cuproptosis scores of molecular patterns or gene clusters.
Clinical significance and drug sensitivity of the prognostic cuproptosis score
The chi-square test was used to investigate the relationship between the cuproptosis score and clinical characteristics (age, sex, metastasis, primary tumor site, and state of survival). In addition, we stratified the predictive ability of the cuproptosis score according to distinct clinical characteristics. The ESTIMATE method was used to generate stromal and immune scores to evaluate the tumor purity and distribution of cell types in the tumor microenvironment (TME). The Genomics of Drug Sensitivity in Cancer (GDSC; https://www.cancerrxgene.org/) database was used to predict patient responses to several drugs. The “pRRophetic” package in R was used to quantify IC50 values. Drugs interacting with prognostic CUGs were obtained from the Drug Gene Interaction Database (DGIdb; https://dgidb.genome.) and their 3D structures were visualized using the PubChem website (https://pubchem.ncbi.nlm.nih.gov/).
Clinical specimens
Tumour tissues and their adjacent normal tissue were obtained from patients who were diagnosed with OS and had undergone surgery in The Second Affiliated Hospital of Nanjing Medical University between 2019 and 2022. The follow-up deadline was June 2022. All patients signed informed consent before using clinical materials. The use of tissues for this study was approved by the ethics committee of the Second Affiliated Hospital of Nanjing Medical University.
Hematoxylin–eosin (HE) staining and immunohistochemistry (IHC)
Hematoxylin-eosin staining and immunohistochemistry were performed after tissue fixation and paraffin embedding. Slides were cut to 5 μm wide, dewaxed, and rehydrated. Endogenous peroxidase was inactivated with 3% H2O2 for 10 min and then incubated with 5% bovine serum albumin (BSA) blocking solution for 1 h at room temperature. Sections were incubated with the corresponding protein antibodies overnight at 4°C. The antibodies used are as follows: the Ki67 (Cat. No. GB111499, 1:500), PCNA (Cat. No. GB11010, 1:500), and CDKN2A (Cat. No. GB111143, 1:1,000) antibodies were purchased from Servicebio (Wuhan, China); The sections were then incubated with biotinylated goat anti-rabbit secondary antibody for 30 min at 37°C. The newly prepared 3,3 ′-diaminobenzidine (DAB) reagent (Servicebio, Wuhan, China) was used for color development.
Statistical analysis
All statistical analyses were performed using R 4.1.0. The experimental results were expressed as mean ± SD (standard deviation), and one-way ANOVA was used to determine statistical significance. Statistical significance was set at a two-sided p-value < 0.05. All experiments were repeated more than three times.
RESULTS
Survival analysis of OS patients based on CUGs
To explore the association of CUGs with OS prognosis, we performed a survival analysis for each CUG for patients with OS from the TARGET database. It is well-established that high levels of CDKN2A and FDX1 are significantly associated with worse overall survival in patients with OS, whereas LIAS, LIPT1, MTF1, and PDHA1 displayed the opposite trend (p < 0.05) (Figures 1A–2A). Subsequently, the survival impact of CUGs was verified by GSE21257 dataset (Supplementary Figure S1). Furthermore, Figure 2B illustrates the significance of these regulators in the OS cohort and their interactions based on the protein-protein interaction analysis of the STRING website. Figure 2C presents the network, regulatory relationships, and survival significance of CUG interactions in patients with OS.
[image: Figure 1]FIGURE 1 | A flow chart showing the details of the analysis.
[image: Figure 2]FIGURE 2 | The prognostic value of 10 CUGs in patients with OS. (A) Kaplan-Meier curves for the 10 CUGs in OS patients from TARGET database. (B) The PPI network acquired from the STRING database among the CUGs. (C) A network of correlations including CUGs in the TARGET cohort. (p < 0.05 *; p < 0.01 **; p < 0.001 ***).
Construction of cuproptosis subtypes in OS patients
Unsupervised nonnegative matrix factorization clustering was performed on OS samples from TARGET database based on the mRNA expression levels of 10 CUGs. Molecular clustering effects and cophenetic correlation analyses were used to determine the optimal k. We examined k from 2 to 5, and among all k values, k = 2 was most suitable for clustering, overall survival analysis, and contours (Figures 3A,B; Supplementary Figures S2A,B). The two subgroups were named C1 and C2 (p < 0.05 was considered statistically significant). As shown in Figure 3C, comparing gene expression and clinical variables between the two clusters revealed significant differences in CUG expression and clinical characteristics. Especially in C2, a subgroup with poor prognosis, CDKN2A showed significantly higher expression, which was consistent with the results of previous survival analysis. In addition, the C2 group mainly included patients younger than 15 years of age. We propose two guesses. One is that OS patients younger than 15 years of age have a worse prognosis, which is consistent with previous reports (Janssen et al., 2021). However, more and more studies have shown that the age of OS patients has no significant correlation with the prognosis (Eleutério et al., 2015). The second is that patients younger than 15 years of age with high CDKN2A expression have a worse prognosis. However, there is no conclusive study to confirm this conjecture. GSVA analysis showed that Cluster two was significantly enriched in tumor-related pathways, while Cluster one was mainly enriched in metabolism-related pathways (Figure 3D). In addition, we examined the effect of cuproptosis on the TME. The results revealed that the C1 group exhibited increased lymphocyte infiltration and a high immune score (Figures 3E,F). (p < 0.05 was considered statistically significant).
[image: Figure 3]FIGURE 3 | Identification of cuproptosis subtypes in OS. (A) t-SNE of the mRNA expression profiles of CUGs from the OS samples in the TARGET dataset confirmed the two clusters: C1 and C2. (B) Kaplan-Meier curves for the two molecular patterns of OS patients. (C) Heatmap depicted the correlation between the subtypes and different clinicopathological characteristics. (D) GSVA enrichment analysis of biological pathways between the two distinct subtypes. Boxplots showed abundance of 23 infiltrating immune cell types (E) and differences in immune scores (F) in the two cuproptosis subtypes. (p < 0.05 *; p < 0.01 **; p < 0.001 ***).
Construction of a DEG-based prognostic model from cuproptosis subtypes
Considering the non-negligible biological phenotypic differences between the two cuproptosis subgroups, we used intergroup differential genes to determine the prognostic benefit for patients with OS. First, as described above, 1708 DEGs were generated between the two subgroups (Figure 4A). Among these, 276 DEGs were predicted to be prognostic genes and were subjected to further analysis (Supplementary Table S1). In addition, we plotted the enrichment analysis results of 276 DEGs, including Gene Ontology and Kyoto Encyclopedia of Genes and Genomes (Supplementary Figures S3A,B). Subsequently, these prognostic genes were subjected to LASSO regression analysis to construct the risk signature, and the risk score for each patient with OS was calculated using the following formula: Risk Score = 0.5797*AC234582.1+ 0.0145*COL13A1+ 0.0298*CGREF1 (Figures 4B,C). Furthermore, Kaplan-Meier analysis in the TARGET cohort indicated that high-risk patients had apparently better OS compared to the low-risk groups (p ≤ 0.01) (Figure 4D). Besides, the model was well validated as the ROC curves showed, among which the TARGET cohorts obtained AUC of 0.842, 0.858, and 0.808 at 3-years, 5-years, and 8-years, respectively (Figure 4E). The risk plots of risk score showed that with the increase of risk score, OS time decreased, while mortality increased, and the most significantly prognostic genes were shown in the heatmap (Figures 4F,J). The GSE21257 dataset again proved the accuracy of the prediction results with the TARGET database (Figures 4G–I,K).
[image: Figure 4]FIGURE 4 | Generation and validation of the prognostic model. (A) Venn diagram of the DEGs via pairwise comparison among two subgroups. (B,C) LASSO regression analysis used to construct the prognostic model. (D) Survival analysis in the TARGET-OS cohort. (E) ROC curves for the predictive survival in TARGET-OS cohort. (F) Ranked dot and scatter plots showing the risk score distribution and patient survival status in TARGET-OS cohort. (G–I) Validation of prediction results from GSE21257 dataset against TARGET database. (J,K) Expression patterns of three selected prognostic genes in high-and low-risk groups.
Construction of a nomogram to predict patient prognosis
Next, the nicely established prognostic model was depicted in a nomogram (Figure 5A), and the calibration curve displayed a certain concordance between the estimated survival probability and observed results for 3-, 5-, and 8-years overall survival (Figure 5B). Moreover, the comparative ROC curves revealed that the nomogram was superior to any clinical factor alone in predicting the long-term survival of patients (Figures 5C–E). In addition, the DCA curves of the nomograms could evaluate the accuracy of the model. According to Figures 5F–H, the score curves of the model and risk score were the highest, indicating that the model and risk scores had better predictive ability than other clinical factors.
[image: Figure 5]FIGURE 5 | Construction and validation of a nomogram for predicting the prognosis of OS patients. (A) Nomogram for predicting the 1-, 3-, and 5-years OS of osteosarcoma patients in the TARGET-OS cohort. (B) Calibration curves for validating the established nomogram. (C–E) The ROC curves of the nomograms compared for 1-, 3-, and 5-years OS in osteosarcoma patients, respectively. (F–H) The DCA curves of the nomograms compared for 1-, 3-, and 5-years OS in osteosarcoma patients, respectively. (p < 0.05 *; p < 0.01 **; p < 0.001 ***).
TME characteristics of risk subtypes
The CIBERSORT algorithm was used to evaluate the correlation between risk score and immune cell abundance. As shown in Figure 6A, the risk score was positively correlated with the matrix and immune scores. Subsequently, we explored the correlation between the selected prognostic marker genes and immune cell enrichment. We concluded that several immune cells are closely related to the selected genes, such as macrophages M0 and activated dentritic cells (Figure 6B). Additionally, the low-risk group had higher immune cell infiltration and immune function scores than the high-risk group (Figures 6C,D). Finally, we evaluated the relationship between immune checkpoints (ICPs) and risk scores. As shown in Figure 6E, the expression of the nine ICPs differed between the two risk subgroups.
[image: Figure 6]FIGURE 6 | Distinct TME characteristics and mutation of OS patients according to the risk score. (A) Correlations between risk score and both immune and stromal scores. (B) Correlations between risk score and immune cells. Boxplots showed (C) abundance of 23 infiltrating immune cell types and (D) differences in immune scores in the two risk score groups. (E) The boxplot shows variations in the expression of CUGs between the two risk score groups. (p < 0.05 *; p < 0.01 **; p < 0.001 ***).
Generation and TME characteristics of patient subgroups based on DEGs clustering
Similar to the CUG-based grouping of patients with OS, we subdivided the patients into two groups (designated as A and B; NA = 58, NB = 28) using consensus clustering analysis based on the gene clustering of prognostic DEGs in Supplementary Table S1 (Figure 7A; Supplementary Figures S4A,B). Dimensionality reduction was proposed by the Boruta algorithm based on gene signatures A and B. The heatmap depicted the 1708 most abundant DEGs identified in the geneClusters. In addition, we could also conclude from the heatmap that OS patients younger than 15 years old were concentrated in geneCluster B. The following survival analysis showed that patients in gene-cluster B had a worse prognosis than those in gene-cluster A, which was consistent with the previous analysis. But its significance p value was above 0.05 (Figures 7B,C). Besides, the differential expression of FDX1, LIPT1, and CDKN2A between the two gene-clusters was statistically significant, indicating that these genes were closely related to the tumorigenesis and progression of osteosarcoma, which was consistent with the expected results of the cuproptosis patterns (Figure 7D). Similarly, the TME characteristics of each gene cluster were displayed as immune cell infiltration (Figure 7E) and immune-related function analyses (Figure 7F). As the results indicated, nearly all types of immune-cells and all processes of immune-related function turned out to be significantly different between the two gene-clusters.
[image: Figure 7]FIGURE 7 | Prognosis and TME characteristics in two cuproptosis gene clusters for OS patients. (A) Consensus matrix heatmap defining two gene clusters according to the prognostic DEGs. (B) Kaplan-Meier survival analysis for patients in the two gene clusters. (C) Clinical features of the two gene clusters. (D) The boxplot shows variations in the expression of CUGs between the two gene clusters. Boxplots showed (E) abundance of 23 infiltrating immune cell types and (F) differences in immune scores in the two gene clusters. (p < 0.05 *; p < 0.01 **; p < 0.001 ***).
Establishment and validation of the cuproptosis score in OS patients
Based on 276 prognostic DEGs, we used PCA to calculate the cuproptosis score for each patient with OS. Figure 8A presents the distribution of patients with OS in the cuproptosis clusters, gene clusters, and cuproptosis scoring system, as well as the survival status. Additionally, reverse validation was performed, and the plots revealed that cuproptosis could discriminate between cuproptosis and gene clusters (p < 0.05) (Figures 8B,C). Subsequently, based on the calculated cuproptosis score, each patient in the validation cohort was analyzed for survival probability, and the results revealed that a higher cuproptosis score was associated with a significantly improved probability of patient survival (Figure 8D). Moreover, we sought to reveal the potential vital biological processes associated with cuproptosis scoring system. The results of GSEA analysis showed that in high-score group, immune-related pathways were enriched (Figure 8E). These results indicated that patients in the high-score group may have a more efficient immune response and a better immunotherapy response. Moreover, our results revealed that the cuproptosis score was significantly associated with survival status and metastasis in patients with OS; however, this association was not observed with other clinical factors such as age, sex, and primary tumor site (Figure 8F; Table 1). (p < 0.05 was considered statistically significant).
[image: Figure 8]FIGURE 8 | Development and validation of the cuproptosis scoring system for OS. (A) Sankey Diagram of cuproptosis clusters, gene clusters, cuproptosis score, and clinical outcomes. Differences in cuproptosis score between (B) the two cuproptosis subtypes and (C) the two gene clusters. (D) Kaplan-Meier analysis of the OS between the two cuproptosis score groups. (E) GSEA showed the different pathways significantly enriched in the high score group. (F) Clinical characteristics for the high and low cuproptosis score groups. (p < 0.05 *; p < 0.01 **; p < 0.001 ***).
TABLE 1 | Relationship between cuproptosis score and clinicopathological features of OS in TARGET.
[image: Table 1]Indicative role of cuproptosis score in TME, immunotherapy, and chemotherapy of OS
The TME status is another critical factor that impacts the level of immune cell infiltration and immunotherapy treatment response in cancer. Therefore, we applied the ESTIMATE algorithm to evaluate the association of the cuproptosis score with the TME from three perspectives: stromal score, immune score, and ESTIMATE score. The cuproptosis score was superior in all three immune groups (p < 0.05) (Figure 9A). Correlation analysis revealed a strong association between the cuproptosis score and the infiltration level of various immune cells in the TME (Figure 9B). As described previously, we also examined immune infiltration and associated function in the high- and low-score groups. Immune cell infiltration and immune-related functional activity were significantly dysregulated between the two groups (Figures 9D,C). Moreover, we analyzed the essential markers of immunotherapy, including cytotoxic T-lymphocyte-associated antigen 4 (CTLA-4) and programmed death 1/programmed death ligand 1(PD-1/PD-L1), well-established ICP inhibitors. The expression levels of PD-1 and PD-L1 were dramatically elevated in the high cuproptosis score group, whereas the expression level of CTLA-4 did not differ significantly (Figures 9E–G).
[image: Figure 9]FIGURE 9 | Distinct TME characteristics and mutation of OS patients according to the cuproptosis score. (A) Correlations between cuproptosis score and both immune and stromal scores. (B) Correlations between cuproptosis score and immune cells. Boxplots showed (C) abundance of 23 infiltrating immune cell types and (D) differences in immune scores in the two cuproptosis score groups. (E–G) The boxplots showed variations in the expression levels of PD1, PD-L1, and CTLA4 between the two cuproptosis score groups. (p < 0.05 *; p < 0.01 **; p < 0.001 ***).
In addition, we assessed the half-maximal inhibitory concentration (IC50) values of eight distinct chemotherapeutic drugs, including cisplatin, methotrexate, axitinib, sorafenib, gemcitabine, docetaxel, paclitaxel, and etoposide, to determine the cuproptosis score and predict the likelihood of antitumor treatment response in patients with OS. The IC50 estimates of cisplatin (p = 0.045), paclitaxel (p = 0.033), and etoposide (p < 0.001) were significantly higher in the high cuproptosis score group than those in the low cuproptosis score group; there was no significant difference in the IC50 estimates of other drugs (Figure 10A). In the aspect of targeted therapy, the Drug Gene Interaction Database (DGIdb; https://dgidb.org/) was used to search for small molecule drugs with therapeutic effect on OS. Among them, drug experiments targeting CDKN2A have obvious advantages. 3D structural tomography of Milciclib maleate, HMN-214, GSK-461364, Abemaciclib, Palbociclib and PF-477736 were found in PubChem (https://pubchem.ncbi.nlm.nih.gov/) (Figure 10B).
[image: Figure 10]FIGURE 10 | (A) Cuproptosis score predicts the responsiveness of OS to chemotherapy. (B) The 3D structure tomographs of the candidate small-molecule drugs targeting CDKN2A.
Validation of the protein levels of CDKN2A in OS and tumor-adjacent tissues
The protein levels of CDKN2A in OS and tumor-adjacent tissues were detected by corresponding antibody and IgG (isotype) immunohistochemistry. The results showed that the expression of CDKN2A in osteosarcoma tissues was higher than that in tumor-adjacent tissues (Figure 11). At the same time, we also detected Ki67 and PCNA, which were related to tumor proliferation, and the results showed that the protein level of CDKN2A in OS tissues was positively correlated with ki67. This is consistent with the results of our bioinformatics analysis. These results suggest that CDKN2A may be potential targets for the diagnosis and treatment of OS patients.
[image: Figure 11]FIGURE 11 | IHC analysis of ki-67, PCNA, and CDKN2A in OS and tumor-adjacent tissues (Magnification, ×200, scale bars indicated 50 μm).
DISCUSSION
Copper ions are indispensable enzyme-catalyzed cofactors that drive a series of important biochemical processes, including signal transduction, cell metabolism, and energy production (Ge et al., 2022). During intracellular homeostasis, intracellular free copper is typically restricted to markedly low levels, resulting in the exploration of mechanisms underlying copper transport (Shanbhag et al., 2021). The cellular copper accumulation that exceeds the threshold induces cell toxicity and eventually cell death (Cobine and Brady, 2022; Tsvetkov et al., 2022). This form of cell death is considered to result from copper-induced cytotoxicity. There is a close relationship between copper and mitochondrial respiration. More recently, this method of cell death has been termed cuproptosis (Tsvetkov et al., 2022). There is growing evidence that cuproptosis can affect tumor growth and induce tumor cell death, thus playing an indispensable role in tumor immunity and antitumor therapy (Zhang et al., 2022a; Bian et al., 2022). However, its role in the development of the TME, as well as its relationship with OS, remain unclear. Herein, we comprehensively described how cuproptosis patterns of OS are clinically significant and their relationship with the TME characteristics. In addition, a cuproptosis score system was proposed to evaluate individual cuproptosis to improve awareness of the TME and assist physicians in developing more effective immunotherapy strategies. Finally, we verified the abnormal expression of CDKN2A in OS tissues and predicted small molecule drugs targeting it.
We first explored the influence of the 10 CUGs on the survival of patients with OS. The results revealed that patients with high expression levels of CDKN2A and FDX1 had poor survival probability, whereas patients with high expression of LIAS, LIPT1, and PDHA1 had better survival probability. Using unsupervised clustering, we developed two OS molecular patterns based on the mRNA expression profiles of the CUGs. There were significant differences in clinical outcomes between the two groups. In addition to survival and clinical relevance, immune-related features are critical in cancer progression and treatment. A parallel analysis of immune cell infiltration and immune-related function was performed in the subgroups of patients with OS: CUGs subgroup, DEGs subgroup, and cuproptosis score subgroup. Notably, each subset exhibited distinct immune cell infiltration and immune function. Considering the cuproptosis scoring system, the distribution of different types of immune cells and immune functions in patients with certain scores were inconsistent. The role of cuproptosis in immune properties remains unclear, and more specific studies are needed to clarify the importance of cuproptosis in the TME. Interestingly, previous studies have extensively reported the significant effects of copper on the immune response and microenvironment of cancer. However, research on immune correlation in cuproptosis remains limited. Mitra et al. have highlighted that excessive copper exposure can lead to apoptosis and cell cycle arrest, possibly leading to immunotoxicity, thereby revealing how apoptotic pathways distinctly modulate copper-induced immunosuppression.
On the other hand, immunotherapy has great potential in the treatment of human malignant tumors (Yang, 2015; Kennedy and Salama, 2020). Immunotherapy can effectively improve the OS prognosis (Chen et al., 2021; Ogiwara et al., 2022). Studies have shown that PD-1, PD-L1, and CTLA-4 affect the progression of OS, and representative immunotherapy drugs include pembrolizumab/nivolumab (PD-1 inhibitor), ipilimumab (CTLA-4 inhibitor), and BMS-936559 (PD-L1 inhibitor) (Vilain et al., 2017; Tawbi et al., 2018). Our results revealed that expression levels of PD-1 and PD-L1 in the high-score group were significantly higher than those in the control group, while the expression levels of CTLA-4 did not differ significantly. This finding suggests that patients with high cuproptosis scores may be more sensitive to anti-PD1 and anti-PD-L1 treatment. However, copper has been previously associated with the efficacy of cancer immunotherapy. Copper was shown to upregulate PD-L1 expression and contribute to cancer immune evasion, and copper chelators could reverse this effect by promoting ubiquitin-mediated PD-L1 degradation (Voli et al., 2020). Zhou et al. have also reported that a combination of dithiolan and copper can stabilize PD-L1 expression and induce immunosuppression in hepatocellular carcinoma (Zhou et al., 2019). Furthermore, given the irreplaceable role of chemotherapy in treating OS, we assessed whether the cuproptosis score could affect chemotherapy sensitivity in patients with OS. We detected significant differences in the IC50 values of cisplatin, paclitaxel, and etoposide between the high- and low-scoring groups. In conclusion, the cuproptosis score is potentially indicative of the immunotherapy response and chemotherapy sensitivity in patients with OS. For targeted therapy, Milciclib maleate, HMN-214, GSK-461364, Abemaciclib, Palbociclib and PF-477736 have been shown to be potential targeted drugs for OS. Finally, we also found abnormal up-regulation of CDKN2A protein level in OS tissues by immunohistochemistry.
There are still some deficiencies in the study. First of all, we did not delve deeply into the mechanisms by which cuproptosis affects the clinical and molecular characteristics of OS. Furthermore, we have not been able to clarify the relationship between cuproptosis and time, and therefore we call for more in-depth studies of cuproptosis in future studies.
CONCLUSION
In conclusion, we systematically analyzed the effects of cuproptosis on OS and provided a clear explanation of the broad regulatory mechanisms, clinicopathological features and prognosis of cuproptosis in TME. In addition, we demonstrated the power of CUGs as a biomarker of treatment response. Small molecule drugs that specifically target the cuproptosis pathway in OS patients were also predicted. Therefore, a comprehensive assessment of cuproptosis score in each OS patient is of great clinical importance and can be used to develop personalized treatment strategies for these patients.
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Glioma is the most prevalent malignancy in the central nervous system. The impact of ion-induced cell death on malignant tumors’ development and immune microenvironment has attracted broad attention in recent years. Cuproptosis is a novel copper-dependent mechanism that could potentially regulate tumor cell death by targeting mitochondria respiration. However, the role of cuproptosis in gliomas remains unclear. In the present study, we investigated the relationships between the expression of cuproptosis-related genes (CRGs) and tumor characteristics, including prognosis and microenvironment of glioma, by analyzing multiple public databases and our cohort. Consensus clustering based on the expression of twelve CRGs stratified the glioma patients into three subgroups with significantly different prognosis and immune microenvironment landscapes. Reduced immune infiltration was associated with the less aggressive CRG cluster. A prognostic CRGs risk signature (CRGRS), based on eight critical CRGs, classified the patients into low- and high-risk groups in the training set and was endorsed by validation sets from multiple cohorts. The high-risk group manifested a shorter overall survival, and further survival analysis demonstrated that the CRGRS was an independent prognostic factor. The nomogram combining CRGRS and other clinicopathological factors exhibited good accuracy in predicting the prognosis of glioma patients. Moreover, analyses of tumor immune microenvironment indicated that higher CRGRS was correlated with increased immune cell infiltration but diminished immune function. Gliomas in the high-risk group exhibited higher expression of multiple immune checkpoints, including PD-1 and PD-L1, and a better predicted therapy response to immune checkpoint inhibitors. In conclusion, our study elucidated the connections between CRGs expression and the aggressiveness of gliomas, and the application of CRGRS derived a new robust model for prognosis evaluation of glioma patients. The correlations between the profiles of CRGs expression and immune tumor microenvironment illuminated prospects and potential indications of immunotherapy for glioma.
Keywords: cuproptosis, glioma, ion-dependent cell death, prognosis, immune infiltration
INTRODUCTION
Glioma is the most common malignant tumor in the central nervous system (CNS) and accounts for approximately 80% of all malignant CNS tumors (Ostrom et al., 2021). Surgery with adjuvant radiotherapy and chemotherapy comprises the current standard treatment regime (Stupp et al., 2005). Despite thorough therapy procedure, the overall survival (OS) for many glioma patients is still poor (Weller et al., 2021), especially glioblastoma, which is extremely malignant and manifests a median OS of fewer than 2 years (Chinot et al., 2014; Gilbert et al., 2014; Stupp et al., 2015). Hence, many studies experimented with novel therapies for glioblastoma, aiming to improve patient survival. Immunotherapy was proved effective in many other tumors (Zhang and Zhang, 2020). For example, immune-checkpoint inhibitors (ICIs) have demonstrated positive efficacy in treating melanoma (Larkin et al., 2015), non-small-cell lung cancer (NSCLC) (Reck et al., 2016), and cervical cancer (Tewari et al., 2022). In the CNS, the ICIs could prolong patient OS in metastatic melanoma (Tawbi et al., 2018) and NSCLC (Hendriks et al., 2019), indicating that ICIs can deliver robust anti-tumor effect in the immune microenvironment of CNS. Neoadjuvant ICIs were proved to modify the tumor immune microenvironment and immune response in glioblastoma (Cloughesy et al., 2019; Schalper et al., 2019). Nevertheless, several phase III trials of ICIs in patients with glioblastoma eventually achieved insignificant results (Reardon et al., 2020; Lim et al., 2022; Omuro et al., 2022). These failures suggested that further research is needed to understand the tumor microenvironment (TME) and immune landscape of gliomas and their influence on the effect of immunotherapy in glioma (Ott et al., 2021).
Cuproptosis, a newly discovered regulated cell death (RCD) type, was defined as copper-induced cell death (Tsvetkov et al., 2022). Copper has been recognized as a cofactor for several essential enzymes (Kim et al., 2008). Moreover, intracellular copper concentrations are regulated by a couple of active homeostatic mechanisms to prevent excessive accumulation of intracellular copper (Rae et al., 1999; Lutsenko, 2010). In lung cancer and breast cancer cells, copper could induce cell death by targeting the lipoylated tricarboxylic acid cycle. With the assistance of whole-genome CRISPR-Cas9 positive selection screen technology, seven genes were confirmed to be associated with resistance to cuproptosis (FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, and PDHB), and three genes were linked with the sensibility to cuproptosis (MTF1, GLS, and CDKN2A). Additionally, SLC31A1 (CTR1) and ATP7A/B, which encode the copper importer and exporter, showed a tight correlation with sensitivity to copper concentration (Tsvetkov et al., 2022). Interestingly, a previous in vivo PET study found enhanced localization of copper isotype tracer in the hypoxic areas of gliomas, coinciding with increased CTR1 expression (Pérès et al., 2019). Meanwhile, it is speculated that deprivation of copper by tumor cells from TME may impair copper-dependent SOD enzymes in immune cells, and convert tumor-associated macrophages (TAMs) into pro-tumoral M2 phenotype (Serra et al., 2020). Nonetheless, the role of cuproptosis in the development of gliomas and their TME was not well elucidated.
In our present study, multiple cohorts, including TCGA, CGGA, REMBRANDT, and our own patient cohort, were utilized to investigate the impact of cuproptosis-related gene expression on the characteristics of gliomas. We constructed a cuproptosis-related gene (CRG) signature to evaluate the clinical implications of CRG expression. Besides, we also evaluated and clarified the correlations between the CRG signature and the landscape of the glioma immune microenvironment.
MATERIALS AND METHODS
Data collection and preprocessing
RNA-seq data and clinical information of glioma patients were obtained from public databases and the REMBRANDT database. We downloaded fragments per kilobase million (FPKM) data of 662 primary gliomas from the Cancer Genome Atlas (TCGA, of which 655 had survival data). FPKM data of 226 primary gliomas, as well as the array data of 369 gliomas from the REMBRANDT (Gusev et al., 2018) cohort, were downloaded from the Chinese Glioma Genome Atlas (CGGA) curation (Zhao et al., 2021) (http://www.cgga.org.cn/). Genes expressed at a too low level (maximum FPKM <0.1) were excluded from the analysis.
Our cohort contained 77 primary glioma patients enrolled at West China Hospital (WCH). mRNA-sequencing data of their glioma tumor tissue obtained during craniotomy were quantified using STAR and normalized into FPKM. The survival data of these patients were acquired through telephone interviews every 3–6 months. Overall survival (OS) was defined as the period from surgery to death or the end of the last interview (censored value). Among all cohorts, patients with age <18 were excluded. Available clinicopathological information of all the four cohorts was shown in Table 1.
TABLE 1 | Clinicopathological characteristics of adult primary glioma patients in TCGA, CCGA, REMBRANDT, and WCH cohort.
[image: Table 1]Unsupervised clustering analysis using CRGs
Twelve cuproptosis-related genes (CRGs), including LIAS, LIPT1, PDHB, GLS, PDHA1, ATP7B, CDKN2A, MTF1, FDX1, SLC31A1, DLAT, and DLD, were defined according to previous literature (Tsvetkov et al., 2022). Consensus clustering analysis was conducted to depict different cuproptosis patterns in glioma based on the expression level of CRGs using the R package “ConsensusClusterPlus” with 100 iterations (Wilkerson and Hayes, 2010). The cluster number was determined based on the cumulative distribution function (CDF) curve of the consensus index and the sample size. Through this process, we tried to expand the sample size of each cluster and keep a smoothly escalating CDF. To visualize the transcriptomic distinctions among all the clusters, we conducted the t-Distributed Stochastic Neighbor Embedding (tSNE) analysis with the expression of CRGs. After exploration of the CRG expression clusters, we then trained a naïve Bayes model using the CRG expression and cluster labels in the TCGA dataset and subsequently stratified samples in the other three cohorts.
Construction and validation of cuproptosis-related gene risk signature
To investigate the correlation between CRG expression and glioma prognosis, we constructed a CRGs risk signature evaluation system. The TCGA dataset was first split into the training and test sets at a ratio of 6:4, while those from the other three datasets were held out as validation sets. In the training set, the CRGs were screened using least absolute shrinkage and selection operator (LASSO) Cox regression analysis. The genes whose coefficient was not 0 at the lambdas minimum C-index in 100 random repetitions of LASSO Cox regression were identified as critical CRGs in glioma, and the risk signature was constructed based on the expression of these critical CRGs. The cuproptosis-related genes risk signature (CRGRS) was calculated using the following formula:
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In this formula, β and Exp stand for the coefficients and expression levels of each critical CRGs, respectively. All patients were allocated to high-risk or low-risk groups according to the optimal CRGRS cut-off value determined by ‘surv_cutpoint’ in the R package “survminer” with group proportion ≥0.1. Furthermore, we illustrated the receiver operating characteristic (ROC) curve in validation sets of 1/2/3-years survival and calculated the area under the ROC curve (AUC) using the R package “timeROC”.
Somatic mutation and copy number variation analysis
To analyze different patterns of somatic mutations and copy number variations (CNVs) between consensus clusters and CRGRS-related risk groups, we obtained somatic mutations and CNVs data of patients in the TCGA cohort from the cBioPortal database (https://www.cbioportal.org). The most frequent gene mutations were visualized using the R package “maftools”. The Genomic Identification of Significant Targets in Cancer (GISTIC) score was used to evaluate the CNV levels.
Functional enrichment analysis and tumor microenvironment immune landscape evaluation
To elucidate the differences of enrichment between different consensus clusters and CRGRS risk groups, over-representation and gene set enrichment analysis (GSEA) was used to assess differentially expressed genes (DEG) with Gene Ontology (GO) enrichment with the R package “clusterProfiler”. DEGs between groups were identified using R package ‘limma’ and were defined as those with adjusted p-value < 0.05 and |log2FC| > 0.5. The R package “GSVA” was used to transfer the logFPKM matrix to pathway expression matrix, and “limma” was used to identify the differentially expressed pathways among the clusters. The website CIBERSORTx (https://cibersortx.stanford.edu/) was used to calculate the absolute infiltration fraction of immune cells in glioma. Moreover, we utilized the Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) to estimate the infiltration of immune and stromal cells tumor microenvironment (Yoshihara et al., 2013). For tumor purity, we used the results published by D. Aran et al., which included tumor purity computed by the ESTIMATE algorithm and the consensus purity estimation (CPE) approach (Aran et al., 2015). In silico analysis of T cell exclusion, dysfunction in the TME, and prediction of ICI response were conducted using the TIDE suite (tide.dfci.harvard.edu) (Jiang et al., 2018).
Prognostic factor analysis and nomogram construction
CRGRS and other potential prognostic factors, including the tumor grade, age, radiotherapy, chemotherapy, gender, KPS, 1p/19q codeletion, and IDH mutation, were included in the univariate Cox regression analysis. Subsequently, the factors confirmed as prognostic factors in univariate analysis (p < 0.05) were assessed in multivariate Cox regression analysis.
Those factors, confirmed potential independent prognostic factors, were united to construct a nomogram with the R package ‘rms’. Finally, the calibration curves and receiver operating characteristic (ROC) curves were used to evaluate the efficiency of the nomogram for predicting the prognosis of glioma patients.
Statistical Analysis
The bioinformatic analyses were completed in the R software (version 3.6.1). For continuous variables, the Wilcoxon rank sum test was used to determine the difference between two groups, and Kruskal–Wallis one-way analysis of variance followed by post hoc Wilcoxon tests was conducted for three or more groups. For those categorical variables, the chi-square test was used to determine the difference in proportions. The R package ‘survminer’ was used to perform Kaplan-Meier (KM) analysis. The differences between KM curves were determined using the log-rank test. Cox regression analysis was conducted using the coxph function in R package “survival” and LASSO-Cox regression was performed using R package ‘glmnet’. To ensure the robustness of correlation analysis, we removed the outliers using iterative Grubbs test before fitting linear regression to scatter plots.
Ethical approval and consent to participate
Tumor samples and clinical data collection and use were performed in strict accordance with ethics regulations and approved by the institutional review board of West China Hospital (No. 2018.569) based on local ethics regulations and the 1964 Helsinki declaration and its later amendments. The patients signed written consent for tumor tissue collection and processing.
RESULTS
Consensus clustering analysis of CRG expression discovered three distinct glioma subgroups
To understand the expression patterns CRGs in gliomas, we conducted an unsupervised consensus clustering analysis of the TCGA glioma samples with the expression of the twelve CRGs. By evaluating the CDF and cluster size according to the principles described in Materials and Methods, we could classify them into four consensus clusters. However, the survival analysis demonstrated that two clusters (cluster1 and 2) showed highly similar CRG expression patterns and patient outcomes (Supplementary Figure S1). In the meantime, these two clusters were essential subsets from cluster 1 if the dataset was divided into three consensus clusters. Therefore, we merged these two clusters, eventually classifying the gliomas into three consensus clusters and verifying their distinction in CRG expression patterns with tSNE analysis (Figure 1A).
[image: Figure 1]FIGURE 1 | Consensus clustering of gliomas based on CRG expression. (A)CRG expression tSNE of the consensus clusters. (B) Kaplan-Meier Curve of the consensus clusters (p < 0.0001). (C) Heatmap of the expression level of 12 CRGs in the consensus clusters. (D) The expression level of FDX1, SLC31A1, PDHA1, and ATP7B between the consensus clusters.
Survival analysis demonstrated that the survival outcome of cluster 3 is significantly poorer than other clusters (Figure 1B), and cluster 1 had the longest overall survival (OS) with a 5-years survival ratio of over 60%. We next stratified gliomas in the other three cohorts with a naïve Bayes model trained using the TCGA dataset and found that cluster1 remained the gliomas with the best prognosis while the other two clusters had significantly worse survival outcomes (Supplementary Figure S2A). The expression level of 12 CRGs in the three clusters was depicted with a heatmap (Figure 1C). The differences among the three clusters suggested that FDX1 and SLC31A1 were associated with the more aggressive cluster3 (Figure 1D). PDHA1 and ATP7B were higher in less aggressive cluster1. The differences in the expression level of the other eight CRGs were given in Supplementary Figure S2B. Furthermore, representative immunohistochemical (IHC) staining for SLC31A1 and ATP7B in high- and low-grade glioma from the Human Protein Atlas (Pontén et al., 2008) (https://www.proteinatlas.org/) was utilized to validate the results (Supplementary Figures S2C, S2D). The results of IHC revealed that the expression level of SLC31A1 in high-grade glioma was significantly higher than in low-grade glioma, and ATP7B was lower in high-grade glioma, which was in line with the results from sequencing.
Analyses of the clinical and pathological features among the three clusters revealed several noticeable trends. The patients with cluster 1 tumors, which presented with the best prognosis, had the smallest age at tumor diagnosis (Figure 2A). The sex ratios showed no significant difference between the three clusters (Figure 2B). Besides, the WHO grade 4 gliomas accounted for 44.1% of all tumors in cluster 3, which indicated cluster 3 gliomas had the highest WHO grade among all the three clusters, and this result was consistent with the results of survival analysis (Figure 2C). Isocitrate dehydrogenase (IDH) mutant, which emerged as an essential positive prognostic factor for gliomas, was detected in most (87.0%) patients of cluster 1 (Figure 2D). Moreover, the incidence of 1p/19q codeletion, recognized as “golden standard” for diagnosis of oligodendroglioma, was apparently more prevalent in cluster 1 compared to other clusters. Both alpha-thalassemia x-linked intellectual disability syndrome (ATRX) gene mutation and MGMT promoter methylation occurred less frequently in cluster 3 than in other clusters (Figures 2F,G). The highest incidence of telomerase reverse transcriptase (TERT) promoter mutation, a vital factor for both diagnosis and prognosis, was also observed in cluster 3 (Figure 2H).
[image: Figure 2]FIGURE 2 | Clinicopathological features of the consensus clusters. Differences between consensus clusters in (A) age at diagnosis, (B) gender, (C) WHO grade, (D) IDH status, (E)1p19q codeletion, (F) ATRX status, (G) MGMT promoter methylation, and (H) TERT promoter mutation. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
The GSVA analysis of the three clusters found distinctive pathway alternations. A number of pathways, including calcium signaling, pyruvate metabolism, neuroactive ligand receptor interaction, and GnRH signaling pathway, were significantly upregulated in cluster 1 compared to cluster 2 and 3. On the contrary, other pathways, including antigen processing and presentation, cytosolic DNA sensing pathway, and primary immunodeficiency, were more over-activated in cluster 2 and 3 than in cluster 1 (Figure 3A). Additionally, the REACTOME pathway gene sets were also utilized in enrichment analysis to explore the different pathway patterns of the three clusters (Figure 3B). The cytokine receptor interaction (normalized enrichment score (NES) = 2.908, adjusted p-value = 0.008), and graft versus host (NES = 3.128, adjusted p-value = 0.008) were ranked in the top five gene sets of the KEGG in the comparison between cluster 1 and 2 using GSEA (Figure 3C). Simultaneously, other top 5 enriched gene sets enriched in the DEGs between cluster 1 and 2, or cluster 1 and 3 in KEGG and REACTOME datasets were illustrated (Figures 3C–F).
[image: Figure 3]FIGURE 3 | Functional analysis of the transcriptome of the consensus clusters. (A) Top 20 differentially expressed KEGG gene sets. (B) Top 20 differentially expressed REACTOME gene sets. (C) Top five pathways with the highest normalized enrichment score in the KEGG gene sets between cluster1 and cluster2, (D) between cluster1 and cluster3. (E) Top five pathways with the highest NES in the REACTOME gene sets between cluster1 and cluster2, (F) between cluster1 and cluster 3.
Gene mutations and copy number variations in the three CRG clusters
Analyses of the alternation rate of frequent mutations in glioma, including IDH1, TP53, ATRX, CIC, EGFR, PTEN, PIK3CA, and NF1, depicted the various patterns of genetic alternations among the three clusters (Figure 4A). Additionally, the 12 showed very low alternation rates, which rule out bias during expression analysis caused by gene alternations (Figure 4A). Besides, analysis of the top 20 frequently mutated genes in the three clusters revealed distinct mutational patterns between the three clusters, especially for cluster3, which was characterized by a less frequent mutation in the IDH genes but more frequent EGFR mutations (Figures 4B–D).
[image: Figure 4]FIGURE 4 | Genetic mutations and copy number variations of the three clusters. (A) Gene alternations of 12 CRGs and top 8 frequently mutated genes. (B) Top 20 mutated genes in cluster1, (C) in cluster 2, (D) in cluster 3. (E) Heatmap of copy number variations of the three clusters.
The analysis of copy number variations (CNVs) provided a differential karyotype landscape of each cluster (Figure 4E). The gain of chromosome 7 and the loss of chromosome 10 (+7/−10), a novel diagnostic marker of glioma associated with poor prognosis, were observed in most patients in cluster 3. On the contrary, the incidence of +7/−10 was remarkably lower in the subgroup with the best survival outcome, cluster 1.
Differential immune characteristics of tumor microenvironment between the three CRG clusters
Based on the three consensus clusters, we further conducted immune analyses to evaluate the relationships between cuproptosis and the immune microenvironment in glioma. The CIBERSORTx algorithm was utilized to predict the infiltration fraction of 22 immune cells in TME. In the estimation of CIBERSORTx, several immune cells, including CD8+ T cells, neutrophils, macrophages (M0, M1, and M2), and resting NK cells, were poorly recruited in cluster 1, whereas plasma cells were enriched in cluster 1 (Figure 5A). Additionally, the results of the ESTIMATE indicated that the stromal score, immune score, and ESTIMATE score were significantly lower in cluster 1 compared to other clusters (Figure 5B). Furthermore, the tumor purity decreased from cluster 1 to 3, opposite to immune scores (Figure 5C). These findings suggested that a higher tumor purity and lower immune scores may correlate positively with lower tumor aggressiveness.
[image: Figure 5]FIGURE 5 | Differences in immune features of tumor microenvironment between the clusters. (A) Boxplot of the estimated fraction of 22 immune cells in tumors. (B) Stromal, immune, and ESTIMATE scores of the consensus clusters. (C) Tumor purity is calculated by the ESTIMATE and CPE algorithms. (D) T cell dysfunction and exclusion score of the consensus clusters. (E) Percentage of predicted responder to immune checkpoint inhibitor therapy in each consensus cluster. (F) The expression level of 33 immunotherapy-related genes in each consensus cluster. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001, post hoc Wilcoxon test results were shown if p < 0.05 in Kruskal–Wallis test.
Furthermore, we utilized the TIDE suite to explore the T cell dysfunction and exclusion scores (Figure 5D). Analysis of response to ICIs revealed that cluster 2 and 3 might show higher predicted response rates. Finally, to investigate the expression levels of multiple crucial genes in TME, differences in the expression of immune-related genes were analyzed between the three clusters. We found that several immunotherapy-related genes, including CD274 (PD-L1), CD276 (B7-H3), CD279 (PD-1), and CTLA4, were highly expressed in cluster 3 compared to other clusters (Figure 5F).
Construction and validation of the cuproptosis-related genes risk signature and correlation with clinicopathological features
To identify the genes for CRG risk signature (CRGRS) construction, we utilized the LASSO-Cox regression to filter the 12 CRGs with the training set data. Eventually, eight CRGs, MTF1, PDHB, FDX1, SLC31A1, PDHA1, ATP7B, LIAS, and DLD, were determined essential for constructing risk signature (Figure 6A). The formula for calculating the CRGRS was as follows:
[image: image]
[image: Figure 6]FIGURE 6 | Expression signature of cuproptosis-related genes and its relationship with prognosis. (A) Average of coefficients of 7 critical CRGs in the LASSO Cox regression at each lambda value. (B) The relationship between the consensus clusters and two CRGRS risk groups. (C) K-M curve of the TCGA test set, cut off = 0.19. (D) K-M curve of the CGGA cohort, cut off = 0.39. (E) K-M curve of the REMBRANDT cohort, cut off = -9.64. (F) K-M curve of the WCH cohort, cut off = -0.056. (G) Univariate and (H) Multivariate Cox regression analysis of potential prognostic factors in overall survival of glioma.
Next, we used the “surv_cutpoint” algorithm to find the optimal CRGRS cut-off and allocated the patients from each dataset into CRGRS low and high-risk subgroups. In the CRGRS risk grouping, most gliomas in cluster 1 were allocated to CRGRS low-risk group. Most of those in cluster 3 were allocated to the high-risk group (Figure 6B). The Kaplan-Meier survival curves confirmed that the patients with gliomas in the high-risk group had significantly poorer overall survival than the low-risk group in all four validation cohorts (Figures 6C–F).
To further evaluate the significance of the CRGRS in the clinical context, we first assessed its prognostic value using univariate followed by multivariate Cox analysis. The univariate Cox regression demonstrated that tumor grade, patient age, radiotherapy, chemotherapy, 1p19q codeletion, IDH mutation, and CRGRS emerged as significant univariate prognostic factors (Figure 6G). Further multivariate analysis proved that CRGRS was an independent prognostic factor (p = 0.024, HR: 1.42) after counterweighing the effects of other factors (Figure 6H). To demonstrate the added value of constructing the CRGRS, we also performed multivariate Cox regression analysis on each CRG with the prognostic clinicopathological factors, and found that none of the individual CRG were independent prognostic factor for glioma patients (Supplementary Table S1).
In addition to the prognostic value, we also investigated the clinical implications of CRGRS by studying its association with other clinicopathological features. Between male and female groups, CRGRS was of no significant difference (Figure 7A). Furthermore, higher grade, IDH-wild type, non-1p19q codeletion, ATRX-wild type, MGMT unmethylated, TERT mutant, and glioblastoma were correlated with a higher CRGRS (Figures 7B–H). The heatmap combining CRGRS, clinicopathological features, and eight essential CRGs was used to illustrate their relationships (Figure 7I).
[image: Figure 7]FIGURE 7 | Relationship between clinicopathological features and the CRGRS. The differences in CRGRS with respect to (A) gender, (B) WHO grade, (C) IDH status, (D) 1p19q codeletion, (E) ATRX status, (F) MGMT promoter methylation, (G) TERT promoter mutation, (H) Histology diagnosis. (I) Heatmap sorted by CRGRS, elucidated clinicopathological features and expression of 7 critical CRGs in the TCGA cohort. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
Prediction of patient outcome with a CRGRS-based nomogram
We first conducted ROC analyses to evaluate the performance of CRGRS alone in predicting patient survival at 1, 2, and 3 years. In the TCGA validation set, the AUCs of CRGRS were 0.787, 0.868, and 0.842 at 1, 2, and 3 years (Figure 8A), and similar performance was achieved in the other three validation cohorts (Figures 8B–D). We next integrate the CRGRS with other potential independent prognostic factors (p < 0.1) in the multivariate Cox regression analysis to construct a nomogram for personalized survival prediction based on the comprehensive clinical information for each patient. Finally, five factors, including IDH status, radiotherapy, grade, 1p19q codeletion, and CRGRS, were involved in nomogram construction (Figures 8E,G). The corrected C-index of the integrated nomogram was 0.818 for the TCGA cohort and 0.763 for the CGGA cohort. Moreover, the 1-, 2-, and 3-years calibration curves for the nomogram endorsed the accuracy of the survival time prediction (Figures 8F,H).
[image: Figure 8]FIGURE 8 | Prognostic value of CRGRS and construction of a CRGRS-based nomogram. ROC curves and matched AUC of 1-, 2-, and 3-years survival in (A)TCGA validation set, (B) CGGA cohort, (C) REMBRANDT cohort, and (D) WCH cohort. (E) Nomogram of 1-, 2-, 3-years survival of glioma patients based on (E) TCGA cohort, (G) CGGA cohort. Calibration plots of the nomogram based on (F) TCGA cohort and (H) CGGA cohort.
Analyses of functional enrichment, genetic alternations, and immune characteristics of tumor microenvironment based on CRGRS risk groups
Based on the CRGRS, we conduct analyses of functional enrichment, gene mutations, CNVs, and immune characteristics to explore the differences between low and high-risk groups. GSEA of DEGs between the two risk groups discovered that cell cycle and cytokine receptor interaction were among the list of top 5 enriched KEGG gene sets (Supplementary Figure S3A), and hemostasis and innate/adaptive immune system were ranked within the top 5 of REACTOME gene sets (Supplementary Figure S3B). The GSVA analysis identified multiple gene sets differentially expressed between the risk groups, such as DNA replication, glutathione metabolism, transports of nucleotide sugars, and meiotic recombination. (Supplementary Figures 3C–F). Moreover, the analysis of genetic alterations found very few alternations in the eight critical CRGs involved in CRGRS construction (Supplementary Figure S4A). The top 20 mutated genes in the high-risk group included TP53, PTEN, EGFR, and NF1 (Supplementary Figure S4C), while those of the low-risk group were apparently different (Supplementary Figure S4B). Results of the CNVs analysis found an enormously higher incidence of +7/-10 chromosomes in the high-risk group (Supplementary Figure S4D).
CIBERSORTx estimation of the immune cell fractions indicated different patterns of immune cell infiltration between the two risk groups. The predicted fractions of macrophages (M0, M1, M2), CD8+ T cells, regulatory T cells (Tregs), resting NK cells, and neutrophils were significantly lower in the low-risk group compared to the high-risk group (Figure 9A). On the contrary, naïve B cells, plasma cells, activated NK cells, and monocytes were more abundant in the low-risk group (Figure 9A). Analyses of the immune scores revealed that the low-risk group had a remarkably lower stromal score, immune score, and ESTIMATE score (Figure 9B), whereas the tumor purity of the low-risk group was significantly higher than that of the high-risk group (Figure 9C). The correlation analysis also proved that CRGRS positively correlated with the stromal, immune, and ESTIMATE scores but negatively correlated with the tumor purity (Figure 9D). The estimated T cell dysfunction and exclusion scores were higher in the high-risk group (Figure 9E). Prediction of immunotherapy response using TIDE indicated that patients with high-risk gliomas were more likely to benefit from ICIs (Figure 9F). Most of the tumor immunity-related genes, including PD-L1 (CD274), PD-1 (CD279), CTLA4, and B7H3 (CD276), were at a higher expression level in the high-risk group. Most of the findings about the immune characteristics of the tumor microenvironment could be validated in the CGGA, REMBRANDT, and our WCH cohort (Supplementary Figure S5).
[image: Figure 9]FIGURE 9 | Differences in immune features of tumor microenvironment between two CRGRS risk groups. (A) Boxplot of the estimated fraction of 22 immune cells in tumors. (B) Stromal, immune, and ESTIMATE scores of the two risk groups. (C) Tumor purity of the two risk groups based on the ESTIMATE and CPE algorithms. (D) Analyses of correlations of CRGRS with the stromal, immune, ESTIMATE score, and tumor purity. (E) T cell dysfunction and exclusion score of two risk groups. (F) Percentage of predicted responders to immune checkpoint inhibitors therapy in each risk group. (G) The expression level of 33 immunotherapy-related genes in two risk groups. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
DISCUSSION
By estimation, there are 308 thousand new cases of Central Nervous System (CNS) malignant tumors worldwide every year (Sung et al., 2021), of which 80% are gliomas (Ostrom et al., 2021). Despite persistent research efforts worldwide, the treatment outcome of gliomas, especially glioblastomas, remains unfavorable. Cancer immunotherapy, targeting enhancing natural defenses to attack malignant cells, has been confirmed to improve outcomes in multiple cancers (Eggermont et al., 2018; Gandhi et al., 2018; Choueiri et al., 2021; Cortes et al., 2022). Nevertheless, almost all immunotherapy attempts on glioblastoma failed to improve overall survival (Weller et al., 2017; Wakabayashi et al., 2018; Reardon et al., 2020; Lim et al., 2022; Omuro et al., 2022). The immunologically quiescent environment of CNS resulting from the blood-brain barrier (BBB) could be a potential reason for the failures of immunotherapy (Jackson et al., 2019). However, a newly-discovered unique lymphatic pathway paralleling the dural venous sinuses may provide a channel for the antigen-presenting cells to egress from the brain (Louveau et al., 2015), prime B and T lymphocytes, and then evoke robust immune responses (Lim et al., 2018), which could explain immune activities in brain abscesses and multiple sclerosis (Waksman and Adams, 1955; Canessa et al., 1992). These refreshed insights into the distinct immunological pathways in CNS disease suggest that there is still an abundance of opportunities and challenges for immunotherapy application in gliomas.
Copper has been proved to be involved in cell proliferation and death pathways (Ge et al., 2022). As an essential cofactor for multiple enzymes, copper mediates several cell functions, including antioxidant defense, synthesis of hormones, and respiration of mitochondria (Solomon et al., 1996; Que et al., 2008). A recent study characterized the cuproptosis pathway, which defined a copper-dependent RCD mediated by the binding of copper to lipoylated components of the Krebs cycle (Tsvetkov et al., 2022). This novel form of RCDs became a potential target for glioma treatment to overturn the failures of multiple novel therapies caused by apoptosis resistance (Gong et al., 2019). To understand if cuproptosis is involved in the pathophysiology of gliomas and influence the immune characteristics of the glioma microenvironment, we investigated the expression pattern of cuproptosis-related genes (CRG) in gliomas and associated the CRG expression signature with the clinical, molecular, and immunological landscape of gliomas using publicly available and in-house dataset.
In our present study, we first cluster the glioma patients into three subgroups based on the different expression patterns of twelve cuproptosis-related genes. The patterns of clinicopathological characteristics and survival outcomes are diverse in these clusters. Several critical prognostic factors of glioma, including IDH mutation, 1p/19q codeletion, and TERT promoter mutation (Eckel-Passow et al., 2015), were found to be tightly correlated with the expression pattern of CRGs and the CRGRS. Of note, isocitrate dehydrogenase (IDH) was an essential enzyme of the tricarboxylic acid (TCA) cycle, whose mutations lead to aberrant tricarboxylic acid cycle and producing oncometabolite D-2-Hydroxyglutarate (D-2HG) (Dang et al., 2009; Bleeker et al., 2010). Since the cuproptosis mechanism is known to interact with the TCA, it was no surprise to us that the CRGRS was closely associated with the IDH mutation (Que et al., 2008; Tsvetkov et al., 2022). Besides, the functional gene set analysis results suggested that different expression patterns of CRGs were involved in regulating the citrate cycle, confirming the relationship between cuproptosis and the TCA cycle. The incidence of different gene alterations differs widely among clusters. For example, the epidermal growth factor receptor (EGFR), which has been implicated in glioma development (Eskilsson et al., 2018), is frequently amplified, mutated, and overexpressed in malignant gliomas, especially glioblastoma (Brennan et al., 2013). Multiple EGFR-targeted therapies have succeeded in NSCLC (Mok et al., 2009; Ramalingam et al., 2020). However, the EGFR inhibitors failed to improve overall survival in glioblastoma patients (Chinot et al., 2014; Gilbert et al., 2014; Weller et al., 2017). The heterogeneity of EGFRs in glioma might be an essential reason for the failure of anti-EGFR therapy in glioma. Gene alternation analysis of different clusters shows that the incidence of EGFR alternations variates largely. The cluster with the best prognosis hardly harbors EGFR alternations. Nevertheless, the rate surges to 23% in the most aggressive cluster. For further validation, this incidence of CRGRS high-risk group was 26%, remarkably higher than the low-risk group’s 4%. These results indicated that cuproptosis was tightly related to EGFR status. Although the relationship between cuproptosis and EGFR remained unclear, more studies in this field might provide a novel direction for EGFR inhibitors’ application in glioma and overturn previous failures.
The cooperation of copper importer SLC31A1 (CTR1) and the copper exporter ATP7A and ATP7B is essential for maintaining the intracellular copper concentration (Lutsenko, 2010). After overexpressing the copper importer SLC31A1, cells’ sensitivity to copper concentration surged dramatically (Tsvetkov et al., 2022). Deleting the copper exporter ATP7B would lead to intracellular copper accumulation and cell death (Lutsenko, 2008; Muchenditsi et al., 2021). Our result showed that the high expression level of SLC31A1 and low expression of ATP7B were found in more aggressive gliomas, which indicate high influx and low efflux of copper, resulting in copper retention in these tumors. FDX1 also reduces Cu2+ to Cu+ and contributes to cuproptosis sensitivity by enhancing lipoylation of TCA carbon entry regulators, including DLAT (Tsvetkov et al., 2019; Tsvetkov et al., 2022), was also expressed at a higher level in the high CRGRS group. Together, these results suggest higher cuproptosis potential in the high CRGRS gliomas. However, the conclusions on the phenotype of cuproptosis should be interpreted cautiously, considering the complex interactions between the altered metabolism program in gliomas. For instance, malignant gliomas are known to produce abundant glutathione (GSH), which could block cuproptosis by chelating copper (Rocha et al., 2014; Tsvetkov et al., 2022). Nevertheless, as suggested by our results, the mechanism of cuproptosis appears to be an attractive therapeutic target to exploit for malignant gliomas.
The immune analysis in the present study evaluated the relationship between cuproptosis and the tumor immune microenvironment in glioma. The CIBERSORTx analysis estimated a more abundant infiltration of multiple immune cells in the high-risk group. Notably, M2 macrophages, which are recognized for a critical role in immunosuppressing and tumor promotion (Noy and Pollard, 2014), are enriched in the glioma of the high-risk group. Previous studies demonstrated that malignant gliomas were significantly more capable of recruiting blood-derived TAMs than low-grade glioma, but the number of microglial-related TAMs shows no significance between the two glioma subtypes (Müller et al., 2017). TAMs play a crucial role in secreting chemokines to recruit Treg cells, producing cytokines to suppress functions of T cells, and upregulating immunosuppressive surface proteins (Curiel et al., 2004; Colombo and Piconese, 2007; Yang and Zhang, 2017). The results of these studies corroborate the abundant infiltration of Treg cells in the high-risk group found in the present study.
In addition to the cellular crosstalk, TAMs often express PD-L1 to inhibit phagocytosis and tumor immunity (Gordon et al., 2017), which was a consensual target for ICIs to enhance anti-tumor immunity (Cha et al., 2019). The overexpression of CD274 (encoding PD-L1) was also confirmed in the high-risk group. These results demonstrate the potential of CRGRS to predict the immune characteristics of the tumor microenvironment in glioma. Those gliomas in CRGRS high-risk group would harbor more immune cell infiltration, express more immunotherapy targets (including PD-1, PD-L1, CTLA4, and B7H3), and therefore could potentially present a better response to immunotherapy. Glioma is often considered an immunologically cold tumor, which is a fundamental reason for the failures of immunotherapy. Only lesser than 3% of cells express PD-L1 in glioblastoma (Nduom et al., 2016). Predicting immune characteristics with CRGRS would help when choosing an optimal immunotherapy strategy.
Our study comprehensively explored the relationship of cuproptosis-related genes with the clinicopathological features, prognosis, and immune characteristics of glioma. However, there are still several limitations to our study. First, due to the usage of four independent datasets, the sequencing protocols and data preprocessing procedure varied for each dataset. Second, the data from the REMBRANDT cohort lacks some essential markers, such as IDH mutation. Moreover, although we thoroughly validated our results using multiple independent validation datasets and an in-house dataset, the findings of the present study and the mechanism for the associations still require experimental validation and exploration. Finally, the role of cuproptosis in glioma represents a promising research target and needs to be further elucidated by future studies.
CONCLUSION
In conclusion, based on the comprehensive analyses of four datasets, we demonstrated that the expression of cuproptosis-related genes was tightly correlated with clinicopathological features, overall survival, and tumor immune microenvironment of glioma. The novel cuproptosis-related genes risk signature achieved favorable accuracy in predicting prognosis in glioma patients. Furthermore, gliomas with high CRGRS risk potentially harbored more abundant immune cell infiltration and expressed immunotherapy targets at a higher level. Hence, the CRGRS may be utilized to guide the application of immunotherapy in glioma.
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Background: Although DBT is strongly associated with human tumorigenesis and progression through a variety of pathways, the role of DBT in clear cell renal cell carcinoma (ccRCC) has not been well established.
Materials and methods: The Cancer Genome Atlas (TCGA)-Kidney renal clear cell carcinoma (KIRC) databset provides RNA sequencing data and clinicopathological information on ccRCC. The Gene Expression Omnibus (GEO) database was used to validate the DBT expression levels, and qPCR was used to examine the DBT expression in renal cancer cell lines and ccRCC tissue samples from our centre. In parallel, DBT protein expression was explored in the Human Protein Atlas (HPA) database, and western blotting and immunohistochemistry of renal cancer cell lines and ccRCC tissues validated the results. Additionally, the diagnostic and prognostic value of DBT was comprehensively evaluated by receiver operating characteristic (ROC) curves, univariate and multivariate Cox regression analyses, and Kaplan‒Meier survival analysis. The protein‒protein interaction (PPI) network based on the STRING website, Gene Ontology (GO) analysis, Kyoto Gene and Genome Encyclopedia (KEGG) analysis and gene set enrichment analysis (GSEA) further provided a landscape of the molecular mechanisms of DBT in ccRCC. Finally, the TIMER 2.0, GEPIA and TISIDB websites were used to understand the relationship between DBT and immune characteristics.
Results: The mRNA expression and protein expression of DBT were significantly downregulated in ccRCC tissues relative to normal tissues, which was associated with poor clinical outcomes. DBT has an encouraging discriminatory power for ccRCC and is an independent prognostic factor for ccRCC patients. Mechanistically, DBT is mainly involved in the regulation of immune-related signalling pathways in ccRCC; it is associated with a variety of immune infiltrating cells and immune checkpoints.
Conclusion: DBT is a tumour suppressor gene in ccRCC and could be used as a new biomarker for diagnostic and prognostic purposes, and it is associated with immune infiltration in ccRCC.
Keywords: clear cell renal cell carcinoma, DBT, immune infiltration, prognostic biomarker, bioInformatic
INTRODUCTION
Renal cancer is one of the most common urological tumours in the urinary system, ranking 6th and 9th in incidence among men and women in the United States, respectively (Siegel et al., 2022). The numbers of cancer cases and cancer-related deaths in China are expected to reach 77,410 and 46,345, respectively, in 2022 (Xia et al., 2022). Over 90% of renal cancers are renal cell carcinomas, mainly originating from the renal epithelium, with clear cell renal cell carcinomas (ccRCCs) being the most common subtype (Jonasch et al., 2014). Patients with ccRCC often lack typical clinical symptoms, resulting in a significant proportion of patients developing distant metastases by the time of their initial presentation (Grimaldo-Roque et al., 2022). In addition, although partial nephrectomy or radical nephrectomy can achieve good results for patients with early-stage renal cancer, one-third of patients still experience postoperative recurrence and metastasis (Stewart et al., 2014). The poor prognosis of this disease is highlighted by a 5-year survival rate of less than 10% in patients with advanced ccRCC (Choueiri and Motzer, 2017). In recent years, although antiangiogenic therapy and immune checkpoint inhibitors have brought satisfactory results for a proportion of ccRCC patients, the applicability and durability of treatment strategies remains a great challenge (Sanmamed and Chen, 2018). As a result, the molecular landscape of ccRCC needs to be continuously refined to achieve precise individualized treatment and more durable responses.
Dihydrolipoamide branched-chain transacylase E2 (DBT) is the transacylase subunit of the BCKDH complex; it is a key enzyme in amino acid metabolism, according to previous studies, and the main function of the BCKDH complex is to participate in the catabolic metabolism of branched-chain amino acids (Pettit et al., 1978; Hu et al., 1986). It has been shown that the interaction of DBT with peroxiredoxin V is involved in the response to hypoxic stress in the kidney (Ahn et al., 2015). In addition, mutations in the DBT gene can occur, and such mutations can cause maple syrup urine disease (MSUD) and may have serious consequences, such as dystonia or even death (Strauss et al., 2010). DBT is also the E2 subunit of the pyruvate dehydrogenase complex (PDC) (Tsvetkov et al., 2022), which is mainly involved in the TCA cycle and glycolytic pathways and has been shown by studies to be closely associated with the development and progression of cancer (McFate et al., 2008). The inhibition of PDC activity helps to reduce the malignant phenotype of human head and neck squamous cell carcinoma and inhibit the growth of colorectal cancer (McFate et al., 2008; Jin et al., 2020). It has been shown that there is specificity between DBT and signal transducer and activator of transcription 5 (STAT5) in leukaemic T-cell lines and that STAT5 can be translocated to mitochondria by cytokine regulation and tyrosine phosphorylation to bind to DNA and promote cancer cell growth through a cellular metabolic pathway (Chueh et al., 2010). Overall, this previous evidence suggests that DBT may play a specific role in human cancers.
However, the exact mechanism of action of DBT in ccRCC is still not well understood. Therefore, the purpose of this study was to investigate the expression level and prognostic value of DBT in ccRCC and to explore its potential mechanisms.
MATERIALS AND METHODS
Ethical statement
The study was conducted in accordance with the Declaration of Helsinki, and the protocol was approved by the Ethics Committee of the First Affiliated Hospital of Nanchang University Ethics number: (2021) Medical Research Ethics No. (12-024); date of approval 1 December 2021. We also selected 14 pairs of fresh ccRCC and adjacent nontumor tissues from our study centre. The use of these samples was approved by the ethics committee, and informed consent was obtained from all enrolled patients.
Data acquisition and mining
The RNA sequencing (RNA-seq) data of ccRCC samples (539 tumour samples and 72 normal tissues)and corresponding clinical data were downloaded from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer. gov/). Gene Expression Omnibus (GEO) datasets (GSE53757 containing 72 matched pairs of renal clear cell carcinoma and normal kidney tissues, GSE53000 containing 56 renal clear cell carcinoma tissues and 6 normal kidney tissues, GSE40435 containing 101 matched pairs of renal clear cell carcinoma and normal kidney tissues, and GSE105261 containing 35 renal clear cell carcinoma tissues and 9 normal kidney tissues) from the National Center for Biotechnology Information (NCBI) (https://www.ncbi.nlm.nih.gov/gds/) were also included in this study for differential expression analysis of DBT (Clough and Barrett, 2016). The “ggplot” package of R software (v.3.6.3) was used to analyse the expression of DBT in ccRCC in the TCGA-KIRC and GEO databases. The Human Protein Atlas (HPA) (https://www.proteinatlas.org/) and the Clinical Proteomic Tumor Analysis Consortium (CPTAC) from UALCAN (http://ualcan.path.uab.edu/index.html)also provided data on the protein expression of DBT in ccRCC and normal tissues as well as relevant histological profiles for our study (Chandrashekar et al., 2017; Uhlen et al., 2017; Chandrashekar et al., 2022).
Cell lines
HK-2, A498, 786-O, ACHN, Caki-1, and OSRC-2 cells were purchased from the Chinese Academy of Sciences (Shanghai, China). Cells were cultured in high-glucose DMEM (Solarbio, Beijing Solarbio Science & Technology Co., Ltd.),MEM (Boster, China) and 1,640 (Gibco, Carlsbad, CA) medium containing 10% FBS(VivaCell Biosciences Co., Ltd.) and 1% streptomycin-penicillin, and maintained at 37°C and 5% CO2.
RNA extraction and quantitative real-time polymerase chain reaction
RNA was extracted from renal cancer cell lines (A498, 786-O, ACHN, Caki-1, and OSRC-2), a normal renal tubular epithelial cell line (HK-2) and 14 paired ccRCC tissues from our research centre by using TRIzol reagent (Cwbio, China) and NanoDrop 2000 software to determine the quality and concentration of RNA. A reverse transcription kit (TransGen Biotech, China, Beijing) was used to synthesize relative cDNA. qPCR was performed using the SYBR Real-Time PCR Kit (TransGen Biotech, China, Beijing), and the relative quantitative data were analysed using the 2-ΔΔCt method. The forward primer sequence for DBT was 5′-TGG​TGC​TAC​AAT​GTC​ACG​CT-3′, and the reverse sequence was 5′-GCT​GGC​ACA​GCT​AGG​GTT​TA-3'. The reference gene was β-actin, in which the forward sequence was 5′-TCT​CCC​AAG​TCC​ACA​CAG​G-3′ and the reverse sequence was 5′-GGC​ACG​AAG​GCT​CAT​CA-3'.
Western blotting
RIRA lysate buff was used to extract total protein from renal cancer cell lines (A498, 786-O, ACHN, Caki-1, and OSRC-2) and normal renal tubular epithelial cells (HK-2), and four pairs of ccRCC tissues and matched adjacent normal tissues from our study centre. Protein concentrations were determined by the BCA method using a bicinchoninic acid kit (CoWin Biosciences). Then, 30ug of total protein was separated by 10% SDS-PAGE (Servicebio, China) and transferred to PVDF membranes (0.45 mm,Immobilon-P Transfer Membrane). The membrane was subsequently blocked for 1 h at room temperature using 5% skim milk and inclubated with corresponding DBT antibody (Affinity Biosciences,DF13569,Rat, 1:1,000) or GAPDH antibody (ZSGB-BIO,TA-08,Mouse, 1:1,000) overnight at 4°C. After rinsing with TBST (Servicebio, China), the membrane was placed in the corresponding secondary antibodies and incubated for 1 h at room temperature, and rinsed again with TBST (Servicebio, China), and target protein expression levels were detected with an ECL kit (Fdbio science, China,Hangzhou) and a DNR Bioimaging System, analysed by using GraphPad Prism 9.
Immunohistochemistry
First, 2 pairs of renal clear cell carcinoma and paraneoplastic normal tissue samples from our study centre were fixed with 10% formalin, dehydrated in a series of graded concentrations of ethanol, xylene transparent, waxed, embedded, and finally made into 5 µm sections. Before using the sections, they were dewaxed using xylene, hydrated in a gradient of ethanol, and incubated in 0.3% methanol-H2O2 solution for 30 min at room temperature to inactivate endogenous peroxidase. The sections were then boiled with 0.01 mol/L citrate buffer in the microwave for antigen repair, blocked in secondary antibody-derived nonimmune serum for 30 min, incubated overnight at 4°C with anti-DBT, washed in PBS, and incubated in secondary antibody for 1 h. The tissue sections were stained with diaminobenzidine and restained with haematoxylin, and the images were taken under a Zeiss microscope.
Analysis of the prognostic value of dihydrolipoamide branched-chain transacylase E2
To further investigate the prognostic ability of DBT expression in ccRCC, the Mann‒Whitney U test of the “ggplot” package was used to explore the association between different clinical stages or states and DBT expression. Kaplan‒Meier (KM) survival curves drawn with the “survminer” and “survivor” packages of R software and receiver operating characteristic (ROC) curves drawn with the “pROC” package demonstrated the ability of high and low DBT expression to determine the prognosis of ccRCC patients with different clinical statuses.
Univariate and multivariate cox regression analyses、construction of the nomogram and generation of calibration plots
Based on univariate and multivariate Cox regression analyses, we evaluated the relationship between DBT and relevant clinical features for prognostic evaluation of the overall survival (OS), disease-specific survival (DSS), and progression-free interval (PFI) of ccRCC patients by using the “survival” package of R software. A nomogram was constructed to determine the prognosis of patients based on DBT expression in the TCGA-KIRC database and relevant clinical data (age, T stage, N stage, M stage, pathological grade, histological grade, etc.) To validate its predictive ability, the “Caret” R package randomised the TCGA-KIRC dataset into training and test groups. The ROC curves and calibration plots at 1, 3 and 5 years further demonstrated the ability of the model to determine the prognosis of ccRCC patients.
Protein–protein interaction and functional enrichment analyses
The extensive PPI data from the STRING website (https://string-db.org/) were used to analyse genes with some association with DBT; the PPI network was visualised using Cytoscape v3.9.1, and the associations between DBT and these genes were further validated (Szklarczyk et al., 2011). The TCGA-KIRC dataset was analysed for differential genes associated with DBT expression; 500 upregulated and 500 downregulated differential genes were screened and subjected to Gene Ontology (GO) enrichment analysis of biological processe (BP), cellular component (CC), and molecular function (MF), and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis with adjusted p < 0.05 and |log2 (fold change)| >1 as the thresholds (Yu et al., 2012). The weighted set cover approach was used to reduce redundancy and set the minimum number of genes to 10 and the number of simulations to 1,000; the “limma,” “org.Hs.eg.db,” “clusterProfiler” and “enrichplot” R packages were used in this analysis. In particular, to further explore the potential signalling pathways of DBT, gene set enrichment analysis (GSEA) was performed on these associated genes (Subramanian et al., 2005).
TIMER 2.0, GEPIA and TISIDB
The correlations between DBT and tumour-infiltrating lymphocytes (TILs) in ccRCC were assessed using R software and TIMER 2.0 (http://timer.cistrome.org/) (Li et al., 2020). The correlations were further explored in terms of the expression of specific markers associated with DBT and TILs based on the “correlation” function of the GEPIA website (http://gepia2.cancer-pku.cn/). In addition, the TISIDB website (http://cis.hku.hk/TISIDB/) was used to explore correlations between DBT and immune checkpoint genes in ccRCC (Ru et al., 2019).
Statistical analysis
All statistics were taken from the website corresponding to R software (v.3.6.3) (Kruppa and Jung, 2017) and the GEO2R website (https://www.ncbi.nlm.nih.gov/geo/geo2r/) (Davis and Meltzer, 2007), with some with special instructions for analysis from the corresponding website. Statistical analysis of the qPCR and WB results was performed by GraphPad Prism 9.0.0. The Wilcoxon signed rank test and Wilcoxon rank sum test were used to compare gene expression differences between normal and cancerous tissues. KM analyses, Cox proportional hazards models, and log-rank tests were used to determine the diagnostic and prognostic value of DBT in patients with ccRCC, and comparison of the correlation between two variables was performed by Spearman correlation analysis. All p values were corrected by the Benjamini‒Hochberg (BH) method, and a p value < 0.05 was considered statistically significant.
RESULTS
Low expression of dihydrolipoamide branched chain transacylase E2 in clear cell renal cell carcinoma
To explore the expression of DBT in ccRCC, the results of TCGA and GEO dataset analysis consistently demonstrated that DBT expression was significantly lower in both renal clear cell carcinoma tissues than in normal tissues (Figure 1A). Similarly, the qPCR results of renal cell carcinoma cell lines (A498, 786-O, ACHN, Caki-1, and OSRC-2) and renal tubular epithelial cells (HK-2), as well as 14 pairs of renal clear cell carcinoma tissues and adjacent normal tissues from our centre, also validated this result (Figures 1B,C). In terms of protein levels, analysis of ccRCC data from the Clinical Proteomic Tumor Analysis Consortium (CPTAC) revealed a significantly lower expression of DBT in cancer tissue compared to normal tissue (p = 1.31015316430268E-57) (Figure 2A). Moreover, WB demonstrated significantly lower expression of DBT levels in renal cancer cell lines (A498, 786-O, ACHN, Caki-1, and OSRC-2) than in normal renal tubular epithelial cells (HK-2), and WB of DBT expression in 4 pairs of renal clear cell carcinoma and adjacent normal tissues also showed lower expression in renal clear cell carcinoma tissues(Figures 2B,C). Furthermore, immunohistochemistry was used to analyse DBT expression in the HPA database and 2 pairs of renal clear cell carcinoma tissues and adjacent normal tissues, and the experiments consistently indicated that DBT is mainly distributed in normal renal tubular epithelial cells and in the nucleus of ccRCC cells. (Figures 2D,E).
[image: Figure 1]FIGURE 1 | Low expression of DBT at the RNA level in ccRCC. (A) DBT showed low expression in the TCGA database and GSE40435, GSE5300, GSE53757, and GSE105261. (B) DBT was verified in renal cancer cell lines (A498, 786-O, ACHN, Caki-1, and OSRC-2) and renal tubular epithelial cells (HK-2) at the RNA expression level to have a low expression status. (C) DBT expression was lower in 14 renal clear cell carcinoma tissues than in the corresponding normal tissues. *p < 0.05, **p < 0.01, ***p < 0.001, “ns”: not statistically significant.
[image: Figure 2]FIGURE 2 | DBT protein expression is low in ccRCC. (A) The histogram obtained from the analysis of data from the Clinical Proteomic Tumor Analysis Consortium (CPTAC) on the UALCAN website shows significantly lower expression of the DBT protein in ccRCC tissues versus normal tissues (p = 1.31015316430268E-57). (B) The results of western blotting of A498, 786-O, ACHN, Caki-1, and OSRC-2 cell lysates showed lower protein expression of DBT in ccRCC cells compared to HK-2 cells, and the histogram quantifying the results also indicated a statistically significant difference. (C) Similarly, DBT protein expression was lower in renal clear cell carcinoma tissues than in matched pairs of paraneoplastic normal tissues, and the histogram quantification confirmed this finding. (D) Immunohistochemical results from the HPA database showed that DBT expression in ccRCC was mainly in the nucleus, whereas in normal renal tissue, it was in normal tubular epithelial cells. (E) This result was also validated by the immunohistochemical results of 2 pairs of ccRCC tissues from our study centre. *p < 0.05, **p < 0.01, ***pp < 0.001, “ns”: not statistically significant,“N”:Normal,“T”:Tumor.
Relationship between the mRNA expression level of dihydrolipoamide branched chain transacylase E2 and the clinicopathological features of clear cell renal cell carcinoma patients
The clinical information and DBT expression information of ccRCC patients from TCGA were analysed together. The results showed that DBT expression was low in ccRCC patients with lethal events (including OS, DSS, and PFI) and higher T stage, M stage, histological grade and pathological stage (Figure 3A). ROC curves plotted by R software were used to assess the diagnostic ability of DBT for ccRCC patients with different statuses and showed area under the curve (AUC) values of 0.974 for diagnosing ccRCC and normal tissues. Similarly, DBT expression could better distinguish between different subgroups of ccRCC, and the area under the curve (AUC) values for distinguishing pathological stages Ⅰ-Ⅱ and III-IV and histological grades 1–2 and 3–4 were 0.969, 0.982, 0.964 ,and 0.985, respectively (Figure 3B), indicating that DBT has an extremely strong diagnostic value.
[image: Figure 3]FIGURE 3 | Relationship between DBT expression and clinical features and its diagnostic value. (A) Low expression of DBT was significantly related to fatal events in terms of OS, PFI, and DSS, while it was also observed in men and those with higher T stage, M stage, histologic grade and pathologic stage, but there was no significant difference in age or N stage. (B) For the diagnostic ability of DBT for ccRCC tumours, the AUC value of DBT for distinguishing ccRCC tissues and normal tissues was 0.974, while the AUC values for distinguishing between different subtypes of ccRCC in pathological stages I-II and III-IV and histological grades 1–2 and 3–4 were 0.974, 0.969, 0.982, 0.964, and 0.985, respectively. *p < 0.05, **p < 0.01, ***p < 0.001, “ns”: Not statistically significant.
Prognostic significance of differential dihydrolipoamide branched chain transacylase E2 expression in clear cell renal cell carcinoma patients
KM analysis demonstrated the impact of DBT expression on the survival of ccRCC patients in the context of different clinical features. Not surprisingly, patients with low DBT expression had a worse OS, DSS and PFI than patients with high DBT expression (Figures 4A–C). In ccRCC low DBT expression was related to worse OS in patients in both age groups (≤60 vs. >60) and both sex groups and in patients with T stage 1–2, N0, M0, histologic grade G1-2 or G3-4, and pathologic stage I-II, but DBT expression had no significant effect on overall survival in patients with T3-4, N1 or M1 disease or pathologic stage III-IV (Figure 4D-Q). Univariate and multivariate Cox regression analyses were used to further verify whether DBT expression could be an independent prognostic factor, and the univariate Cox regression analysis results showed significant correlations between DBT expression and OS, DSS and PFI in ccRCC patients (all p values <0.001) (Figures 5A,C,E). Similarly, the multivariate Cox regression analysis results showed significant correlations between DBT expression and OS, DSS and PFI in ccRCC patients (p = 0.003, p < 0.001, and p = 0.007) (Figures 5B,D,F). We constructed a nomogram based on DBT and several clinical pathological variables (e.g., age, T stage, N stage, M stage, pathological grade, and histological grade), which was used to predict patient survival at 1, 3, and 5 years (Figure 6A). The TCGA-KIRC cohort was randomly divided into training and test groups for mutual validation, where the C-index value for the training group was 0.825 and the AUCs for 1-year, 3-year and 5-year survival were 0.925, 0.89 and 0.834, respectively (Figure 6B). The corresponding indices in the test group were 0.839, 0.817, 0.774, and 0.745 (Figure 6C). The calibration curves of the training and test groups further demonstrated the satisfactory performance of the nomogram (Figures 6D,E). All of the above results consistently indicated that DBT has great potential to become a new biomarker for determining the prognosis of ccRCC patients.
[image: Figure 4]FIGURE 4 | Relationship between DBT expression and the survival of ccRCC patients. In terms of outcomes such as OS (A), DSS (B), and PFI (C), low expression of DBT in ccRCC patients indicated a better prognosis in groups based on age (D, E), male sex (F), female sex (G), T1-T2 stage (H), N0 stage (J), M0 stage (L), M1 stage (M), histologic G1-G2 stage (N), histologic G3-G4 stage (O), and pathologic stages I-II (P). However, there were no significant differences in the prognosis of DBT expression groups for patients with T3-T4 stage (I), N1 stage (K), and pathologic stages III-IV (Q).
[image: Figure 5]FIGURE 5 | Univariate and multivariate Cox regression analyses. Univariate and multivariate Cox regression analyses of ccRCC based on the expression levels of DBT, T stage, N stage, M stage, pathologic stage, and histologic grade for OS (A,B), DSS (C,D) and PFI (E,F). All results consistently showed that DBT alone could be an independent factor in determining the prognosis of ccRCC patients. OS: overall survival; DSS: disease-specific survival; PFI: progression-free interval.
[image: Figure 6]FIGURE 6 | Construction and validation of the nomogram. (A) Prognostic nomogram constructed by combining data on clinically relevant factors (e.g., age, T stage, N stage, M stage, pathologic grade and histologic grade) and DBT expression. The TCGA-KIRC dataset was randomly divided into the training and test groups, and the ROC curves for 1, 3, and 5 years were plotted for the training and test groups based on the constructed prognostic judgement model. The AUC values predicting 1-year, 3-year, and 5-year survival were 0.925, 0.89, and 0.834 in the training group (B) and 0.839, 0.817, and 0.774 in the test group (C), respectively. (D,E) Calibration plots to assess the nomogram demonstrate its predictive power for 1-year, 3-year, and 5-year survival rates in the training and test groups of the TCGA-KIRC dataset.
Construction of protein‒protein interaction networks and exploration of potential mechanisms
It is only by understanding the functional interactions between proteins that we are more likely to be able to understand the mechanisms of cancer development. The PPI network of DBT proteins in ccRCC was consequently analysed by the STRING website, and genes including BCAT2, BCKDHA, BCKDHB, DLD, IVD, OGDH, PCCA, PCCB, and PPM1K were screened (Figure 7A). Spearman analysis showed a significant positive correlation between all these genes and DBT (Figure 7B).
[image: Figure 7]FIGURE 7 | Exploration of the potential functions of DBT in ccRCC. (A) The STRING website was used to analyse the DBT-related protein‒protein interaction network, which showed the associations between DBT and BCAT2, BCKDHA, BCKDHB, DLD, IVD, OGDH, PCCA, PCCB, and PPM1K. (B) Spearman analysis further demonstrated the associations between these genes, and significant positive associations between DBT and all of them were observed based on the results. (C) Gene Ontology (GO) analysis of biological processe (BP), cellular component (CC) and molecular function (MF), and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis were performed to obtain a comprehensive view of the potential functions of DBT in ccRCC. (D) Enrichment plots of DBT expression in terms of immunoregulatory interactions between a lymphoid and a nonlymphoid cell (NES = −2.516, p. adj = 0.045, FDR = 0.041), signalling by the B-cell receptor (NES = −2.841, p. adj = 0.045, FDR = 0.041), FCGAMMA receptor FCGR-dependent phagocytosis (NES = −2.884, p. adj = 0.045, FDR = 0.041), interleukin-4 and interleukin-13 signalling (NES = −1.771, p. adj = 0.045, FDR = 0.041), metallothioneins bind metals (NES = −2.234, p. adj = 0.046, FDR = 0.042), response to metal ions (NES = −2.172, p. adj = 0.046, FDR = 0.042), chemokine receptors bind chemokines (NES = -2.113, p. adj = 0.045, FDR = 0.041), and eukaryotic translation initiation (NES = −1.854, p. adj = 0.045, FDR = 0.041).
According to GO analysis, DBT was mainly involved in “acute inflammatory response”, “protein activation cascade” and “complement activation, classical pathway” in the BP category; “immunoglobulin complex,” “blood microparticle” and “immunoglobulin complex circulating” in the CC category; and “antigen binding” and “immunoglobulin receptor” in the MF category (Figure 7C). Furthermore, KEGG analysis showed that DBT was mainly involved in “neuroactive ligand‒receptor interaction”, “complement and coagulation cascades” and “collecting duct acid secretion”. GSEA showed that the main pathways enriched in DBT-related genes in ccRCC were immunoregulatory interactions between a lymphoid and a nonlymphoid cell (NES = −2.516, p. adj = 0.045, FDR = 0.041), signalling by the B-cell receptor (NES = −2.841, p. adj = 0.045, FDR = 0.041), FCGAMMA receptor FCGR-dependent phagocytosis (NES = −2.884, p. adj = 0.045, FDR = 0.041), interleukin-4 and interleukin-13 signalling (NES = −1.771, p. adj = 0.045, FDR = 0.041), metallothioneins bind metals (NES = −2.234, p. adj = 0.046, FDR = 0.042), response to metal ions (NES = −2.172, p. adj = 0.046, FDR = 0.042), chemokine receptors bind chemokines (NES = −2.113, p. adj = 0.045, FDR = 0.041), and eukaryotic translation initiation (NES = −1.854, p. adj = 0.045, FDR = 0.041) (Figure 7D). Together, these results suggest that DBT, a gene associated with copper-induced cell death, may have a strong association with immunological effects in the development of ccRCC.
Correlation analysis of dihydrolipoamide branched chain transacylase E2 expression and immune infiltration
The single-sample GSEA (ssGSEA) algorithm of the “GSVA” R software package revealed that DBT related to the majority of TILs in ccRCC; for example, positive correlations were found between DBT expression and the infiltration of Tcm cells, eosinophils, T helper cells, neutrophils, Th17 cells, and mast cells, and negative correlations were found between DBT expression and the infiltration of NK CD56dim cells, T cells, aDCs, B cells, pDCs, Th1 cells, CD8 T cells, cytotoxic cells, Treg cells, and NK CD56bright cells, while there was no significant association with Tgd, Tem cells, iDCs, macrophages, NK cells, TFH cells, and DCs (Figure 8A). Moreover, the CIBERSORT algorithm provided on the TIMER 2.0 website was used to further calculate the correlations between DBT and the infiltration levels of Tregs and activated NK cells in ccRCC and to perform survival analysis under different states. The results showed that DBT expression in ccRCC was significantly and negatively correlated with the infiltration of Tregs (R = −0.428, p = 6.28e-22) and NK CD56bright cells (R = −0.245, p = 1.05e-07) (Figure 8B). Survival analysis showed that the cumulative survival time of ccRCC patients with low expression of DBT and high infiltration of Tregs or activated NK cells was less than that of patients with high expression of DBT with low infiltration of Tregs or activated NK cells (Figure 8C). The GEPIA and TIMER databases were used to jointly analyse the relationship between DBT and some markers of corresponding immune cells, which showed that most marker of immune cells in ccRCC were associated with DBT expression (Supplementary Table S1).
[image: Figure 8]FIGURE 8 | Exploration of the immune characteristics of DBT in ccRCC. (A) The correlations between TILs and DBT expression in different immune cells were calculated based on the “GSVA” package, and most of the immune cells were found to have some relationship with DBT expression. (B) DBT expression was found to be negatively correlated with the immune infiltration levels of regulatory T cells (Treg) and activated NK cells through the TIMER2.0 website based on the “CIBERSORT” algorithm. (C) Similarly, DBT gene expression was analysed in relation to Treg and activated NK-cell immune infiltration levels for the survival of ccRCC patients. (D) The relevance of immunosuppression across cancers. (E) There were significant negative correlations between DBT expression and immune checkpoint genes (CTLA4, TIGIT, LAG3, and PDCD1) in ccRCC.
In addition, the internal relationship between DBT expression in ccRCC and immune checkpoint genes was investigated on the TISIDB website, and a clear negative correlation was found between DBT and immunoinhibitors, such as CTLA4 (r = −0.326, p = 1.41e-14), TIGIT (r = −0.247, p = 7.88e-09), LAG3 (r = −0.349, p = 9.39e-17), and PDCD1 (r = −0.34, p = 7.81e-16) (Figures 8D,E).
DISCUSSION
ccRCC is a heterogeneous disease with high rates of tumour recurrence and metastasis, which often predict a very poor clinical outcome. ccRCC is also highly infiltrated with immune cells, and thus, immunotherapy has a leading role in its systemic treatment. Despite the heterogeneity of ccRCC and the complex molecular regulatory network of the tumour microenvironment (TME), these therapeutic strategies still hold great promise (Krishna et al., 2021). Here, we explored the expression and prognostic significance of DBT in ccRCC and identified DBT as a tumour suppressor gene.
The current study found for the first time that both the mRNA expression and protein expression of DBT were downregulated in ccRCC, and were also verified in many renal cancer cell lines and in renal clear cell carcinoma tissues from our study centre. After further analysis, we found that its expression was negatively correlated with the occurrence of fatal events in terms of OS, DSS, and PFI, high T and M stages, high histologic grade and high pathologic stage. The ROC curve analysis results showed that DBT had high AUC values in distinguishing between different states of ccRCC and the normal kidney state, and these results indicate that DBT has high potential to become a biomarker for the diagnosis of ccRCC. Both KM analysis and univariate and multivariate Cox regression analyses consistently demonstrated that low DBT expression in ccRCC was strongly associated with poor patient prognosis. The construction of a nomogram allowed us to predict the probability of OS at 1, 3 and 5 years by combining multiple indicators (age, T stage, N stage, M stage, pathologic grade, histologic grade, and DBT expression) for the quantitative scoring of ccRCC patients, while TCGA-KIRC data grouping, the C-index, ROC curves and calibration curves confirmed the high accuracy of the quantitative model. Based on these findings, we collectively concluded that there is great potential for DBT to serve as a prospective diagnostic and prognostic biomarker.
DBT is mainly involved in signalling pathways related to the immune response in ccRCC; thus, the correlation between DBT and the immunological profile of ccRCC was further explored. The TME, consisting of tumour cells, TILs, stromal cells and extracellular matrix, is closely related to tumorigenesis and progression (Pitt et al., 2016; Hinshaw and Shevde, 2019). Treg cells, a type of immunosuppressive cell, have been shown to cause the immune escape of tumour cells in ccRCC, thereby contributing to tumour cell proliferation and metastasis and ultimately to a poor prognosis (Pottier et al., 2015; Tada et al., 2018; Kim et al., 2020; Xiong et al., 2020). Interestingly, a negative correlation between DBT expression and Treg cells was found in ccRCC, and the poor prognosis of patients with low DBT expression and high Treg cell infiltration was verified to be more prominent based on survival analysis.
NK cells can directly and rapidly kill tumour cells by receptor recognition, and there are different subtypes of cells with high heterogeneity (Hodgins et al., 2019; Wu et al., 2020). The activity of NK cells and their degree of tumour infiltration are closely related to prognosis, and NK-cell infiltration to sites of lung metastases in ccRCC is beneficial to improve survival (Winter et al., 1992; Schleypen et al., 2003; Remark et al., 2013). However, the activation of NK cells is often determined by the balance between activating and inhibiting signals emitted by some receptors in combination with the corresponding ligands, and NK cells respond only when the activating signal is stronger than the inhibiting signal (Cerboni et al., 2007; Ardolino et al., 2011; Hodgins et al., 2019). Notably, the performance of activated NK cells in ccRCC in this study showed a diametrically opposite trend to that in previous studies. This is because on the basis of the negative correlation between activated NK cells and DBT expression, the OS of ccRCC patients decreased significantly with the downregulation of DBT expression and the enrichment of activated NK cells. In contrast, when DBT expression was upregulated and activated NK cells were depleted, the prognosis of patients was greatly improved. Intriguingly, not only are new findings described here, but the tumour suppressive effects of DBT and its crosstalk with TILs are also debated.
Currently, immunotherapy for tumours focuses on the restoration of the host’s antitumour immune response by blocking immune checkpoints (Sanmamed and Chen, 2018). Blockade strategies targeting the immune checkpoint genes CTLA4 (Topalian et al., 2016; Atkins and Tannir, 2018; Braun et al., 2021), TIGIT (Hong et al., 2018; Takamatsu et al., 2021), LAG3 (Klümper et al., 2020), and PDCD1 (Sunshine and Taube, 2015; Hayashi and Nakagawa, 2020) have long been or will soon be effective tools for the treatment of advanced ccRCC. However, DBT was significantly negatively correlated with these molecules, implying that DBT expression might counteract immune escape or immunosuppression in ccRCC to some extent.
Although this study illustrates for the first time the function and potential mechanism of DBT in ccRCC, it still has some limitations. More comprehensive, relevant and valid sample data need to be collected and analysed to increase the reliability of the results. Moreover, further experimental studies are needed to reveal the specific mechanism by which DBT plays a role in ccRCC.
CONCLUSION
In summary, our study showed that DBT expression was lower in ccRCC tissue than in normal tissue, and indicated a poor prognosis. Moreover, DBT has great potential to become a new biomarker for ccRCC diagnosis and prognosis evaluation. Furthermore, we found that DBT is negatively associated with immunosuppressive features in ccRCC, which may provide new ideas for immune checkpoint inhibitor-based therapy.
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Background

Gastric cancer (GC) represents a major global clinical problem with very limited therapeutic options and poor prognosis. Necroptosis, a recently discovered inflammatory form of cell death, has been implicated in carcinogenesis and inducing necroptosis has also been considered as a therapeutic strategy.



Objective

We aim to evaluate the role of this pathway in gastric cancer development, prognosis and immune aspects of its tumor microenvironment.



Methods and results

In this study, we evaluated the gene expression of 55 necroptosis-related genes (NRGs) that were identified via carrying out a comprehensive review of the medical literature. Necroptosis pathway was deregulated in gastric cancer samples (n=375) as compared to adjacent normal tissues (n=32) obtained from the “The Cancer Genome Atlas (TCGA)”. Based on the expression of these NRGs, two molecular subtypes were obtained through consensus clustering that also showed significant prognostic difference. Differentially expressed genes between these two clusters were retrieved and subjected to prognostic evaluation via univariate cox regression analysis and LASSO cox regression analysis. A 13-gene risk signature, termed as necroptosis-related genes prognostic index (NRGPI), was constructed that comprehensively differentiated the gastric cancer patients into high- and low-risk subgroups. The prognostic significance of NRGPI was validated in the GEO cohort (GSE84437: n=408). The NRGPI-high subgroup was characterized by upregulation of 10 genes (CYTL1, PLCL1, CGB5, CNTN1, GRP, APOD, CST6, GPX3, FCN1, SERPINE1) and downregulation of 3 genes (EFNA3, E2F2, SOX14). Further dissection of these two risk groups by differential gene expression analysis indicated involvement of signaling pathways associated with cancer cell progression and immune suppression such as WNT and TGF-β signaling pathway. Para-inflammation and type-II interferon pathways were activated in NRGPI-high patients with an increased infiltration of Tregs and M2 macrophage indicating an exhausted immune phenotype of the tumor microenvironment. These molecular characteristics were mainly driven by the eight NRGPI oncogenes (CYTL1, PLCL1, CNTN1, GRP, APOD, GPX3, FCN1, SERPINE1) as validated in the gastric cancer cell lines and clinical samples. NRGPI-high patients showed sensitivity to a number of targeted agents, in particular, the tyrosine kinase inhibitors.



Conclusions

Necroptosis appears to play a critical role in the development of gastric cancer, prognosis and shaping of its tumor immune microenvironment. NRGPI can be used as a promising prognostic biomarker to identify gastric cancer patients with a cold tumor immune microenvironment and poor prognosis who may response to selected molecular targeted therapy.
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Introduction

Gastric cancer represents a major clinical problem and is ranked fifth for incidence and fourth for mortality globally. It is responsible for 1,089,103 new cases in 2020 and an estimated 768,793 deaths which means one in every 13 deaths (1). The overall survival remains at 31% within the United States and 25% worldwide (2). Pathogenic infections such as H. pylori, which is infecting 50% of global population, and Epstein Barr virus (EBV) have been linked to gastric cancer (3, 4). Eradication of H. pylori strategies have helped to prevent a significant proportion of gastric cancer (5). Multidisciplinary approach of surgery and chemotherapy has improved the survival rate to 60% and 80% in early staged gastric cancer. However, majority of the cases are diagnosed at an advanced stage for whom the 5-year survival rate is merely 18% to 50% (3). These figures indicate the need for more effective molecularly driven treatment strategies.

Necroptosis is a programmed lytic cell death pathway and is deregulated in various inflammatory disorders and cancers (6–8). Receptor-interacting serine/threonine-protein kinase 1 (RIPK1), receptor-interacting protein kinase 3 (RIPK3), and mixed lineage kinase domain like pseudokinase (MLKL), which constitutes the core components of necroptosis, are downregulated in various types of cancers including colorectal cancer, pancreatic adenocarcinoma, cervical squamous cell carcinoma, and melanoma (6, 7, 9–13). Downregulation correlated with histological grade and was shown to be an independent prognostic factor for overall survival (OS) and disease-free survival (DFS) (10). Moreover, testing of more than 60 cancer cell lines showed absence of RIPK3 protein expression in two-thirds of these cancer cell lines, which was restored upon treatment with the hypomethylating agent decitabine (14). In glioblastoma cells, RIPK3 downregulation or inhibition of RIPK1 with Nec-1 were sufficient to abrogate the necroptosis-mediated cell death induced by edelfosine (15). Induction of osteosarcoma cell death via necroptosis has also been demonstrated by combining the stress-inducing agents and nuclear factor-kappa B (NF-κB) inhibitors (16). These studies indicate that necroptosis-induction strategies could be exploited for cancer therapy. Necroptosis is characterized by simultaneous swelling of organelles and disruption of plasma membrane leading to organelle breakdown and leakage of intracellular contents resulting in a pro-inflammatory response (7, 8). Carcinogenic effects include its ability to induce inflammation which has been associated with cancer metastasis and T cell death (11). On the other hand, due to its inflammatory nature, necroptosis is also regarded as a potential target for cancer therapy as necroptosis cells were shown to initiate adaptive immunity by activating CD8+ T cells via production of antigens and inflammatory stimuli for dendritic cells (DCs) (17). Therefore, understanding the molecular dynamics of this pathway in gastric cancer may unravel its potential as a therapeutic target.

In this study we investigated the role of necroptosis in stomach adenocarcinoma by first 1) reviewing the medical literature for the various molecules involved in the process of necroptosis and then 2) carrying out comprehensive bioinformatic analysis of the expression datasets. We successfully developed a risk model that can not only predict the prognosis of gastric cancer patients but also their immune landscape.



Materials and methods


Datasets

Clinical and mRNA expression data of 375 stomach adenocarcinoma tissues (STAD) and 32 adjacent normal tissues was retrieved from TCGA Data Portal (https://portal.gdc.cancer.gov/repository/). Likewise, RNA-Seq and clinical data for external validation cohort (GEO ID: GSE84437) were downloaded from GEO database (https://www.ncbi.nlm.nih.gov/geo/). Both datasets were subjected to log2(x+1) transformation and normalization with “limma” package. Batch effects were removed with “sva” package using “Combat” function. General characteristics of the two cohorts are outlined in Supplementary Table 1 (Supplementary Data-Sheet#1). Genetic alterations data (Simple Nucleotide Variation) of TCGA STAD cohort was downloaded from the University of California, Santa Cruz (UCSC) Xena website (https://xenabrowser.net/). The oncoplot was constructed using the R package “maftools” to analyze the number and categories of gene mutations in two NRGPI subgroups. Protein-protein interaction (PPI) network was constructed with the Search Tool for the Retrieval of Interacting Genes (STRING) database, version 11.5 (https://string-db.org/). STRING is a database of known and predicted protein-protein interactions. Interactions in STRING are derived from five main sources: genomic context predictions; high-throughput lab experiments; (conserved) co-expression; automated textmining; and previous knowledge in databases. The TIMER 2.0 website (http://timer.comp-genomics.org/) was utilized for estimation of association between NRGPI risk genes and macrophage infiltration.



Identification of necroptosis-related genes

A total of 55 necroptosis-related genes (NRGs) were extracted from The Molecular Signatures Database (MSigDB) and previously published reviews and research articles (Supplementary Data-Sheet#2: Supplementary Table 2) (18–58). RIPK1, RIPK3 and MLKL constitutes the core components of this pathway. Mainly three receptor pathways were identified in regulation of necroptosis, namely: tumor necrosis factor receptor 1 (TNFR1), FAS receptor (TNFR6) and toll-like receptors (TLR3/4) (30–33). Moreover, negative and positive regulators of RIPK1, RIPK3, MLKL and necrosome (RIPK1-RIPK3-MLKL complex) were also studied (18–58). Differentially expressed genes (DEGs) were determined with the application of “limma” package with p value <0.05.



Consensus clustering

Consensus clustering analysis, which is a rigorous unsupervised classification technique, was carried out to identify distinct necroptosis patterns based on the expression of 55 NRGs. R package “ConsensuClusterPlus” was utilized for measuring similarity between and within each group via Euclidean distance with 1000 times repetition (59). Optimum cluster number (k) and level of consensus stability was determined according to the cumulative distribution function (CDF) plots and the atness of the CDF curve, respectively. Overall survival difference between the clusters was obtained using the R package “survival”. Survival risk was estimated using Cox Proportional-Hazards model and statistical difference was assessed by log-rank test. The DEGs between the clusters were estimated with “limma” package according to the criteria: log fold change (logFC) = 1, and the false discover rate (FDR) < 0.01.



Development and validation of necroptosis-related prognostic model

Next, univariate cox regression analysis was carried out to estimate the prognostic significance of the DEGs (n=1056) identified between the clusters. In total, 124 DEGs showed prognostic association when significance level was set at p<0.01. Using the R package “glmnet”, these DEGs were subjected to the least absolute shrinkage and selection operator (LASSO) penalized Cox regression analysis to construct the prognostic model by narrowing down the candidate genes (60). Normalized candidate DEGs expression and survival data (time and status) constituted the independent and independent variable of the LASSO regression, respectively. Penalty parameter (λ) was determined with the minimum criteria by using a ten-fold cross-validation. The risk score was calculated for each patient according to the expression level of DEGs and their corresponding coefficient. The formula was as follows: risk score = (expression of mRNA1 × coefficientmRNA1) + (expression of mRNA2 × coefficientmRNA2) + … + (expression of mRNAn × coefficientmRNAn). The median risk score was used to determine the subgroups into low- and high-risk cohorts. The Kaplan-Meier analysis was performed to compare the overall survival between the risk groups. Receiver operating characteristic (ROC) curve to evaluate diagnostic efficacy of the risk model was obtained via ROC curve analysis using the R packages “survival”, “survminer” and “time-ROC”. Furthermore, principal component analysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE) were also performed to further visualize spatial dimensions between the risk groups. PCA was performed using the “prcomp” function in the “stats” R package and t-SNE with the R package “Rtsne”. All of the steps were repeated for validation in the GEO cohort.



Independent prognostic analysis

We further sought to validate the prognostic model by undertaking independent prognostic analysis in the TCGA and GEO cohorts along with other variables such age, gender, tumor grade and tumor stage (TNM staging data). Univariate and multivariate cox regression models were employed.



Functional enrichment analysis

Differential expression of genes was investigated between the low- and high-risk subgroups in the TCGA cohort to assess the biological processes and pathways differentiating the risk subgroups. DEGs were filtered according to logFC = 1 and FDR < 0.05. Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis was performed based on these DEGs by applying the “clusterProfiler” package. Immune landscape was evaluated in term of immune cell infiltration as well as the immune-related pathways. Infiltration of major immune cells and the status of immune-related pathways was evaluated by employing the “gsva” package to conduct the single-sample gene set enrichment analysis (ssGSEA). Score for the activity of each immune-related pathways was calculated. Furthermore, to elucidate on the subtypes of various immune cells, a quantitative analysis of the relative abundance of 22 types of immune cells in the TCGA cohort was achieved using the CIBERSORT algorithm. The results were used to quantify the difference in the infiltration of each cell in the risk groups. Moreover, the prognostic significance of each immune cell and immune-related pathway was also elaborated by employing the K-M survival analysis. Significance level was set at p<0.05. In an attempt to establish the immune subtype of the risk groups, we used the immune subtype information available from the previous paper to establish the enrichment of each subtype in the high- and low-risk groups (61).



Construction of competing endogenous RNA network

To construct the competing endogenous RNA network, the miRNA targets for the risk genes were predicted using miRWalk 3.0 (http://mirwalk.umm.uni-heidelberg.de/), which provides the predicted and experimentally verified results of TargetScan, MirTarbase and miRDB. A cutoff criterion (≥ 0.95) was set for the prediction analysis in miRWalk. The miRNA targets obtained were further screened for negative correlation with the risk genes in the TCGA STAD cohort which was followed by further prognostic significance. The starbase v2.0 (http://starbase.sysu.edu.cn/) was investigated for miRNA-lncRNA targets which were then screened for their positive correlation with risk genes and negative correlation with miRNA targets in the TCGA STAD cohort (62). The ceRNA network was plotted with Cytoscape v3.6.0 (63). Correlation scrutiny was tested with Spearman’s correlation test with the following criteria: R=0.2 and p value <0.001.



Immunohistochemistry

Formalin-fixed, paraffin-embedded 4-μm thick tumor tissue sections were deparaffinized in xylene and ethanol. Antigen retrieval was performed by boiling in a microwave oven (citrate buffer, pH 6.0) which was followed by blocking of endogenous HRP activity with 0.3% hydrogen peroxide. After washing with 10% phosphate buffered saline (PBS), the sections were blocked with 5% BSA and incubated with primary antibodies against RIPK1 (Proteintech, #17519-1-AP, Rabbit, 1:50), RIPK3 (Proteintech, #17563-1-AP, Rabbit, 1:100), MLKL (Proteintech, #21066-1-AP, Rabbit, 1:50), SERPINE1 (Proteintech, #13801-1-AP, Rabbit, 1:50), FCN1 (Proteintech, #11775-1-AP, Rabbit, 1:50), CNTN1 (Proteintech, #13843-1-AP, Rabbit, 1:50), CYTL1 (Proteintech, #15856-1-AP, Rabbit, 1:50), PLCL1 (Abcam, #EPR11213, Rabbit, 1:100), GRP (Proteintech, #28482-1-AP, Rabbit, 1:500), GPX3 (Affinity Biosciences, #DF6765, Rabbit, 1:50), APOD (Proteintech, #10520-1-AP, Rabbit, 1:50), TGFB1 (Affinity Biosciences, #AF1027, Rabbit, 1:100), TGFB3 (Proteintech, #18942-1-AP, Rabbit, 1:50), WNT2B (Affinity Biosciences, #DF12538, Rabbit, 1:100), WNT9A (Affinity Biosciences, #DF9044, Rabbit, 1:100), CD68 (Abcam,ab955,1:3000), CD206 (Cell Signaling,#24595,1:200), and CD163 (Cell Signaling,#93498,1:250) at 4°C overnight. Next, the sections were incubated with a biotinylated goat anti-rabbit IgG secondary antibody for 20 min at room temperature and visualized with 3, 5- diaminobenzidine (DAB) Substrate Kit and finally counterstained with Hematoxylin. The staining intensity was scored using a semi-quantitative approach as follows: 0, negative; 1, weak; 2, moderate; and 3, strong. The frequency of positive cells was defined as follows: 0, less than 5%; 1, 5–25%; 2, 26–50%; 3, 51–75%; and 4, greater than 75%. The final IHC scores were obtained by multiplying the staining intensity and the frequency of positive cells. When tissue staining was heterogeneous, each area was scored independently and the scores of each area were added together as the final result. Patient informed consents were obtained and approval of the internal review and ethics boards of the Affiliated Cancer Hospital and Institute of Guangzhou Medical University was also acquired.



Cell lines and cell culture

Human gastric cancer cell lines (human gastric adenocarcinoma AGS & MNK45 cell lines) were obtained from Committee of Type Culture Collection of Chinese Academy of Sciences (Shanghai, China). Cells were grown in DMEM medium supplemented with 10% fetal bovine serum (FBS), penicillin (100 U/ml), and streptomycin (100 mg/ml). Cells were maintained at 37°C in a humid incubator (37°C, 5% CO2).



Necroptosis induction

Necroptosis was induced in cells by treating them with a combination of recombinant human tumor necrosis factor-α (TNF-α) (Peprotech, New Jersey, USA; 10 ng/ml), second mitochondrial- derived activator of caspases (SMAC) mimetic (BV6; Selleck Chemicals, Houston, USA; 1 nM) and pan-caspase inhibitor (zVAD-FMK; ENZO Life Science, New York, USA; 40 μM). Necrostatin-1 (Enzo; 30 μM) was added an hour before treating with the above agents to inhibit necroptosis. To collect culture media, the cells were washed twice with PBS and media was replaced with fresh media after being treated for 3 hours with the aforementioned agents, which was followed by 12 hours’ incubation at 37 °C. The culture media (CM) was then collected and filtered with a 22-μm syringe filter (Merck, Darmstadt, Germany). Supernatants were collected after centrifugation at 1500 rpm for 5 minutes and stored at 4°C.



Quantitative real-time PCR

Total RNA was extracted and purified using Trizol Reagent (Takara, Otsu, Japan) and it was reverse transcribed to cDNA and qRT-PCR were conducted by using a SYBR Green PCR Kit (Takara, Otsu, Japan). The expression of mRNA was standardized by internal control Glyceraldehyde 3-phosphate dehydrogenase (GAPDH), and relative mRNA level of the treated group was based on the control group. The Primers used in the study are presented in Supplementary Table 3 (Supplementary Data-Sheet#3).



Drug sensitivity

To predict the therapeutic vulnerability of high-risk group, the “pRRophetic” package in R was used to estimate the half-maximal inhibitory concentration (IC50) of drugs in the STAD patients (64). The pRRophetic algorithm uses the gene expression and drug sensitivity data from the cancer cell lines in the Cancer Genome Project (CGP) (65). The CGP investigated the therapeutic sensitivity of 130 drugs in more 639 cancer cell lines. The therapeutic targets, primary functions, or cellular functions of the 130 drugs included the following: serine/threonine kinase, receptor tyrosine kinase, cytoplasmic tyrosine kinase, cytoskeleton, metabolism, apoptosis, mitosis, replication, cell cycle, DNA repair, stress pathways, adhesion, transcription, angiogenesis, and chromatin. The panel of 130 encompassed 114 targeted and 13 cytotoxic chemotherapeutic agents. Of these, 31 are clinically approved, 47 in development undergoing clinical trials, and 52 were experimental tool compounds.



Statistical analysis

Comparison of the gene expression level and drug sensitivity between the groups was accomplished using Wilcoxon test. Chi-square test was used to compare the categorical variables. Overall survival difference between the groups were estimated using the Kaplan-Meier method with log-rank test. Univariate and multivariate factor analyses were carried with cox-regression hazard models. All statistical analyses were performed with R software (v4.0.2).




Results


Differential expression of necroptosis-related genes between normal and tumor tissues

Comparison of expression levels of the 55 necroptosis-related genes (NRGs) between 375 gastric cancer and 32 paired normal tissues obtained from the “The Cancer Genome Atlas (TCGA)” revealed 38 differentially expressed genes (DEGs) (all P < 0.01). Majority of the NRGs were deregulated in cancer tissues as compared to normal tissues which showed a uniform downregulated expression pattern except for NDRG2, BCL2, PRKN, TLR3, and STUB1. The mRNA levels of these genes are presented as heatmap in Figure 1A. A similar outlook was obtained when paired samples (n=32) from TCGA STAD cohort were considered only (Figure 1B). A protein-protein interaction was assessed for further exploration revealing a strong interaction activity among these molecules at protein level as demonstrated in Figure 1C. Likewise, the correlation network constructed based on the mRNA expression level in TCGA STAD demonstrated negative (blue) and positive (red) correlation among these NRGs as shown in Figure 1D. A strong positive correlation can be observed between majority of these NRGs. These results indicate a critical deregulation of necroptosis in gastric cancer.




Figure 1 | Expression and interaction of 55 necroptosis-related genes. (A) Heatmap of the NRGs between TCGA STAD tumor (n=375) and normal samples (n = 32). Red and blue represent upregulation and downregulation respectively. P values are shown as: *P < 0.05; **P < 0.01; ***P < 0.001. (B) Heatmap of NRGs between TCGA STAD paired normal (n = 32) and tumor samples (n = 32). Red and blue represent upregulation and downregulation respectively. P values are shown as: *P < 0.05; **P < 0.01; ***P < 0.001. (C) Protein-protein interaction (PPI) network demonstrating the interaction of NRGs (interaction score = 0.4). The interactions include direct (physical) and indirect (functional) associations; they stem from computational prediction, from knowledge transfer between organisms, and from interactions aggregated from other (primary) databases. (D) The correlation network of the NRGs based on mRNA expression in the TCGA STAD cohort. Red and blue lines indicate positive and negative correlation respectively. Color depth depicts the strength of the correlation.





Identification of molecular subtypes

Molecular subtypes were identified by subjecting necroptosis-related genes expression to consensus clustering. The 375 gastric patients were divided into two clusters (Cluster 1[C1] = 248 and Cluster 2[C2] = 123) as the intragroup correlations were the highest and the inter-group correlations were low when clustering variable (k) was equal to 2 (Figure 2A). The overall survival was significantly better for C1 as compared to C2 (p=0.007) (Figure 2B). Significant differences were also observed for clinical features such as tumor grade (degree of differentiation) and T stage (primary tumor) as highlighted in the Figure 2C and Supplementary Table 4 (Supplementary Data-Sheet#4). We further sought the distribution of NRGs between the clusters. As shown in Figure 2D, cluster 1 was mainly characterized by the upregulation of RIPK3, inositol phosphates (IPMK, ITPK1, IPPK) and enhanced expression of negative regulators such as PPMIB, AURKA, OGT, TBK1, IKKα/β, IKKε, and TRAF2. While a stronger activity of TAM kinases (AXL and MERTK) and the main pathways receptors such as TNFR1, TLR3, TLR4, and FAS was demonstrated in the cluster 2. There was no significant difference between the clusters for RIPK1 and MLKL which indicates that both clusters may have undergone necroptosis via distinctive regulatory mechanisms which might have prompted differential negative regulation and prognosis.




Figure 2 | Molecular subtypes based on the necroptosis-related genes expression. (A) Consensus clustering matrix (k=2) identified two clusters (C1 = 248; C2 = 123) based on the expression of the 55 NRGs. (B) The clusters demonstrated significant difference in overall survival (p<0.007). (C) Heatmap illustrating association between the clusters and their clinicopathological features of the gastric cancer patients (TNM staging. T: primary tumor; N: lymph node; M: metastasis. Degree of differentiation. G1: highly differentiated; G2: moderately differentiated; G3: poorly differentiated). P value are shown as *P < 0.05; **P < 0.01. (D) Distribution of NRGs expression between the clusters (P values are shown as: *P < 0.05; **P < 0.01; ***P < 0.001).





Development and validation of prognostic gene model

To evaluate the differences between the clusters, differential gene expression analysis was carried out which yielded 1055 differentially expressed genes (DEGs) according to the criteria (log fold change (logFC) = 1, and the false discover rate (FDR) < 0.01) (Figure 3A and Supplementary Data-Sheet#5: Supplementary Table 5). Both TCGA and GEO cohorts were screened for these DEGs (n=1055) and only gene expression of shared DEGs (n=860) was retained. After incorporation of survival information, both cohorts were subjected to prognostic analysis. Univariate cox regression analysis identified a total of 123 genes that showed a significant correlation with OS (Supplementary Data-Sheet#6: Supplementary Table 6). Among 123 survival genes, 119 survival genes were associated with increased risk (HR>1) and only four genes were protective genes with HR<1. Next, least absolute shrinkage and selection operator (LASSO) cox regression analysis was performed and a 13-gene risk signature, termed as necroptosis-related genes prognostic index (NRGPI) was obtained according to the optimum lambda (λ) value (Figures 3B, C). The risk score was calculated as follows: risk score = (0.0461 * CYTL1 expression) + (0.1313 * PLCL1 expression) + (0.1589 * CGB5 expression) + (0.0534 * CNTN1 expression) + (0.0104 * GRP expression) + (-0.0128 * EFNA3 expression) + (-0.0012 * E2F2 expression) + 0.0383 * APOD expression) + (-0.2798 * SOX14 ;expression) + (0.0044 * CST6 expression) + (0.0168 * GPX3 expression) + (0.0019 * FCN1 expression) + (0.1688 * SERPINE1 expression). Based on the median value of the risk score, samples were rated as low and high risk. A K-M plot, as depicted in Figures 3D, E, showed significantly worst survival for high-risk patients (NRGPI-High) versus low-risk patients (NRGPI-Low) in both TCGA and GEO cohorts (p<0.001). Diagnostic value of the prognostic model was evaluated with time-dependent receiver operating characteristic (ROC) analysis. The area under the curves (AUCs) were 0.651/0.722/0.753 at 1/3/5 years in the TCGA cohort, and 0.557/0.611/0.607 at 1/3/5 years in the GEO cohort (Figures 3F, G). Plotting of the risk scores indicated an equal distribution of patients into low- and high-risk groups (Supplementary Figures 1A, B). Patients in the NRGPI-High subgroup experienced more deaths and a shorter survival time (negative correlation) than those in the NRGPI-Low subgroup as demonstrated in Supplementary Figures 1C, D. Overall, a negative correlation was evident between survival time and risk score for both cohorts (Supplementary Figures 1E, F). Similarly, principal component analysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE) showed well-separated clusters for the two risk groups (Supplementary Figures 1G–J).




Figure 3 | Risk signature construction. (A) Volcano plot depicting the differentially expressed genes (DEGs) between the necroptosis-based clusters. DEGs. Were defined according to the following criteria: log fold change (logFC) = 1, and the false discover rate (FDR) < 0.01. (B) LASSO regression of the 123 OS-related genes identified via uni-cox regression analysis. (C) Cross-validation for tuning the parameter selection in the LASSO regression. (D) Kaplan–Meier curves for the OS of NRGPI-High and NRGPI-Low patients in the TCGA cohort and (E) GEO cohort. (F) Time-dependent receiver operating characteristic (ROC) curves and area under curve (AUC) analyses depicting the predictive efficiency of risk score in TCGA cohort and (G) GEO cohort.





Independent prognostic assessment of the risk model

Independent prognostic value of the risk model and assessment of other clinical features as independent prognostic factors was evaluated by carrying out uni- and multi-variate cox regression analyses. Risk score was established as independent prognostic factor on univariate cox regression analysis in both cohorts (Figure 4). Risk score prognostic value was remained significant (only in TCGA and tended towards significance in GEO) after adjusting for confounding factors by undertaking multivariate analysis. Age and tumor stage also showed independent prognostic value in TCGA (univariate: T, N, and M; multivariate: N, and M) and GEO cohort (uni & multivariate: T and N).




Figure 4 | Univariate and multivariate cox-regression analysis to evaluate the independent prognostic value of the risk score in TCGA and GEO cohorts.





Risk model clinical and mutational evaluation

The expression level of the 13 risk genes and its correlation with clinical features are illustrated in heatmap (Figure 5A). No significant differences between NRGPI-risk subgroups for the clinical features were observed (Supplementary Data-Sheet#7: Supplementary Table 7). Of the 13 risk genes, expression of 10 genes (CYTL1, PLCL1, CGB5, CNTN1, GRP, APOD, CST6, GPX3, FCN1, SERPINE1) was unregulated in NRGPI-High subgroup. Overall, a positive correlation was evident between the 55 NRGs and 13 risk genes (Figure 5B and Supplementary Figure 2A). Significant differences in the 23 NRGs described the NRGPI-risk groups as compared to the clusters (significant difference in 31 NRGs between the clusters) (Figure 5C). Expression level of NRGs in the NRGPI-risk subgroups mirrored their expression status in the prognostic clusters. NRGPI-High subgroup showed significant elevated expression of TAM kinases (AXL and MERTK) and pathways receptors (TNFR1, FAS, and TLR4) as observed in the cluster 2. Likewise, inositol phosphates (IPMK, ITPK1) and negative regulators (PPMIB, AURKA, OGT, IKKε, and TRAF2) were expressed NRGPI-Low subgroup. These results indicate differential regulation of necroptosis in stomach adenocarcinoma. Moreover, mutations were less frequent in the NRGPI-High subgroup (91.94%) as compared to the NRGPI-Low subgroup (84.09%) (Figure 5D). Except for the TP53 gene, all the top 20 mutated genes showed lower frequency (up to 50% decrease) in the NRGPI-High subgroup in comparison to NRGPI-Low subgroup. Mutation frequency of the TP53 gene (second most mutated gene in gastric cancer) showed no difference at all between NRGPI subgroups and constituted the top mutated gene in the NRGPI-High subgroup (41%).




Figure 5 | Expression and distribution of the risk signature genes and their correlation with clinical features. (A) Heatmap illustrating the expression of 13 risk genes (Red: upregulation; Blue: downregulation) in the NRGPI subgroups (Red: high-risk; Blue: low-risk) and correlation between NRGPI subgroups and clinicopathological features (TNM staging. T: primary tumor; N: lymph node; M: metastasis. Degree of differentiation. G1: highly differentiated; G2: moderately differentiated; G3: poorly differentiated). (B) Spearman’s correlation between 55 NRGs and NRGPI (13 risk genes) signature. (C) The expression levels of necroptosis-related genes between NRGPI-High and NRGPI-Low subgroups in the TCGA cohort (P values are shown as: *P < 0.05; **P < 0.01; ***P < 0.001). (D) Oncoplot depicting the mutation frequency of top 20 mutated genes in the high- and low-risk groups.





Risk model functional implications

To evaluate functional implications of risk model, DEGs between the NRGPI subgroups defined by the risk model was obtained for evaluating differences between gene functions and pathways. The “limma” package was utilized with defined criteria: FDR < 0.05 and |log2FC | ≥ 1. According to this criterion, a total of 118 DEGs were identified between the NRGPI-High and NRGPI-Low subgroups in the TCGA cohort (Supplementary Data-Sheet#8: Supplementary Table 8). These DEGs were then subjected to Gene ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis. Main biological process identified included extracellular matrix (ECM) structural organization, ECM-receptor interaction, cell-substrate adhesion and its regulation, negative regulation of cell motility and cellular component movement (Supplementary Figures 2B, C). Angiogenesis-related processes and pathways were also detected such as regulation of angiogenesis, vascular smooth muscle contraction, and cGMP-PKG signaling pathway. DEGs were also associated with complement and coagulation cascades, and proteoglycans in cancer. Moreover, signaling pathways implicated in cancer progression and immune suppression such as Wnt signaling pathway and TGF-β signaling pathway were also correlated.



Immunological significance

Immunological significance was sought by undertaking immune enrichment analysis in terms of immune cells and immune-related pathways for the differences between NRGPI subgroups. Results of the single-sample gene set enrichment analysis (ssGSEA) involving TCGA and GEO cohorts indicated higher infiltration of various immune cells including B cells, dendritic cells (DCs), macrophages, mast cells, neutrophils, T helper cells, tumor infiltrating lymphocytes (TIL), and regulatory T cells (Treg) in NRGPI-High subgroup as compared to the NRGPI-Low subgroup (Figure 6A and Supplementary Figure 3A). Survival analysis based on the infiltration of immune cells indicated that a higher infiltration of immature dendritic cells (iDCs), mast cells, and neutrophils was associated with a worst prognosis (Figures 6B–D). All these three cells were more abundant in the NRGPI-High subgroup. To further dissect the various subtypes of immune cells, the CIBERSORT algorithm was used (Figures 7A–H). Results revealed that mainly M2 phenotype of the macrophages was more abundant in NRGPI-High subgroup and their infiltration was associated with a worst prognosis (Figures 7B, C). Resting DCs were also significantly abundant in the NRGPI-High subgroup, which was also associated with a worst outcome (Figures 7B, D). Likewise, different types of mast cells (resting and activated) also had prognostic significance (Figures 7B, F).




Figure 6 | Immune landscape of NRGPI subgroups based on the single sample gene set enrichment analysis (ssGSEA) scores. (A) Comparison of enrichment scores of 16 types of immune cells and 13 immune-related pathways in the TCGA cohort between NRGPI-High and NRGPI-Low subgroups. (B-D) Kaplan-Meier curves for survival difference between TCGA patients with high and low- infiltration of immune cells. (E-G) Kaplan-Meier curves for survival difference between TCGA patients with high and low-activation of immune-related pathways. (H) Heatmap and table showing the distribution of immune subtypes (IC1, IC2, IC3, IC4, IC5, and IC6) between the NRGPI-High and NRGPI-Low subgroups. P values are shown as: *P < 0.05; **P < 0.01; ***P < 0.001.






Figure 7 | Immune landscape assessed by CIBERSORT algorithm. (A) Heatmap and (B) bar plot of abundance of 22 subtypes of immune cells in NRGPI-High and NRGPI-Low subgroups (P values are shown as: *P < 0.05; **P < 0.01; ***P < 0.001). (C–H) Kaplan-Meier curves for survival difference between TCGA patients with high and low- infiltration of immune cells.



Immune-related pathways that were significantly upregulated in NRGPI-High subgroup (investigated in the TCGA cohort and validated in the GEO dataset) included APC co-stimulation, Chemokine receptors (CCR), checkpoint, para-inflammation, T cell co-stimulation, and type-II interferon (IFN) response. Upregulation of para-inflammation and type-II interferon pathways were associated with a worst prognosis (Figures 6E, F). On the other hand, checkpoint and T cell co-inhibition pathways, that were also slightly activated in the NRGPI-High subgroup, were associated with a better prognosis (Figure 6G and Supplementary Figure 3F). Other pathways and immune cells that had no significant differences between the cohorts had also significant impact on the prognosis (Figure 6G and Supplementary Figures 3B-E, G). Moreover, immune subtype analysis indicated that the main difference between the NRGPI subgroups was the comparative enrichment of inflammatory subtype in the NRGPI-High subgroup (C3: 6(4%) versus 27(16%, p=0.001) (Figure 6H).



Construction of a ceRNA network

The potential molecular mechanism of NRGPI genes was elucidated by constructing the network of mRNA–miRNA–lncRNA interactions as illustrated in Figures 8A–C (Supplementary Data-Sheet 9-12: Supplementary Tables 9–12). A total of 72 miRNA targets with prognostic significance were identified after screening for negative correlation with individual NRGPI genes (Supplementary Data-Sheet#9, 10: Supplementary Tables 9, 10). LncRNA targets (obtained from starbase v2.0) were screened for positive correlation with NRGPI genes and negative correlation with miRNA targets, which yielded 32 lncRNAs regulating the expression of 21 miRNAs and 9 NRGPI genes (Supplementary Data-Sheet#11, 12: Supplementary Tables 11, 12). Main miRNA families (miR-200, miR-15/107, let-7) were identified as regulator of NRGPI genes. For example, miRNA-200 family members (hsa-miR-200a-3p, hsa-miR-200b-3p, hsa-miR-200c-3p, and hsa-miR-141-3p), which are reported as tumor-suppressive group of miRNAs with essential role in suppressing EMT, were downregulated miRNAs (among the targeting miRNAs) in patients with higher expression of CNTN1, GPX3, FCN1 and SERPINE1 (NRGPI-high) (66). Additionally, CNTN1 was also regulated by hsa-miR-15b-5p and hsa-miR-503-5p (members of the microRNA-15/107 family) (67). APOD was regulated by hsa-miR-107 (another member of microRNA-15/107 family) and hsa-let-7d-5p which belongs to the let-7 family (68). PLCL1 and CYTL1 were negatively regulated by hsa-miR-18a-5p and hsa-miR-339-5p and positively regulated by lncRNA FENDRR and MAGI2-AS3, respectively. FENDRR was the predominant lncRNA regulator significantly correlating with 5 microRNAs and 3 NRGPI oncogenes. The tumor suppressive genes of the NRGPI (suppressed in NRGPI-High subgroup), the E2F2 and EFNA3, were regulated by a group of 4 microRNAs (E2F2: hsa-miR-490-3p and hsa-miR-145-5p; EFNA3: hsa-let-7c-5p and hsa-miR-133a-3p) (Figures 8H–K). The higher expression of these four microRNAs were predictive of worst prognosis as opposed to the other microRNAs regulating the oncogenes of NRGPI (Figures 8D–G and Supplementary Figure 4).




Figure 8 | Construction of competing endogenous RNA (ceRNA) network of NRGPI genes. (A) Scrutiny of miRNA by (I) obtaining miRNA targets from miRWalk version 3.0 (n = 2158); (II) screening for miRNA expression in TCGA STAD cohort (n = 1798); (III) followed by gene-miRNA target correlation analysis (n = 122); and (IV) survival significance (n = 72). (B) lncRNA targets (n = 16877) were obtained for the 72 miRNA targets (I), which were then (II) screened for individual target-based correlation analysis (positive correlation with risk gene and negative correlation with miRNA). (C) A mRNA-miRNA-lncRNA (ceRNA) network (9 risk genes-21 miRNAs-32 lncRNAs) was constructed. Kaplan-Meier curves of survival analysis for miRNA targets of NRGPI oncogene (D-G) and NRGPI tumor suppressor genes (H–K). Correlation was tested with Spearman’s correlation test with the following criteria: R=0.2 and p value <0.001.





Individual NRGPI genes evaluation and experimental validation

In order to experimentally validate the outcomes of our study, we further dissect the association of NRGPI genes with the characteristics of tumor microenvironment in gastric cancer such as wnt and TGF-β signaling pathways, and the infiltration of M2 macrophages. The individual NRGPI genes were evaluated for association with M2 macrophage in TCGA STAD cohort which revealed eight NRGPI oncogenes (SERPINE1, APOD, CYTL1, CNTN1, FCN1, GRP, GPX3, PLCL1) showed significant correlation with the infiltration of M2 macrophage (Figure 9A). In accordance with outcomes of GO enrichment analysis (Supplementary Figure 2C), NRGPI association with the two pathways was also investigated which showed strong correlation between the NRGPI and the two pathways (Supplementary Figures 5A, B). Interestingly, the aforementioned eight genes were among the most correlated with these pathways, in particular the TGF-β signaling pathway (Figures 9B, C). Hence, these eight NRGPI oncogenes were selected for further experimental analysis.




Figure 9 | Individual assessment of NRGPI genes and association with necroptosis. (A) Spearman’s correlation between NRGPI genes and infiltration of macrophages in the TCGA STAD dataset assessed with TIMER database. (B) Spearman’s correlation between NRGPI genes and KEGG TGF-β signaling pathway signature genes and (C) WNT signaling pathway signature genes. (D) mRNA expression level of RIPK1, RIPK3, MLKL (necroptosis core mediators), NRGPI oncogenes (SERPINE1, GPX3, GRP, FCN1, CYTL1, CNTN1, PLCL1, and APOD), and markers of WNT signaling pathway (WNT2B, WNT9A) and TGF- signaling pathway (TGFB1, TGFB3) in gastric cancer cells (AGS and MNK45) after being treated with a combination of human recombinant TNF-α, SMAC mimetic, and zVAD-FMK (TSZ) to induce necroptosis or added necroptosis inhibitor (necrostatin-1) to inhibit necroptosis. Graph shows mean ± SD. *P<0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; ns,  not signficant.



To confirm the association of necroptosis and NRGPI oncogenes, necroptosis was induced in gastric cancer cells (AGS and MNK45) using a combination of human recombinant TNF-α, SMAC mimetic, and zVAD-FMK (TSZ) as previously suggested (69, 70). After induction of necroptosis, the mRNA expression level of core mediators (RIPK1, RIPK3, and MLKL) were increased and suppressed when necroptosis inhibitor (necrostatin-1) was added (Figure 9D). There was statistical difference between the mRNA expression levels of these core mediators in both cell lines (AGS and MNK45). Moreover, a similar pattern of expression was evident for selected NRGPI oncogenes. The relationship between NRGPI and cancer progression pathways, such as WNT and TGF-β signaling pathways, was also confirmed as the mRNA expression level of WNT and TGF-β markers (wnt markers: WNT2B, WNT9A; TGF-β markers: TGFB1 and TGFB3), which were selected based on correlation analysis (Supplementary Figures 5C, D), were also significantly elevated with induction of necroptosis.

The relationship of necroptosis, NRGPI oncogenes and tumor microenvironment characteristics was further established in clinical samples via conducting immunohistochemistry analysis in stomach adenocarcinoma patients. As shown in Figures 10, 11A, B, the core mediators of necroptosis (mainly RIPK3 and. MLKL) were highly expressed in these patients which correlated with several of NRGPI oncogenes such as APOD, CYTL1, CNTN1, and PLCL1. TGF-β pathway was evidently activated as the both of the receptors (TGFB1 and TGFB3) showed considerable expression in these patients (Figure 11A). Moreover, macrophage infiltration was intensely evident and showed a predominant positive correlation with the NRGPI oncogenes and pathway markers (Figures 11A, B). M2 phenotype expression (CD206 and CD163) was also demonstrated which, in general, showed a negative correlation but certain significant positive correlation was also apparent. For example, RIPK3 expression was significantly positively correlated with CNTN1 (p<0.001), TGFB1 (p<0.001), and CD206 (not significant). Overall, these results indicate the presence of a strong relationship as suggested by bioinformatics outcomes between the necroptosis, NRGPI oncogenes, and the tumor immune microenvironment which should further be elaborated on individual level.




Figure 10 | Representative images of expression (brown, cell cytoplasmic/nucleus stain) of RIPK1, RIPK3, MLKL (necroptosis core mediators), NRGPI oncogenes (SERPINE1, GPX3, GRP, FCN1, CYTL1, CNTN1, PLCL1, and APOD), markers of WNT signaling pathway (WNT2B, WNT9A), TGF-β signaling pathway (TGFB1, TGFB3), and macrophage (CD63, CD206, CD163) in the clinical samples of stomach adenocarcinoma.






Figure 11 | (A) Expression level (IHC quantification) of RIPK1, RIPK3, MLKL (necroptosis core mediators), NRGPI oncogenes (SERPINE1, GPX3, GRP, FCN1, CYTL1, CNTN1, PLCL1, and APOD), and markers of WNT signaling pathway (WNT2B, WNT9A), TGF-β signaling pathway (TGFB1, TGFB3), and macrophage (CD63, CD206, CD163) in the clinical samples (n = 4) of stomach adenocarcinoma. The scattered dots represent the IHC score of each individual sample. The thick middle lines represent the median value and error bars indicate the standard deviation. The bottom and top of the boxes are the 25th and 75th percentiles (interquartile range), respectively. (B) A correlation matrix illustrating Pearson’s correlation coefficients indicating the relationship among expression levels of RIPK1, RIPK3, MLKL (necroptosis core mediators), NRGPI oncogenes (SERPINE1, GPX3, GRP, FCN1, CYTL1, CNTN1, PLCL1, and APOD), and markers of WNT signaling pathway (WNT2B, WNT9A), TGF-β signaling pathway (TGFB1, TGFB3), and macrophage (CD63, CD206, CD163) in the clinical samples (n = 4) of stomach adenocarcinoma. P values are shown as: *P < 0.05; **P < 0.01; ***P < 0.001.





Therapeutic response

The drug sensitivity profile highlighted two main aspects of the NRGPI subgroups (Supplementary Figure 6). Of the 13 chemotherapy agents, 4 agents showed sensitivity to NRGPI-Low subgroup and none to NRGPI-High subgroup. Major tyrosine kinase inhibitors, that mainly target epidermal growth factor receptor (EGFR), phosphoinositide 3-kinases (PI3K), mammalian target of rapamycin (mTOR), SRC kinases, BCR-Abl, vascular endothelial growth factor receptor (VEGFR), and platelet-derived growth factor receptor (PDGFR), showed sensitivity to NRGPI-High subgroup. Moreover, two poly (ADP-ribose) polymerase (PARP) agents also showed lower IC50 values for the NRGPI-High subgroup. Interestingly, the NRGPI-High subgroup showed resistant to polo-like kinase 1 (PLK1) inhibitors. Detailed profile of the drug sensitivity is listed in Supplementary Table 13 (Supplementary Data-Sheet#13).




Discussion

Necroptosis pathway was greatly deregulated in gastric cancer samples as compared to adjacent normal tissues, wherein the majority of the necroptosis-related genes (NRGs) demonstrated a uniform downregulation. Differential expression of NRGs also identified two molecular subtypes that showed significant difference in prognosis. A 13-gene risk signature was constructed based on the differential expression of genes between the molecular subtypes, that comprehensively differentiated the gastric cancer patients into high and low-risk subgroups. Dissection of these two risk groups by differential gene expression analysis indicated involvement of several biological processes related to cell motility, extracellular organization, and signaling pathways associated with cancer cell progression and immune suppression such as WNT signaling pathway and TGF-β signaling pathway. Para-inflammation and type-II interferon response pathways were evident with an increased infiltration of regulatory T cells (Tregs) and M2 macrophages. Overall, an exhausted immune phenotype was apparent in the NRGPI-High subgroup (Figure 12).




Figure 12 | Graphical abstract of construction and characterization of NRGPI subgroups.



In general, current evidence is insufficient to conclude the role of necroptosis as pro-tumorigenic or anti-cancer process. Down-regulation of core mediators such as RIPK3 and MLKL indicates an attempt to escape from necroptosis. On the other hand, its role in promotion of metastasis and T cell death underlines its role in carcinogenesis. While its inflammatory nature and promotion of cross-priming holds potential for targeted therapy. The clustering based on NRGs indicated two patterns of expression for necroptosis that was also evident in the NRGPI subgroups. Cluster with the worst prognosis (C2 & NRGPI-High subgroup) was identified by the upregulation of necroptosis-associated receptor activity and TAM kinases, AXL and MERTK. TAM kinases promote necroptosis via regulating MLKL oligomerization (23). Although MLKL showed no differential expression between the NRGPI subgroups, it was the only differentially expressed core necroptotic mediator in cancer samples as compared to normal tissues. Both of these indicators plus the lower expression of negative regulators indicate this cohort may have undergone significant necroptosis. While the cluster with a better prognosis (C1 & NRGPI-Low subgroup) was enriched in the expression of negative regulators, RIPK3 upregulation and inositol phosphates, which may indicate higher suppression or resistance to necroptosis in this cohort. Like TAM kinases, inositol phosphates, IPMK, ITPK1, and IPPK, have also been reported for their role in execution of necroptosis via activation of MLKL (27, 28). This could also explain the lack of significant differential expression of MLKL between the cohorts. Hence, under different circumstances, the necroptosis process may or may not be suppressed or resisted which holds prognostic significance. Further investigations would be required to investigate the mechanistic details of this phenomenon.

In our study, we identified a 13-gene risk signature (NRGPI) which characterized the gastric cancer patients into a NRGPI-High- and NRGPI-Low patients based on the differential gene expression between the two clusters. The study of these genes may help to comprehend the mechanism of differential necroptotic status and outcome between the aforementioned clusters. The 13-gene risk signature included several genes that have previously been implicated in cancer development and progression. Cytokine-like 1 (CYTL1, also known as C17 or C4ORF4) is a secreted protein that has shown a deregulated expression profile across cancers and has also been implicated in carcinogenesis (71). A previous study has reported its role in chemoattraction of monocytes via the CCR2/ERK pathway, which were more abundant in the NRGPI-High subgroup compared to the NRGPI-Low subgroup (72). Moreover, CYTL1 expression was positively correlated with macrophage marker CD68 indicating an interplay between necroptosis (CYTL1 positively correlated with MLKL), CYTL1 and macrophage infiltration which needs further exploration. It was identified as a tumor suppressor in lung cancer via inhibiting the tumor invasion and metastasis rather proliferation (72). While a similar effect on tumor growth and metastasis was achieved via inhibition of metabolic reprogramming in breast cancer cells expressing an intracellular form of CYTL1 that lacked a 1-22 aa signal peptide, ΔCYTL1 (73). In contrast, CYTL1 was involved in the growth and metastasis of neuroblastoma cells (74). Although its expression is downregulated in gastric cancer, a higher expression suggested a poor prognosis as shown in our study. Furthermore, our study identified the hsa-miR-339-5p as miRNA target of CYTL1 which has previously been recognized as a suppressor of malignant development in gastric cancer thereby further cementing CYTL1 role as an oncogenic molecule in gastric cancer (75). Phospholipase C like 1 (PLCL1) is required for insulin induced gamma-aminobutyric acid type A (GABA(A)) receptor expression and in the gonadotropin secretion (76, 77). PLCL1 was demonstrated to induce abnormal lipid metabolism in tumor cells by interacting with metabolism-related gene uncoupling protein 1 (UCP1), thereby repressing progression of clear cell renal cell carcinoma (ccRCC) (78). In a breast cancer study, its expression was associated with PIK3CA mutation and PFS; nonetheless, its role in cancer has largely been unknown (79). Our study indicated PLCL1 to play a role in macrophage infiltration as shown in bioinformatic analysis and validated in the immunohistochemistry analysis of the clinical samples. In coherence with our study, chorionic gonadotropin subunit beta 5 (CGB5) – a protein-encoding gene primarily associated with invasive mole and ectopic pregnancy – has previously been identified as a biomarker in gastric cancer (80). It exhibits structural similarities with other growth factors and has been shown to act as proangiogenic factor in some tumors (81, 82). Other properties include suppression of apoptosis and induction of epithelial‐to‐mesenchymal transition (EMT) via TGF-β signaling pathway (83–85). These functional properties of CGB5 could also be reflected in our study.

Contactin 1 (CNTN1), a neuronal membrane glycoprotein, has long been implicated in cancer cell invasion, migration, metastasis via the epithelial-mesenchymal transition (EMT) in several cancers such as the lung cancer, gastric cancer, esophageal cancer, thyroid cancer, liver cancer, prostate cancer, and breast cancer (86–93). In fact, CNTN1 was identified as a critical NRGPI oncogene in our study which showed strong association with necroptosis (RIPK3), TGF-β signaling pathway (TGFB1), and infiltration of the M2 macrophages (CD206). Moreover, ceRNA network identified hsa-miR-200c-3p as regulator of CNTN1 which further assert CNTN1 role in gastric cancer development via EMT (66). Hence, CNTN1 may induce TGF-β1 which can promote differentiation of macrophages into M2 phenotype thereby further inducing the secretion of TGF-β1 and consequently prompting the EMT (94, 95). In has also been involved in the development of chemoresistance in lung cancer (96). Several studies have clearly indicated CNTN1 as an independent prognostic factor in gastric cancer 87, 88). Gastrin releasing peptide (GRP) is a neuropeptide that causes the secretion of gastrin in the stomach (97). GRP is over-expressed in a number of cancers including lung, breast, stomach, pancreas, renal, prostate, and colon (98, 99). GRP actions relevant to carcinogenesis include its role as a potent mitogen and its effects on angiogenesis, cell adhesion, and cell migration – pathways that were also revealed in our study (100, 101). Apolipoprotein D (ApoD), a protein regulated by androgen and estrogen, is implicated in breast cancer as a poor prognostic factor (102). In gastric cancer, several bioinformatic analysis have revealed APOD as a component of gene-risk model and associated with tumor mutational burden and immune cell infiltration (103–105). Our study further validated these characteristics of APOD demonstrating a positive correlation with infiltration of macrophages (CD68) and WNT signaling pathway (WNT2B). Cystatin E/M (CST6), a representative cysteine protease inhibitor, has been well appreciated as a tumor-promoting and tumor-suppressing agent and is pursued as an epigenetically therapeutic target in special cancer types (106). Loss of expression in 70% of gastric cancer was reported due to promoter hypermethylation which was associated with shorter survival (107). Moreover, CST6 was also part of a CpG island methylator phenotype-related prognostic gene signature which differentiated gastric cancer into high-and low-risk groups with a significant OS difference (108). Although the DNA methylation status of CST6 was not determined in our study, low expression of CST6 was associated with better prognosis. Likewise, extracellular glutathione peroxidase (GPX3) also plays a dichotomous role in different types of cancer (109). Bioinformatic analysis of TCGA data have revealed poor prognosis for gastric patients with higher GPX3 expression, which is in coherence with the outcome of our study. However, a tumor suppressive role also been reported for GPX3 in gastric cancer wherein its knockdown resulted in tumor cell invasion and migration by targeting NFкB/Wnt5a/JNK signaling (110). Ficolin-1 (FCN1) is a member of the ficolins family proteins that are considered as multifunctional innate immune defense factors mainly associated with complement pathway. Their role in cancer is not exclusively elaborated (111). Our study indicates association of higher expression of FCN1 with poor prognosis. Further exploration of these factors is warranted as a therapeutic target in gastric cancer. Serpin family E member 1 (SERPINE1) encodes plasminogen activator inhibitor 1 (PAI-1), which is a primary inhibitor of tissue plasminogen activator (tPA) (112). It has been detected in various cancer and involved in cancer invasion, migration, and angiogenesis (112–116). Activation of PAI-1 transcription is mediated by the cooperation of tumor suppressor p53 with TGF-β signal transducers, Smad proteins, to selectively enhance TGF-β-induced cytostatic effects (117). In gastric cancer, it was highly expressed and associated with regulation of EMT (114). Our study indicated PAI-1 as one of the NRGPI oncogenes associated with the TGF-β and infiltration of M2 macrophages.

Ephrin A3 (EFNA3), like most genes in the ephrin family, plays a central role in embryonic development and can be dysregulated in a variety of tumors (118). In gastric cancer, it has been identified as part of the prognostic gene signature during investigation of hypoxia and glycolysis (119, 120). Interestingly, the expression of Ephrin A3 was down-regulated in the high-risk group. Indicating it as tumor suppressive factor as reported before (121). E2Fs, transcription factor protein family, are implicated in carcinogenesis for their role in cell cycle control (122, 123). Previously, E2F2 has been reported for its role in development of gastric cancer growth (124). However, it was downregulated in the high-risk cohort indicating it as a tumor suppressive target. SOX14, a transcription factor, has largely been unexplored in cancer.

Investigations of immune-related pathways revealed activation of para-inflammation, a low-grade form of inflammation, in the high-risk group. Para-inflammation is implicated in the cancer development (125). Viral infection such as Epstein-Barr virus (EBV) and chronic infections such as H. Pylori might contribute to the para-inflammatory status (126). This status could certainly activate the innate immune pathways as observed in our study including APC co-stimulation, and type-II interferon secretions. Enrichment of TP53 mutation has also been linked to parainflammation-positive tumors, which was the highly mutated gene in the high-risk group (125). TP53 role in cancer cell cycle is mediated via p53-TGF-β signaling pathway which showed comparative enrichment in the high-risk group. Moreover, the immune landscape indicated a predominantly innate immune phenotype for the high-risk group, which was characterized by high infiltration of monocytes, M2 macrophages, activated mast cells, resting dendritic cells and regulatory T cells (Tregs). The survival analysis indicated significant impact on prognosis for the infiltration of these cells. Infiltration of Tregs as well as M2 macrophage phenotype have previously been associated with poor prognosis in cancers including gastric cancer (127–129). Overall, an exhaustive immune subtype is apparent for the high-risk patients characterized by the activation of Wnt and TGF-β pathways and the abundance of M2 macrophage and Tregs (130). As such, the high-risk patients may not respond well to the immune checkpoint inhibition therapy. Our investigations of the immune subtype identified the major difference between the cohorts which was the enrichment of inflammatory immune subtype in the high-risk group. Inflammatory subtype is characterized by the highest infiltration of Th17 cells among the immune subtypes, which is also implicated in cancer (61). TGF-β in the gastric tumor microenvironment is reported to promote the differentiation and expansion of both Th17 cells, Tregs and M2 macrophage (94, 95, 131, 132). Th17 contribute to gastric cancer growth through promotion of inflammation and secretion of IL-17 as opposed to Tregs which is involved in immune surveillance (132). Overall, the exhausted immune microenvironment may not be a suitable candidate for immunotherapy. Interestingly, resistance to certain chemotherapy agents was also apparent in our study. However, selective molecular targeted therapy, as demonstrated in the drug sensitivity analysis, might be a better option for the NRGPI-High gastric patients.



Conclusions

Necroptosis appears to play a critical role in the development and progression of gastric cancer. Molecular subtypes could further dissect the differential role necroptosis might play during the gastric cancer progression with implications for tumor immune microenvironment, prognosis, and therapy. Results of our study could provide a basis for further work on elaborating the mechanistic details of necroptosis in gastric cancer.



Data availability statement

The mRNA expression and clinical data used in this article can be accessed from TCGA (https://portal.gdc.cancer.gov/) and GEO (https://www.ncbi.nlm.nih.gov/geo/) databases. The accession number(s) can be found in the article/Supplementary Material.



Ethics statement

The studies involving human participants were reviewed and approved by Internal review and ethics boards of the Affiliated Cancer Hospital and Institute of Guangzhou Medical University. The patients/participants provided their written informed consent to participate in this study.



Author contributions

MK, JL, and BW contributed equally to this work. All authors have made significant contributions to the conception, supervision, and final approval of the manuscript.



Funding

This study was supported by the National Natural Science Foundation of China (82102974), Science and Technology Program of Guangzhou, China (202201011048), and Key Clinical Technology of Guangzhou (2019ZD17).



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.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.968165/full#supplementary-material

Supplementary Figure 1 | Assessment of the risk model. (A) Distribution of TCGA and (B) GEO patients based on the risk score. (C) Risk scores and survival correlation for the high- (on the right side of the dotted line) and low-risk (on the left side of the dotted line) TCGA and (D) GEO patients. (E) Linear regression between risk score and survival time in years for TCGA and (F) GEO cohorts. (G) Principal component analysis (PCA) plots of risk scores for TCGA and H) GEO cohorts. (I) t-distributed stochastic neighbor embedding (t-SNE) plots of risk scores for TCGA and (J) GEO cohorts.

Supplementary Figure 2 | Correlation and functional analysis of the risk groups. (A) Pearson’s correlation between individual NRGs (n = 55) and NRGPI (n = 13). P values are shown as: *P < 0.05; **P < 0.01; ***P < 0.001. (B) Circos plot depicting the enrichment of gene ontology (GO) terms (only biological process: BP) and (C) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways (increasing depth of the red indicate the more obvious differences; q-value: the adjusted p-value).

Supplementary Figure 3 | Immune landscape of NRGPI subgroups based on the single sample gene set enrichment analysis (ssGSEA) scores. (A) Comparison of enrichment scores of 16 types of immune cells and 13 immune-related pathways in the GEO cohort between NRGPI-High and NRGPI-Low subgroups. (B–F) Kaplan-Meier curves for survival difference between TCGA patients with high and low-activation of immune-related pathways. (G) Kaplan-Meier curves for survival difference between TCGA patients with high and low- infiltration of Th2 cells. P values are shown as: *P < 0.05; **P < 0.01; ***P < 0.001.

Supplementary Figure 4 | Kaplan-Meier curves of survival analysis for miRNA targets of NRGPI oncogenes.

Supplementary Figure 5 | Association of NRGPI and cancer-associated pathways (B) Spearman’s correlation between NRGPI (13 risk genes) signature and KEGG TGF-β signaling pathway (86-gene signature) in TCGA STAD cohort. (B) Spearman’s correlation between NRGPI (13 risk genes) signature and KEGG WNT signaling pathway (151-gene signature) in TCGA STAD cohort. (C) Pearson’s correlation between individual NRGPI (n=13) and markers of TGF-β signaling pathway in TCGA STAD cohort. P values are shown as: *P < 0.05; **P < 0.01; ***P < 0.001. (B) Pearson’s correlation between individual NRGPI (n=13) and markers of WNT signaling pathway in TCGA STAD cohort. P values are shown as: *P < 0.05; **P < 0.01; ***P < 0.001.

Supplementary Figure 6 | Prediction of drug sensitivities of NRGPI-High and NRGPI-Low subgroups in TCGA cohort.



References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin (2021) 71(3):209–49. doi: 10.3322/caac.21660

2. Rugge, M, Fassan, M, and Graham, DY. Epidemiology of gastric cancer. Gastric Cancer (2015), 23–34. doi: 10.1007/978-3-319-15826-6_2

3. Sexton, RE, Al Hallak, MN, Diab, M, and Azmi, AS. Gastric cancer: A comprehensive review of current and future treatment strategies. Cancer Metastasis Rev (2020) 39(4):1179–203. doi: 10.1007/s10555-020-09925-3

4. Hooi, JKY, Lai, WY, Ng, WK, Suen, MMY, Underwood, FE, Tanyingoh, D, et al. Global prevalence of helicobacter pylori infection: Systematic review and meta-analysis. Gastroenterology (2017) 153(2):420–9. doi: 10.1053/j.gastro.2017.04.022

5. Lee, YC, Chiang, TH, Chou, CK, Tu, YK, Liao, WC, Wu, MS, et al. Association between helicobacter pylori eradication and gastric cancer incidence: A systematic review and meta-analysis. Gastroenterology (2016) 150(5):1113–24.e5. doi: 10.1053/j.gastro.2016.01.028

6. 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

7. Najafov, A, Chen, H, and Yuan, J. Necroptosis and cancer. Trends Cancer (2017) 3(4):294–301. doi: 10.1016/j.trecan.2017.03.002

8. Philipp, S, Sosna, J, and Adam, D. Cancer and necroptosis: Friend or foe? Cell Mol Life Sci (2016) 73(11-12):2183–93. doi: 10.1007/s00018-016-2193-2

9. Moriwaki, K, Bertin, J, Gough, PJ, Orlowski, GM, and Chan, FK. Differential roles of RIPK1 and RIPK3 in TNF-induced necroptosis and chemotherapeutic agent-induced cell death. Cell Death Dis (2015) 6(2):e1636. doi: 10.1038/cddis.2015.16

10. 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

11. Ando, Y, Ohuchida, K, Otsubo, Y, Kibe, S, Takesue, S, Abe, T, et al. Necroptosis in pancreatic cancer promotes cancer cell migration and invasion by release of CXCL5. PloS One (2020) 15(1):e0228015. doi: 10.1371/journal.pone.0228015

12. Geserick, P, Wang, J, Schilling, R, Horn, S, Harris, PA, Bertin, J, et al. Absence of RIPK3 predicts necroptosis resistance in malignant melanoma. Cell Death Dis (2015) 6(9):e1884. doi: 10.1038/cddis.2015.240

13. Schmidt, SV, Seibert, S, Walch-Rückheim, B, Vicinus, B, Kamionka, EM, Pahne-Zeppenfeld, J, et al. RIPK3 expression in cervical cancer cells is required for PolyIC-induced necroptosis, IL-1α release, and efficient paracrine dendritic cell activation. Oncotarget (2015) 6(11):8635–47. doi: 10.18632/oncotarget.3249

14. Koo, G-B, Morgan, MJ, Lee, D-G, Kim, W-J, Yoon, J-H, 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

15. Melo-Lima, S, Celeste Lopes, M, and Mollinedo, F. Necroptosis is associated with low procaspase-8 and active RIPK1 and -3 in human glioma cells. Oncoscience (2014) 1(10):649–64. doi: 10.18632/oncoscience.89

16. Zhou, J, Du, X, Chen, X, Wang, J, Zhou, N, Wu, D, et al. Enzymatic self-assembly confers exceptionally strong synergism with NF-κB targeting for selective necroptosis of cancer cells. J Am Chem Soc (2018) 140(6):2301–8. doi: 10.1021/jacs.7b12368

17. Yatim, N, Jusforgues-Saklani, H, Orozco, S, Schulz, O, Barreira da Silva, R, Reis e Sousa, C, et al. RIPK1 and NF-κB signaling in dying cells determines cross-priming of CD8+ T cells. Science (2015) 350(6258):328–34. doi: 10.1126/science.aad0395

18. Choi, ME, Price, DR, Ryter, SW, and Choi, AMK. Necroptosis: A crucial pathogenic mediator of human disease. JCI Insight (2019) 4(15):e128834. doi: 10.1172/jci.insight.128834

19. Chen, J, Kos, R, Garssen, J, and Redegeld, F. Molecular insights into the mechanism of necroptosis: The necrosome as a potential therapeutic target. Cells (2019) 8(12):1486. doi: 10.3390/cells8121486

20. Galluzzi, L, Vitale, I, Aaronson, SA, Abrams, JM, Adam, D, Agostinis, P, et al. Molecular mechanisms of cell death: recommendations of the nomenclature committee on cell death 2018. Cell Death Differ (2018) 25(3):486–541. doi: 10.1038/s41418-017-0012-4

21. Grootjans, S, Vanden Berghe, T, and Vandenabeele, P. Initiation and execution mechanisms of necroptosis: an overview. Cell Death Differ (2017) 24(7):1184–95. doi: 10.1038/cdd.2017.65

22. Seo, J, Nam, YW, Kim, S, Oh, D-B, and Song, J. Necroptosis molecular mechanisms: Recent findings regarding novel necroptosis regulators. Exp Mol Med (2021) 53(6):1007–17. doi: 10.1038/s12276-021-00634-7

23. Najafov, A, Mookhtiar, AK, Luu, HS, Ordureau, A, Pan, H, Amin, PP, et al. TAM kinases promote necroptosis by regulating oligomerization of MLKL. Mol Cell (2019) 75(3):457–68.e4. doi: 10.1016/j.molcel.2019.05.022

24. Zhu, K, Liang, W, Ma, Z, Xu, D, Cao, S, Lu, X, et al. Necroptosis promotes cell-autonomous activation of proinflammatory cytokine gene expression. Cell Death Disease (2018) 9(5):500. doi: 10.1038/s41419-017-0073-9

25. McComb, S, Cheung, HH, Korneluk, RG, Wang, S, Krishnan, L, and Sad, S. cIAP1 and cIAP2 limit macrophage necroptosis by inhibiting Rip1 and Rip3 activation. Cell Death Differ (2012) 19(11):1791–801. doi: 10.1038/cdd.2012.59

26. LaCasse, EC, Mahoney, DJ, Cheung, HH, Plenchette, S, Baird, S, and Korneluk, RG. IAP-targeted therapies for cancer. Oncogene (2008) 27(48):6252–75. doi: 10.1038/onc.2008.302

27. Dovey, CM, Diep, J, Clarke, BP, Hale, AT, McNamara, DE, Guo, H, et al. MLKL requires the inositol phosphate code to execute necroptosis. Mol Cell (2018) 70(5):936–48.e7. doi: 10.1016/j.molcel.2018.05.010

28. McNamara, DE, Dovey, CM, Hale, AT, Quarato, G, Grace, CR, Guibao, CD, et al. Direct activation of human MLKL by a select repertoire of inositol phosphate metabolites. Cell Chem Biol (2019) 26(6):863–77.e7. doi: 10.1016/j.chembiol.2019.03.010

29. Roedig, J, Kowald, L, Juretschke, T, Karlowitz, R, Ahangarian Abhari, B, Roedig, H, et al. USP22 controls necroptosis by regulating receptor-interacting protein kinase 3 ubiquitination. EMBO Rep (2021) 22(2):e50163. doi: 10.15252/embr.202050163

30. Vandenabeele, P, Declercq, W, Van Herreweghe, F, and Vanden Berghe, T. The role of the kinases RIP1 and RIP3 in TNF-induced necrosis. Sci Signal (2010) 3(115):re4. doi: 10.1126/scisignal.3115re4

31. Vercammen, D, Brouckaert, G, Denecker, G, Van de Craen, M, Declercq, W, Fiers, W, et al. Dual signaling of the fas receptor: Initiation of both apoptotic and necrotic cell death pathways. J Exp Med (1998) 188(5):919–30. doi: 10.1084/jem.188.5.919

32. Kaiser, WJ, Sridharan, H, Huang, C, Mandal, P, Upton, JW, Gough, PJ, et al. Toll-like receptor 3-mediated necrosis via TRIF, RIP3, and MLKL. J Biol Chem (2013) 288(43):31268–79. doi: 10.1074/jbc.M113.462341

33. He, S, Liang, Y, Shao, F, and Wang, X. Toll-like receptors activate programmed necrosis in macrophages through a receptor-interacting kinase-3-mediated pathway. Proc Natl Acad Sci U States A (2011) 108(50):20054–9. doi: 10.1073/pnas.1116302108

34. Malireddi, RKS, Kesavardhana, S, and Kanneganti, T-D. ZBP1 and TAK1: Master regulators of NLRP3 Inflammasome/Pyroptosis, apoptosis, and necroptosis (PAN-optosis). Front Cell Infect Microbiol (2019) 9. doi: 10.3389/fcimb.2019.00406

35. Ciotti, S, Iuliano, L, Cefalù, S, Comelli, M, Mavelli, I, Di Giorgio, E, et al. GSK3β is a key regulator of the ROS-dependent necrotic death induced by the quinone DMNQ. Cell Death Disease (2020) 11(1):2. doi: 10.1038/s41419-019-2202-0

36. Li, X, Gong, W, Wang, H, Li, T, Attri, KS, Lewis, RE, et al. O-GlcNAc transferase suppresses inflammation and necroptosis by targeting receptor-interacting Serine/Threonine-protein kinase 3. Immunity (2019) 50(3):576–90.e6. doi: 10.1016/j.immuni.2019.01.007

37. Shi, C-S, and Kehrl, JH. Bcl-2 regulates pyroptosis and necroptosis by targeting BH3-like domains in GSDMD and MLKL. Cell Death Discov (2019) 5(1):151. doi: 10.1038/s41420-019-0230-2

38. Zhong, Y, Zhang, ZH, Wang, JY, Xing, Y, Ri, MH, Jin, HL, et al. Zinc finger protein 91 mediates necroptosis by initiating RIPK1-RIPK3-MLKL signal transduction in response to TNF receptor 1 ligation. Toxicol Lett (2021) 356:75–88. doi: 10.1016/j.toxlet.2021.12.015

39. Li, D, Xu, T, Cao, Y, Wang, H, Li, L, Chen, S, et al. A cytosolic heat shock protein 90 and cochaperone CDC37 complex is required for RIP3 activation during necroptosis. Proc Natl Acad Sci (2015) 112(16):5017–22. doi: 10.1073/pnas.1505244112

40. Johnston, AN, Ma, Y, Liu, H, Liu, S, Hanna-Addams, S, Chen, S, et al. Necroptosis-blocking compound NBC1 targets heat shock protein 70 to inhibit MLKL polymerization and necroptosis. Proc Natl Acad Sci U S A (2020) 117(12):6521–30. doi: 10.1073/pnas.1916503117

41. Nakabayashi, O, Takahashi, H, Moriwaki, K, Komazawa-Sakon, S, Ohtake, F, Murai, S, et al. MIND bomb 2 prevents RIPK1 kinase activity-dependent and -independent apoptosis through ubiquitylation of cFLIPL. Commun Biol (2021) 4(1):80. doi: 10.1038/s42003-020-01603-y

42. Wang, L, Chang, X, Feng, J, Yu, J, and Chen, G. TRADD mediates RIPK1-independent necroptosis induced by tumor necrosis factor. Front Cell Dev Biol (2019) 7:393. doi: 10.3389/fcell.2019.00393

43. Kaiser, WJ, Upton, JW, Long, AB, Livingston-Rosanoff, D, Daley-Bauer, LP, Hakem, R, et al. RIP3 mediates the embryonic lethality of caspase-8-deficient mice. Nature (2011) 471(7338):368–72. doi: 10.1038/nature09857

44. Oberst, A, Dillon, CP, Weinlich, R, McCormick, LL, Fitzgerald, P, Pop, C, et al. Catalytic activity of the caspase-8-FLIP(L) complex inhibits RIPK3-dependent necrosis. Nature (2011) 471(7338):363–7. doi: 10.1038/nature09852

45. Lafont, E, Draber, P, Rieser, E, Reichert, M, Kupka, S, de Miguel, D, et al. TBK1 and IKKϵ prevent TNF-induced cell death by RIPK1 phosphorylation. Nat Cell Biol (2018) 20(12):1389–99. doi: 10.1038/s41556-018-0229-6

46. Seo, J, Lee, EW, Sung, H, Seong, D, Dondelinger, Y, Shin, J, et al. CHIP controls necroptosis through ubiquitylation- and lysosome-dependent degradation of RIPK3. Nat Cell Biol (2016) 18(3):291–302. doi: 10.1038/ncb3314

47. Onizawa, M, Oshima, S, Schulze-Topphoff, U, Oses-Prieto, JA, Lu, T, Tavares, R, et al. The ubiquitin-modifying enzyme A20 restricts ubiquitination of the kinase RIPK3 and protects cells from necroptosis. Nat Immunol (2015) 16(6):618–27. doi: 10.1038/ni.3172

48. Chen, W, Wu, J, Li, L, Zhang, Z, Ren, J, Liang, Y, et al. Ppm1b negatively regulates necroptosis through dephosphorylating Rip3. Nat Cell Biol (2015) 17(4):434–44. doi: 10.1038/ncb3120

49. Xie, Y, Zhu, S, Zhong, M, Yang, M, Sun, X, Liu, J, et al. Inhibition of aurora kinase a induces necroptosis in pancreatic carcinoma. Gastroenterology (2017) 153(5):1429–43.e5. doi: 10.1053/j.gastro.2017.07.036

50. Seo, J, Seong, D, Nam, YW, Hwang, CH, Lee, SR, Lee, C-S, et al. Beclin 1 functions as a negative modulator of MLKL oligomerisation by integrating into the necrosome complex. Cell Death Differ (2020) 27(11):3065–81. doi: 10.1038/s41418-020-0561-9

51. Hitomi, J, Christofferson, DE, Ng, A, Yao, J, Degterev, A, Xavier, RJ, et al. Identification of a molecular signaling network that regulates a cellular necrotic cell death pathway. Cell (2008) 135(7):1311–23. doi: 10.1016/j.cell.2008.10.044

52. Petersen, SL, Chen, TT, Lawrence, DA, Marsters, SA, Gonzalvez, F, and Ashkenazi, A. TRAF2 is a biologically important necroptosis suppressor. Cell Death Differ (2015) 22(11):1846–57. doi: 10.1038/cdd.2015.35

53. Lou, X, Zhu, H, Ning, L, Li, C, Li, S, Du, H, et al. EZH2 regulates intestinal inflammation and necroptosis through the JNK signaling pathway in intestinal epithelial cells. Dig Dis Sci (2019) 64(12):3518–27. doi: 10.1007/s10620-019-05705-4

54. Karki, R, Sundaram, B, Sharma, BR, Lee, S, Malireddi, RKS, Nguyen, LN, et al. ADAR1 restricts ZBP1-mediated immune response and PANoptosis to promote tumorigenesis. Cell Rep (2021) 37(3):109858. doi: 10.1016/j.celrep.2021.109858

55. Xu, D, Jin, T, Zhu, H, Chen, H, Ofengeim, D, Zou, C, et al. TBK1 suppresses RIPK1-driven apoptosis and inflammation during development and in aging. Cell (2018) 174(6):1477–91.e19. doi: 10.1016/j.cell.2018.07.041

56. Dondelinger, Y, Delanghe, T, Rojas-Rivera, D, Priem, D, Delvaeye, T, Bruggeman, I, et al. MK2 phosphorylation of RIPK1 regulates TNF-mediated cell death. Nat Cell Biol (2017) 19(10):1237–47. doi: 10.1038/ncb3608

57. Cao, K, and Tait, SWG. Parkin inhibits necroptosis to prevent cancer. Nat Cell Biol (2019) 21(8):915–6. doi: 10.1038/s41556-019-0350-1

58. Wang, H, Meng, H, Li, X, Zhu, K, Dong, K, Mookhtiar, AK, et al. PELI1 functions as a dual modulator of necroptosis and apoptosis by regulating ubiquitination of RIPK1 and mRNA levels of c-FLIP. Proc Natl Acad Sci (2017) 114(45):11944. doi: 10.1073/pnas.1715742114

59. Wilkerson, MD, and Hayes, DN. ConsensusClusterPlus: A class discovery tool with confidence assessments and item tracking. Bioinformatics (2010) 26(12):1572–3. doi: 10.1093/bioinformatics/btq170

60. Ishwaran, H, Gerds, TA, Kogalur, UB, Moore, RD, Gange, SJ, and Lau, BM. Random survival forests for competing risks. Biostatistics (2014) 15(4):757–73. doi: 10.1093/biostatistics/kxu010

61. Thorsson, V, Gibbs, DL, Brown, SD, Wolf, D, Bortone, DS, Ou Yang, TH, et al. The immune landscape of cancer. Immunity (2018) 48(4):812–30.e14. doi: 10.1016/j.immuni.2018.03.023

62. Li, JH, Liu, S, Zhou, H, Qu, LH, and Yang, JH. starBase v2.0: decoding miRNA-ceRNA, miRNA-ncRNA and protein-RNA interaction networks from large-scale CLIP-seq data. Nucleic Acids Res (2014) 42(Database issue):D92–7. doi: 10.1093/nar/gkt1248

63. Smoot, ME, Ono, K, Ruscheinski, J, Wang, PL, and Ideker, T. Cytoscape 2.8: New features for data integration and network visualization. Bioinformatics (2011) 27(3):431–2. doi: 10.1093/bioinformatics/btq675

64. Geeleher, P, Cox, N, and Huang, RS. pRRophetic: an r package for prediction of clinical chemotherapeutic response from tumor gene expression levels. PloS One (2014) 9(9):e107468. doi: 10.1371/journal.pone.0107468

65. Garnett, MJ, Edelman, EJ, Heidorn, SJ, Greenman, CD, Dastur, A, Lau, KW, et al. Systematic identification of genomic markers of drug sensitivity in cancer cells. Nature (2012) 483(7391):570–5. doi: 10.1038/nature11005

66. Feng, X, Wang, Z, Fillmore, R, and Xi, Y. MiR-200, a new star miRNA in human cancer. Cancer Lett (2014) 344(2):166–73. doi: 10.1016/j.canlet.2013.11.004

67. Finnerty, JR, Wang, WX, Hébert, SS, Wilfred, BR, Mao, G, and Nelson, PT. The miR-15/107 group of microRNA genes: evolutionary biology, cellular functions, and roles in human diseases. J Mol Biol (2010) 402(3):491–509. doi: 10.1016/j.jmb.2010.07.051

68. Büssing, I, Slack, FJ, and Großhans, H. Let-7 microRNAs in development, stem cells and cancer. Trends Mol Med (2008) 14(9):400–9. doi: 10.1016/j.molmed.2008.07.001

69. Cai, Z, Zhang, A, Choksi, S, Li, W, Li, T, Zhang, XM, et al. Activation of cell-surface proteases promotes necroptosis, inflammation and cell migration. Cell Res (2016) 26(8):886–900. doi: 10.1038/cr.2016.87

70. Hannes, S, Abhari, BA, and Fulda, S. Smac mimetic triggers necroptosis in pancreatic carcinoma cells when caspase activation is blocked. Cancer Lett (2016) 380(1):31–8. doi: 10.1016/j.canlet.2016.05.036

71. Wang, X, Li, T, Cheng, Y, Wang, P, Yuan, W, Liu, Q, et al. CYTL1 inhibits tumor metastasis with decreasing STAT3 phosphorylation. Oncoimmunology (2019) 8(5):e1577126–e. doi: 10.1080/2162402X.2019.1577126

72. Wang, X, Li, T, Wang, W, Yuan, W, Liu, H, Cheng, Y, et al. Cytokine-like 1 chemoattracts Monocytes/Macrophages via CCR2. J Immunol (2016) 196(10):4090–9. doi: 10.4049/jimmunol.1501908

73. Xue, W, Li, X, Li, W, Wang, Y, Jiang, C, Zhou, L, et al. Intracellular CYTL1, a novel tumor suppressor, stabilizes NDUFV1 to inhibit metabolic reprogramming in breast cancer. Signal Transduct Target Ther (2022) 7(1):35. doi: 10.1038/s41392-021-00856-1

74. Wen, M, Wang, H, Zhang, X, Long, J, Lv, Z, Kong, Q, et al. Cytokine-like 1 is involved in the growth and metastasis of neuroblastoma cells. Int J Oncol (2012) 41(4):1419–24. doi: 10.3892/ijo.2012.1552

75. Wang, C, Huang, Y, Zhang, J, and Fang, Y. MiRNA-339-5p suppresses the malignant development of gastric cancer via targeting ALKBH1. Exp Mol Pathol (2020) 115:104449. doi: 10.1016/j.yexmp.2020.104449

76. Fujii, M, Kanematsu, T, Ishibashi, H, Fukami, K, Takenawa, T, Nakayama, KI, et al. Phospholipase c-related but catalytically inactive protein is required for insulin-induced cell surface expression of gamma-aminobutyric acid type a receptors. J Biol Chem (2010) 285(7):4837–46. doi: 10.1074/jbc.M109.070045

77. Matsuda, M, Tsutsumi, K, Kanematsu, T, Fukami, K, Terada, Y, Takenawa, T, et al. Involvement of phospholipase c-related inactive protein in the mouse reproductive system through the regulation of gonadotropin levels. Biol Reprod (2009) 81(4):681–9. doi: 10.1095/biolreprod.109.076760

78. Xiong, Z, Xiao, W, Bao, L, Xiong, W, Xiao, H, Qu, Y, et al. Tumor cell “Slimming” regulates tumor progression through PLCL1/UCP1-mediated lipid browning. Adv Sci (2019) 6(10):1801862. doi: 10.1002/advs.201801862

79. Ramirez-Ardila, DE, Ruigrok-Ritstier, K, Helmijr, JC, Look, MP, van Laere, S, Dirix, L, et al. LRG1 mRNA expression in breast cancer associates with PIK3CA genotype and with aromatase inhibitor therapy outcome. Mol Oncol (2016) 10(8):1363–73. doi: 10.1016/j.molonc.2016.07.004

80. Qin, M, Liang, Z, Qin, H, Huo, Y, Wu, Q, Yang, H, et al. Novel prognostic biomarkers in gastric cancer: CGB5, MKNK2, and PAPPA2. Front Oncol (2021) 11:683582–. doi: 10.3389/fonc.2021.683582

81. Brouillet, S, Hoffmann, P, Chauvet, S, Salomon, A, Chamboredon, S, Sergent, F, et al. Revisiting the role of hCG: new regulation of the angiogenic factor EG-VEGF and its receptors. Cell Mol Life Sci (2012) 69(9):1537–50. doi: 10.1007/s00018-011-0889-x

82. Schanz, A, Lukosz, M, Hess, AP, Baston-Büst, DM, Krüssel, JS, and Heiss, C. hCG stimulates angiogenic signals in lymphatic endothelial and circulating angiogenic cells. J Reprod Immunol (2015) 110:102–8. doi: 10.1016/j.jri.2015.01.011

83. Szczerba, A, Śliwa, A, Kubiczak, M, Nowak-Markwitz, E, and Jankowska, A. Human chorionic gonadotropin β subunit affects the expression of apoptosis-regulating factors in ovarian cancer. Oncol Rep (2016) 35(1):538–45. doi: 10.3892/or.2015.4386

84. Yang, Y, Shi, Y, Hou, Y, Lu, Y, and Yang, J. CGB5 expression is independently associated with poor overall survival and recurrence-free survival in patients with advanced gastric cancer. Cancer Med (2018) 7(3):716–25. doi: 10.1002/cam4.1364

85. Kawamata, F, Nishihara, H, Homma, S, Kato, Y, Tsuda, M, Konishi, Y, et al. Chorionic gonadotropin-β modulates epithelial-mesenchymal transition in colorectal carcinoma metastasis. Am J Pathol (2018) 188(1):204–15. doi: 10.1016/j.ajpath.2017.08.034

86. Su, JL, Yang, PC, Shih, JY, Yang, CY, Wei, LH, Hsieh, CY, et al. The VEGF-C/Flt-4 axis promotes invasion and metastasis of cancer cells. Cancer Cell (2006) 9(3):209–23. doi: 10.1016/j.ccr.2006.02.018

87. Szász, AM, Lánczky, A, Nagy, Á, Förster, S, Hark, K, Green, JE, et al. Cross-validation of survival associated biomarkers in gastric cancer using transcriptomic data of 1,065 patients. Oncotarget (2016) 7(31):49322–33. doi: 10.18632/oncotarget.10337

88. Chen, DH, Yu, JW, Wu, JG, Wang, SL, and Jiang, BJ. Significances of contactin-1 expression in human gastric cancer and knockdown of contactin-1 expression inhibits invasion and metastasis of MKN45 gastric cancer cells. J Cancer Res Clin Oncol (2015) 141(12):2109–20. doi: 10.1007/s00432-015-1973-7

89. Liu, P, Chen, S, Wu, W, Liu, B, Shen, W, Wang, F, et al. Contactin-1 (CNTN-1) overexpression is correlated with advanced clinical stage and lymph node metastasis in oesophageal squamous cell carcinomas. Jpn J Clin Oncol (2012) 42(7):612–8. doi: 10.1093/jjco/hys066

90. Shi, K, Xu, D, Yang, C, Wang, L, Pan, W, Zheng, C, et al. Contactin 1 as a potential biomarker promotes cell proliferation and invasion in thyroid cancer. Int J Clin Exp Pathol (2015) 8(10):12473–81.

91. Li, GY, Huang, M, Pan, TT, and Jia, WD. Expression and prognostic significance of contactin 1 in human hepatocellular carcinoma. Onco Targets Ther (2016) 9:387–94. doi: 10.2147/OTT.S97367

92. Wang, B, Yang, X, Zhao, T, Du, H, Wang, T, Zhong, S, et al. Upregulation of contactin-1 expression promotes prostate cancer progression. Oncol Lett (2020) 19(2):1611–8. doi: 10.3892/ol.2019.11244

93. Chen, N, He, S, Geng, J, Song, ZJ, Han, PH, Qin, J, et al. Overexpression of contactin 1 promotes growth, migration and invasion in Hs578T breast cancer cells. BMC Cell Biol (2018) 19(1):5. doi: 10.1186/s12860-018-0154-3

94. Zhang, F, Wang, H, Wang, X, Jiang, G, Liu, H, Zhang, G, et al. TGF-β induces M2-like macrophage polarization via SNAIL-mediated suppression of a pro-inflammatory phenotype. Oncotarget (2016) 7(32):52294–306. doi: 10.18632/oncotarget.10561

95. Zhu, L, Fu, X, Chen, X, Han, X, and Dong, P. M2 macrophages induce EMT through the TGF-β/Smad2 signaling pathway. Cell Biol Int (2017) 41(9):960–8. doi: 10.1002/cbin.10788

96. Zhang, R, Yao, W, Qian, P, Li, Y, Jiang, C, Ao, Z, et al. Increased sensitivity of human lung adenocarcinoma cells to cisplatin associated with downregulated contactin-1. BioMed Pharmacother (2015) 71:172–84. doi: 10.1016/j.biopha.2014.11.004

97. Schubert, ML. Regulation of gastric acid secretion. Curr Opin Gastroenterol (1999) 15(6):457–62. doi: 10.1097/00001574-199911000-00002

98. Patel, O, Shulkes, A, and Baldwin, GS. Gastrin-releasing peptide and cancer. Biochim Biophys Acta (2006) 1766(1):23–41. doi: 10.1016/j.bbcan.2006.01.003

99. Ischia, J, Patel, O, Bolton, D, Shulkes, A, and Baldwin, GS. Expression and function of gastrin-releasing peptide (GRP) in normal and cancerous urological tissues. BJU Int (2014) 113 Suppl 2:40–7. doi: 10.1111/bju.12594

100. Martínez, A, Zudaire, E, Julián, M, Moody, TW, and Cuttitta, F. Gastrin-releasing peptide (GRP) induces angiogenesis and the specific GRP blocker 77427 inhibits tumor growth in vitro and in vivo. Oncogene (2005) 24(25):4106–13. doi: 10.1038/sj.onc.1208581

101. Faviana, P, Boldrini, L, Erba, PA, Di Stefano, I, Manassero, F, Bartoletti, R, et al. Gastrin-releasing peptide receptor in low grade prostate cancer: Can it be a better predictor than prostate-specific membrane antigen? Front Oncol (2021) 11. doi: 10.3389/fonc.2021.650249

102. Jankovic-Karasoulos, T, Bianco-Miotto, T, Butler, MS, Butler, LM, McNeil, CM, O’Toole, SA, et al. Elevated levels of tumour apolipoprotein d independently predict poor outcome in breast cancer patients. Histopathology (2020) 76(7):976–87. doi: 10.1111/his.14081

103. Yu, J, Zhang, Q, Wang, M, Liang, S, Huang, H, Xie, L, et al. Comprehensive analysis of tumor mutation burden and immune microenvironment in gastric cancer. Biosci Rep (2021) 41(2):BSR20203336. doi: 10.1042/BSR20203336

104. Guo, X, Liang, X, Wang, Y, Cheng, A, Zhang, H, Qin, C, et al. Significance of tumor mutation burden combined with immune infiltrates in the progression and prognosis of advanced gastric cancer. Front Genet (2021) 12:642608–. doi: 10.3389/fgene.2021.642608

105. Huo, J, Wu, L, and Zang, Y. Construction and validation of a universal applicable prognostic signature for gastric cancer based on seven immune-related gene correlated with tumor associated macrophages. Front Oncol (2021) 11:635324–. doi: 10.3389/fonc.2021.635324

106. Lalmanach, G, Kasabova-Arjomand, M, Lecaille, F, and Saidi, A. Cystatin M/E (Cystatin 6): A janus-faced cysteine protease inhibitor with both tumor-suppressing and tumor-promoting functions. Cancers (Basel) (2021) 13(8):1877. doi: 10.3390/cancers13081877

107. Chen, X, Cao, X, Dong, W, Xia, M, Luo, S, Fan, Q, et al. Cystatin m expression is reduced in gastric carcinoma and is associated with promoter hypermethylation. Biochem Biophys Res Commun (2010) 391(1):1070–4. doi: 10.1016/j.bbrc.2009.12.022

108. Zeng, Z, Xie, D, and Gong, J. Genome-wide identification of CpG island methylator phenotype related gene signature as a novel prognostic biomarker of gastric cancer. PeerJ (2020) 8:e9624. doi: 10.7717/peerj.9624

109. Chang, C, Worley, BL, Phaëton, R, and Hempel, N. Extracellular glutathione peroxidase GPx3 and its role in cancer. Cancers (Basel) (2020) 12(8):2197. doi: 10.3390/cancers12082197

110. Cai, M, Sikong, Y, Wang, Q, Zhu, S, Pang, F, and Cui, X. Gpx3 prevents migration and invasion in gastric cancer by targeting NFкB/Wnt5a/JNK signaling. Int J Clin Exp Pathol (2019) 12(4):1194–203.

111. Świerzko, AS, Michalski, M, Sokołowska, A, Nowicki, M, Szala-Poździej, A, Eppa, Ł, et al. Associations of ficolins with hematological malignancies in patients receiving high-dose chemotherapy and autologous hematopoietic stem cell transplantations. Front Immunol (2020) 10. doi: 10.3389/fimmu.2019.03097

112. Li, S, Wei, X, He, J, Tian, X, Yuan, S, and Sun, L. Plasminogen activator inhibitor-1 in cancer research. Biomed Pharmacother (2018) 105:83–94. doi: 10.1016/j.biopha.2018.05.119

113. Seker, F, Cingoz, A, Sur-Erdem, İ, Erguder, N, Erkent, A, Uyulur, F, et al. Identification of SERPINE1 as a regulator of glioblastoma cell dispersal with transcriptome profiling. Cancers (Basel) (2019) 11(11):1651. doi: 10.3390/cancers11111651

114. Yang, JD, Ma, L, and Zhu, Z. SERPINE1 as a cancer-promoting gene in gastric adenocarcinoma: facilitates tumour cell proliferation, migration, and invasion by regulating EMT. J Chemother (2019) 31(7-8):408–18. doi: 10.1080/1120009X.2019.1687996

115. Huang, X, Zhang, F, He, D, Ji, X, Gao, J, Liu, W, et al. Immune-related gene SERPINE1 is a novel biomarker for diffuse lower-grade gliomas via Large-scale analysis. Front Oncol (2021) 11. doi: 10.3389/fonc.2021.646060

116. Sakamoto, H, Koma, Y-I, Higashino, N, Kodama, T, Tanigawa, K, Shimizu, M, et al. PAI-1 derived from cancer-associated fibroblasts in esophageal squamous cell carcinoma promotes the invasion of cancer cells and the migration of macrophages. Lab Invest (2021) 101(3):353–68. doi: 10.1038/s41374-020-00512-2

117. Kawarada, Y, Inoue, Y, Kawasaki, F, Fukuura, K, Sato, K, Tanaka, T, et al. TGF-β induces p53/Smads complex formation in the PAI-1 promoter to activate transcription. Sci Rep (2016) 6(1):35483. doi: 10.1038/srep35483

118. Zheng, P, Liu, X, Li, H, Gao, L, Yu, Y, Wang, N, et al. EFNA3 is a prognostic biomarker correlated with immune cell infiltration and immune checkpoints in gastric cancer. Front Genet (2022) 12. doi: 10.3389/fgene.2021.796592

119. Yu, S, Hu, C, Cai, L, Du, X, Lin, F, Yu, Q, et al. Seven-gene signature based on glycolysis is closely related to the prognosis and tumor immune infiltration of patients with gastric cancer. Front Oncol (2020) 10:1778. doi: 10.3389/fonc.2020.01778

120. Pei, JP, Zhang, CD, Yusupu, M, Zhang, C, and Dai, DQ. Screening and validation of the hypoxia-related signature of evaluating tumor immune microenvironment and predicting prognosis in gastric cancer. Front Immunol (2021) 12:705511. doi: 10.3389/fimmu.2021.705511

121. Wang, Z, Liu, Z, Liu, B, Liu, G, and Wu, S. Dissecting the roles of ephrin-A3 in malignant peripheral nerve sheath tumor by TALENs. Oncol Rep (2015) 34(1):391–8. doi: 10.3892/or.2015.3966

122. Chen, HZ, Tsai, SY, and Leone, G. Emerging roles of E2Fs in cancer: an exit from cell cycle control. Nat Rev Cancer (2009) 9(11):785–97. doi: 10.1038/nrc2696

123. Lavia, P, and Jansen-Dürr, P. E2F target genes and cell-cycle checkpoint control. Bioessays (1999) 21(3):221–30. doi: 10.1002/(SICI)1521-1878(199903)21:3<221::AID-BIES6>3.0.CO;2-J

124. Wang, H, Zhang, X, Liu, Y, Ni, Z, Lin, Y, Duan, Z, et al. Downregulated miR-31 level associates with poor prognosis of gastric cancer and its restoration suppresses tumor cell malignant phenotypes by inhibiting E2F2. Oncotarget (2016) 7(24):36577–36589. doi: 10.18632/oncotarget.9288

125. Aran, D, Lasry, A, Zinger, A, Biton, M, Pikarsky, E, Hellman, A, et al. Widespread parainflammation in human cancer. Genome Biol (2016) 17(1):145. doi: 10.1186/s13059-016-0995-z

126. Medzhitov, R. Origin and physiological roles of inflammation. Nature (2008) 454(7203):428–35. doi: 10.1038/nature07201

127. Shang, B, Liu, Y, Jiang, SJ, and Liu, Y. Prognostic value of tumor-infiltrating FoxP3+ regulatory T cells in cancers: A systematic review and meta-analysis. Sci Rep (2015) 5:15179. doi: 10.1038/srep15179

128. Gambardella, V, Castillo, J, Tarazona, N, Gimeno-Valiente, F, Martínez-Ciarpaglini, C, Cabeza-Segura, M, et al. The role of tumor-associated macrophages in gastric cancer development and their potential as a therapeutic target. Cancer Treat Rev (2020) 86:102015. doi: 10.1016/j.ctrv.2020.102015

129. Davidsson, S, Fiorentino, M, Giunchi, F, Eriksson, M, Erlandsson, A, Sundqvist, P, et al. Infiltration of M2 macrophages and regulatory T cells plays a role in recurrence of renal cell carcinoma. Eur Urol Open Sci (2020) 20:62–71. doi: 10.1016/j.euros.2020.06.003

130. Chen, YP, Wang, YQ, Lv, JW, Li, YQ, Chua, MLK, Le, QT, et al. Identification and validation of novel microenvironment-based immune molecular subgroups of head and neck squamous cell carcinoma: Implications for immunotherapy. Ann Oncol (2019) 30(1):68–75. doi: 10.1093/annonc/mdy470

131. Knochelmann, HM, Dwyer, CJ, Bailey, SR, Amaya, SM, Elston, DM, Mazza-McCrann, JM, et al. When worlds collide: Th17 and treg cells in cancer and autoimmunity. Cell Mol Immunol (2018) 15(5):458–69. doi: 10.1038/s41423-018-0004-4

132. Li, Q, Li, Q, Chen, J, Liu, Y, Zhao, X, Tan, B, et al. Prevalence of Th17 and treg cells in gastric cancer patients and its correlation with clinical parameters. Oncol Rep (2013) 30(3):1215–22. doi: 10.3892/or.2013.2570



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 Khan, Lin, Wang, Chen, Huang, Tian, Yuan and Bu. 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.


		REVIEW
published: 16 November 2022
doi: 10.3389/fphar.2022.1036140


[image: image2]
Targeting ferroptosis, the achilles’ heel of breast cancer: A review
Yang Liu, Yueting Hu, Yi Jiang, Jiawen Bu and Xi Gu*
Department of Oncology, Shengjing Hospital of China Medical University, Shenyang, China
Edited by:
Zhijie Xu, Xiangya Hospital, Central South University, China
Reviewed by:
Xufeng Fu, Ningxia Medical University, China
Po Han Chen, National Cheng Kung University, Taiwan
Anna Martina Battaglia, Magna Græcia University of Catanzaro, Italy
* Correspondence: Xi Gu, jadegx@163.com
Specialty section: This article was submitted to Pharmacology of Anti-Cancer Drugs, a section of the journal Frontiers in Pharmacology
Received: 04 September 2022
Accepted: 31 October 2022
Published: 16 November 2022
Citation: Liu Y, Hu Y, Jiang Y, Bu J and Gu X (2022) Targeting ferroptosis, the achilles’ heel of breast cancer: A review. Front. Pharmacol. 13:1036140. doi: 10.3389/fphar.2022.1036140

Ferroptosis is referred as a novel type of cell death discovered in recent years with the feature of the accumulation of iron-dependent lipid reactive oxygen species. Breast cancer is one of the most common malignant cancers in women. There is increasing evidence that ferroptosis can inhibit breast cancer cell growth, improve the sensitivity of chemotherapy and radiotherapy and inhibit distant metastases. Therefore, ferroptosis can be regarded a new target for tumor suppression and may expand the landscape of clinical treatment of breast cancer. This review highlights the ferroptosis mechanism and its potential role in breast cancer treatment to explore new therapeutic strategies of breast cancer.
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1 INTRODUCTION
Ferroptosis is a kind of regulated cell death (RCD) characterized by iron dependent-mechanisms and excessive lipid peroxidation (Stockwell et al., 2017). It participates in tumor progression and disorders of the nervous system and cardiovascular system (Tang et al., 2021). However, despite breakthroughs in cancer treatment, the therapeutic response of cancer is limited by the acquired and intrinsic resistance of the tumor to apoptosis. Therefore, targeting non-apoptotic cell death offers a new option for cancer treatment (Hanahan and Weinberg, 2011). Unique metabolism, high levels of reactive oxygen species (ROS), and related gene mutations confer cancer cells inherently prone to the ferroptosis, while other cancer cells appear to rely particularly on the defense system of ferroptosis to survive under metabolic and oxidative stress conditions (Chen X. et al., 2021). Therefore, the destruction of these defense systems will cause fatal damage to these cancer cells, while normal cells will not be affected. Ferroptosis is also considered an important cell death mechanism caused by a number of therapies, including chemotherapy, radiotherapy (RT), targeted therapy and immunotherapy (Hassannia et al., 2019). It is also found that ferroptosis plays a controversial role in immunogenic cell death (ICD). The tumor cells with ferroptosis could diminish anti-tumor immune response by inhibiting the antigen presenting cells (Sacco et al., 2021; Wiernicki et al., 2022). However, the ferroptosis inducers (FINS) could enhance the efficacy of conventional treatment has been regarded as the potential drugs in cancer treatment (Mou et al., 2019). Breast cancer is currently the tumor with the highest incidence rate in the world (Duggan et al., 2021). The breast is in a unique microenvironment with plentiful adipocytes infiltrating. Previous studies have shown that adipocytes can regulate fatty acid metabolism, enhance the invasion and metastasis of breast cancer. Ferroptosis has been shown to participate in the development and treatment of breast cancer. Studies have found that highly invasive triple negative breast cancer (TNBC) cells are susceptive to ferroptosis and are particularly vulnerable to FINs. The susceptibility is attributed to several metabolic characteristics including high polyunsaturated fatty acids (PUFA) levels, expanded liable iron pool, and weakened Glutathione Peroxidase 4 (GPX4)-glutathione (GSH) defense system. The ferroptosis induced by the drugs in breast cancer is a potential and valuable research direction, which indicates that the it is an attractive target for the treatment of “refractory” tumors (Sui et al., 2022). We summarize the mechanisms of ferroptosis and explore its prospective on breast cancer in the review, which hopefully will provide novel strategies to improve the therapeutic response of breast cancer.
2 MECHANISM OF FERROPTOSIS IN BREAST CANCER
Ferroptosis is characterized by serious damage to mitochondrial morphology including volume shrinkage, condensed bilayer membrane density and ballooning phenotype (a clear, rounded cell consisting mainly of empty cytosol) (Battaglia et al., 2022). Ferroptosis is the result of antagonism of its prerequisites (drivers) and defense systems (Dixon et al., 2012). Prerequisites for ferroptosis include iron metabolism, mitochondrial metabolism, synthesis of polyunsaturated fatty acid phospholipid (PUFA-PL) and lipid peroxidation (Tang and Kroemer, 2020). The ferroptosis defense system mainly includes the GPX4/GSH system, FSP1-CoQH2 system, DHODH-CoQH2 system and GCH1-BH4 system. Ferroptosis occurs when the drivers of ferroptosis significantly exceed the detoxification capabilities of the defense system. When the dysregulation of iron hemostasis induce free iron increasing in cells, ROS is catalyzed by free iron through Fenton reaction, thus promotes lipid peroxidation, accumulates lipid peroxides and ultimately induces ferroptosis. System Xc–, the cystine/glutamate reverse transporter, participates in the GSH synthesis. GPX4 utilizes GSH as substrate to reduce lipid peroxides, decrease the accumulation of lipid peroxides, and inhibit the occurrence of ferroptosis (Lei et al., 2022); (Figure 1).
[image: Figure 1]FIGURE 1 | Molecular mechanisms of ferroptosis in breast cancer. lipid peroxidation leads to ferroptosis. PUFA is catalyzed by LPCAT3, ACSL4 and LOX to generate PUFA-PLOOH, which induces ferroptosis. In addition, PUFAs also promote ferroptosis through POR-mediated conversion to lipid peroxides. The MVA pathway suppresses ROS by regulating Sec-tRNA and CoQ10. The iron mediates ferroptosis. FPN regulates the intracellular iron level by converting Fe2+ to extracellular iron. TF binds to the TFR to convert Fe3+ to Fe2+ and enter cells. Free Fe2+ then induces the lipid ROS production by Fenton reaction.
2.1 Drivers of ferroptosis in breast cancer
2.1.1 Iron metabolism
Increased intracellular iron induces ROS production through the Fenton reaction, implying that iron overload may be an activator of ferroptosis. Ferroptosis sensitivity can be improved by increased iron uptake, reduced iron consumption and impaired cellular iron export (Liu et al., 2020). The iron is mainly stored in ferritin in the form of bound iron. Ferritinophagy releases the iron from ferritin into the liable iron pool which induce the ferroptosis. Tranferrin (TF) binds to the Tranferrin receptor to convert Fe3+ to Fe2+. Ferroportin (FPN) is required for transferring excess Fe2+ out of cells. FPN knocking out can induced ferroptosis by iron overload. FPN is lower in breast cancer patients compared with healthy people, which has great impact on the progression of breast cancer (Pinnix et al., 2010).
2.1.2 Mitochondrial reactive oxygen species
FINs can promote the production of mitochondrial ROS (MitoROS) to make mitochondria disappearance and ATP depletion by the unfolding of mitochondrial permeability transition pore (MPTP). MitoROS plays a positive feedback role in the process of mitochondrial homeostasis and ferroptosis. The impairment of CDGSH Iron Sulfur Domain 2 (CISD2) function in breast cancer can induce the destruction of mitochondrial labile iron pool, which improve the mitochondrial ROS level, thus leading to the activation of ferroptosis (Karmi et al., 2021).
2.1.3 PUFAs and lipid peroxidation
PUFAs can be oxidized by ROS to produce unstable lipid hydroperoxide (LOH/LOOH) and lipid peroxide. Studies have shown that with the increased intake of PUFAs in diet, the level of ferroptosis-related genes such as GPX4, SLC7A11, DHFR and FSP1 in tumor cells has changed, which can promote the lipid peroxidation of cancer cells in the acidic tumor microenvironment, thus induce the ferroptosis in cancer cells (Dierge et al., 2021). ACSL4 and LPCAT3 are two key enzymes in the formation of lipid peroxides. Some studies have found that the level of lipid oxidation in breast cancer plasma and tumor tissue is negatively related to the survival. The expression of ACSL4 in TNBC is related to the sensitivity to ferroptosis. Studies have shown that ACSL4 is underlying enriched in basal-like subtypes and regulate the enrichment of long polyunsaturated–ω-6 fatty acids on cell membrane to inpede the ferroptosis (Doll et al., 2017). Some lipoxygenases (LOXs) are non heme dioxygenases which can oxidize the PUFAs to trigger the ferroptosis. The serum ALOX5 level in breast cancer patients was two times higher than that in the healthy people. It was also found that ALOX5 is positively correlated with tumor stage of breast cancer which could accelerate the growth of breast cancer cells (Kumar et al., 2016). Recent studies suggest that cytochrome P450 oxidoreductase (POR) also facilitates the lipid peroxidation (Zou et al., 2020).
2.2 Defense system of ferroptosis in breast cancer
Lipid oxidation is strictly regulated by the antioxidant defense system. GPX4 is considered to be a vital antioxidant enzyme, which directly eliminates hydroperoxides in lipid bilayers, thus preventing lethal lipid ROS production (Yang et al., 2014). GSH/GPX4 pathway, FSP1/COQ10/NADPH pathway, DHODH pathway and GCH1/BH4 pathway are identified as defense system in ferroptosis.
2.2.1 GSH/GPX4 pathway
GSH/GPX4 pathway includes cystine (Cys) import through System Xc-, the production of cysteine via the transsulfuration pathway, and production of selenocysteine through the mevalonate pathway (Ingold et al., 2018). ROS neutralization is catalyzed by GSH during the occurrence of ferroptosis. Selective anti-GSH biosynthesis can be considered to target the metabolic vulnerability ER + breast cancer (Xiong et al., 2019). GSH is found in higher level in tumor lesion than in noncancerous tissue and has been shown to increase the risk of breast cancer (Mehdi et al., 2018). When system Xc- is prohibited, it prevents cystine from entering the cells and blocking GSH synthesis, leading to the inactivation of GPX4, resulting in the accumulation of Lip-ROS (Lee et al., 2021). The subtypes of TNBC have different characteristics of ferroptosis. Luminal androgen receptor (LAR) subtype is the most vulnerable to the ferroptosis treatment. The GPX4 which is driven by androgen receptor is a key factor of ferroptosis in LAR subtype breast cancer. The GPX4 inhibitor not only suppress the proliferation but also reshape the tumor microenvironment of LAR subtype (Yang F. et al., 2022).
2.2.2 Ferroptosis suppressor protein 1/coenzyme Q 10/NAD(P)H pathway
Ferroptosis suppressor protein 1 (FSP1), a suppressor of ferroptosis, acts as a NADH-dependent coenzyme Q oxidoreductase (Doll et al., 2019). Coenzyme Q 10 (CoQ10) is generated in the mitochondrial electron transport chain by the mevalonate (MVA) pathway, which restrain the mitochondria. 3-hydroxy-methylglutaryl-CoA reductase (HMGCR) is the enzyme that catalyzes HMG-CoA to mevalonate, which increases GPX4 biosynthesis and CoQ10 (Shimada et al., 2016). The inhibition of ferroptosis by FSP1 is mediated by CoQ10. The reduced form of CoQ10 captures lipid peroxidative radicals, while FSP1 catalyzes CoQ10 by using NAD(P)H. The FSP1-CoQ10-NAD(P)H pathway is independent and cooperates with the GSH/GPX4 pathway to defense ferroptosis (Bersuker et al., 2019). Statins can inhibit HMGCR and reduce FSP1-mediated ferroptosis resistance which could be considered as a potential drug for the treatment of TNBC (Yao et al., 2021).
2.2.3 Dihydrolactate dehydrogenase signaling pathway
Dihydrolactate dehydrogenase (DHODH) is located in the inner membrane of mitochondria which is a flavin-dependent enzyme. The DHODH is mainly to catalyze pyrimidine nucleotide synthesis pathway. The electrons are transferred in the mitochondria membrane to make ubiquinone convert to dihydroubiquinone, which induces resistance to ferroptosis in mitochondria. It is suggested that DHODH may regulate ferroptosis independently of the pyrimidine nucleotide synthesis function (Mao et al., 2021). Moreover, the DHODH inhibition could reduce the production of ATP and endogenous ROS and promote the cell cycle arrest in S phase of breast cancer cells (Mohamad Fairus et al., 2017).
2.3 Guanosine triphosphate cyclohydrolase 1/BH4 signaling pathway
Guanosine triphosphate cyclohydrolase 1 (GCH1) is a rate-limiting enzyme for tetrahydrobiopterin BH4 synthesis to inhibit ferroptosis independently of GPX4. BH4 is an effective free radical trapping antioxidant that can prevent lipid peroxidation and can be regenerated by dihydrofolate reductase (DHFR). The inhibition of DHFR cooperates with GPX4 deletion could induce ferroptosis (Kraft et al., 2020). GCH1 promotes the immunosuppression of TNBC by regulating tryptophan metabolism (Wei et al., 2021). Further studies are needed to clarify the molecular mechanism of GCH1/BH4 in ferroptosis defense of breast cancer.
3 IRON AND IRON-REGULATORY PROTEINS INVOLVED IN BREAST CANCER
Sufficient intracellular iron is a necessary condition for ferroptosis (Pinnix et al., 2010). A recent study showed that compared with non TNBC tumor, iron-regulatory genes are significantly overexpressed in TNBC (Table 1). In particular, a large number of low-level iron export transporters are observed in TNBC, accompanied by high-level expression of iron import transferrin receptors. A European randomized controlled study showed there was a positive association between serum transferrin level and the incidence of ER- breast cancer (Hou et al., 2021). A Canadian cohort study showed that dietary iron supplementation was associated with a low risk of breast cancer, and heme iron was positively related with the risk of the ER and or PR positive breast cancer subtypes in postmenopausal women (Chang et al., 2020). High ferroportin and hepcidin expression play a protective role in patients with breast cancer (Pinnix et al., 2010). Transferrin receptor 1 (TFR1), an independent prognostic factor, is positively related to the amounts of immune cells (CD8+ T cells, CD4+ T cells, neutrophils, B cells, macrophages, and dendritic cells) in breast cancer patients (Chen F. et al., 2021).
TABLE 1 | The iron and iron-regulatory proteins related with the prognosis of breast cancer.
[image: Table 1]Ferroptosis-related genes (FRGs) are found to be promising targets for the treatment of breast cancer. Two subgroups, a high-risk group and a low-risk group, can be stratified by nine FRGs, namely SQLE, G6PD, ALDH3A2, SLC1A4, CHAC1, SIAH2, FLT3, EGLN2, and SFXN5, which are associated with histological type, grade, stage, Her-2 status, and subtype of breast cancer. A high-risk subgroup of patients with positive or negative CTLA4 and PD-1 status demonstrated a significant benefit of combined anti-CTLA4 and anti-PD-1 therapy (Li P. et al., 2021). This new genome panel consisting of nine FRGs which are identified to predict the prognosis and immune status of breast cancer patients. The high expression of ferroptosis-related gene aldo-keto reductase family 1member C1 (AKR1C1) was associated with better survival and various immune infiltrating cells amount in breast cancer (Zhang et al., 2021d). Changes in the genes expression involved in the regulation of iron metabolism may help increase the liable iron pool of cells, promote iron-dependent lipid peroxidation, and make TNBC an iron-enriched tumor prone to ferroptosis. Iron overload leads to the reactivation of oxygen components, lipid peroxidation, and DNA damage. Recently, it has been shown that high iron level of the inflammatory microenvironment may promote the progression and metastasis of breast cancer. Heme oxygenase (HO) level was found to have great impact for the onset of ferroptosis in TNBC (Consoli et al., 2022). MYC increases ADHFE1 and induces iron overload in breast cancer, resulting in poor survival (Mishra et al., 2018). Ferroptosis has been shown to be involved in breast cancer brain metastases, HOMX1, LPCAT3, PEBP1, and KEAP1, and are associated with relapse and overall survival. The ferroptosis score is associated with iron metabolism, interstitial and immune cell numbers, and iron mortality indicators, which can be used as prognostic markers (Zhu et al., 2021). Taken together, these findings indicates that multiple iron-regulatory genes are related with the survival of breast cancer.
4 THE MOLECULES PARTICIPATE IN THE REGULATION OF FERROPTOSIS IN BREAST CANCER
Several cell signaling pathways and molecules can directly or indirectly act on key factors that initiate or regulate ferroptosis, thus positively or negatively regulating ferroptosis (Figure 2).
[image: Figure 2]FIGURE 2 | The diagram of cell signaling pathways and molecules of ferroptosis in breast cancer. SUFU deletion increase the ferroptosis by activated by RSL3 via ACSL4. PKCβII activate ACSL4 to induce lipid peroxidation and improves the efficacy of immunotherapy. DKK1 inhibit their stem cell properties. Because CSCs are highly sensitive to ferroptosis, DKK1 induces SLC7A11 increasing and promote the development of metastase og CSC. DMOCPTL inhibit GPX4 to induce ferroptosis by EGR-1. 27HC exposure induce the overexpression of GPX4 to inhibit ferroptosis and increase the proliferation and metastasis. The upregulation of DDR2 elicits ferroptosis to recurrent breast cancer through the Hippo pathway. EMT induce DDR2 upregulation to active ferroptodis by regulating YAP/TAZ. GSK-3 β promoting erastin-induced ferroptosis by blocking Nrf2. p53 reduces the expression of SLC7A11 by inhibiting H2Bub1. FGFR4 suppress GSH synthesis and efflux of Fe2+ through β-catenin/TCF4/SLC7A1 signaling pathway.
4.1 Driving system of ferroptosis
Nuclear factor erythroid2-related factor 2 (Nrf2) can regulate ferroptosis through p62-Keap1-NRF2 pathway. The activation of p62-Keap1-NRF2 signal pathway can also promote the expression of System Xc-, accelerate the transportation of cystine/glutamic acid, and thus eliminate the accumulated lipid peroxidation. The activation of Nrf2 promotes the iron storage, reduces the iron consumption, increasing the expression of target genes NADH Dehydrogenase Quinone 1 (NQO1) and HO-1 which are related to iron and ROS (Xu et al., 2019). Glycogen synthase kinase-3 β (GSK-3 β) promoting erastin-induced ferroptosis by blocking Nrf2 in breast cancer (Wu et al., 2020). Suppressor of fused homolog (SUFU) is a key element of the Hedgehog pathway (Fang et al., 2022). The deletion of SUFU can increase the ferroptosis of breast cancer cells activated by RSL3 by decreasing ACSL4. Vincristine can promote the RSL3 sensitivity of breast cancer cells by downregulating SUFU. Protein kinase C-βII (PKCβII) is activated by lipid peroxidation during ferroptosis, which can directly phosphorylate the Thr328 site of ACSL4 to activate ACSL4, strengthen the biosynthesis of PUFA-containing lipids, and induce lipid peroxidation. PKCβII induces ferroptosis and improves the response of immunotherapy (Zhang et al., 2022).
4.2 Defense system of ferroptosis
Recent studies have shown that cancer stem cells (CSC) are relatively enriched in lung metastases due to their high invasive properties, and enriched CSCs can secrete negative Dickkopf1 (DKK1) feedback to inhibit their stem cell properties. Because CSCs are highly sensitive to ferroptosis, DKK1 induces an increase in SLC7A11 expression and regulates inhibition of CSC properties and thus can protect lung metastatic cells from ferroptosis and promote the development of metastases. In multiple models of breast cancer metastasis, small-molecule inhibitors of DKK1 can almost completely block the occurrence of lung metastases (Wu M. et al., 2022). p53 induces ferroptosis by SLC7A11 (Magri et al., 2021). In fact, mutant p53 inhibits Nrf2-dependent SLC7A11 transcription to promote SLC7A11 expression (Clemons et al., 2017). In addition, p53 promotes the nuclear translocation of ubiquitin-specific protease (USP7) and reduces the expression of SLC7A11 by inhibiting H2B monoubiquitination (H2Bub1) (Wang Y. et al., 2019).
DMOCPTL can induce EGR1-mediated apoptosis and ferroptosis and in TNBC by GPX4 ubiquitination. Long-term exposure to the cholesterol metabolite 27-hydroxycholesterol (27HC) causes breast cancer cells to be resistant to 27HC and overexpress GPX4, which inhibits ferroptosis and increases tumorigenicity and tumor metastasis (Liu W. et al., 2021). Up-regulation of the discoidin domain receptor 2 (DDR2) elicits the susceptibility of ferroptosis by GSH consumption of recurrent breast cancer through the Hippo pathway. Epithelial mesenchymal transition-driven upregulation of DDR2 suppresses tumor proliferation in recurrent breast cancer by regulating YAP/TAZ-mediated ferroptosis (Lin et al., 2021). The inhibiting of Fibroblast Growth Factor Receptor 4 (FGFR4) mediated by m6A hypomethylation significantly suppress GSH synthesis and efflux of Fe2+ through β-catenin/TCF4-SLC7A11/FPN1 signaling pathway, which trigger the excessive production of ROS and abnormal iron pool accumulation in Her-2 positive breast cancer (Zou et al., 2022).
4.3 The regulation of tumor microenvironment in ferroptosis of breast cancer
The tumor microenvironment (TME), especially immune cells, has an important impact on ferroptosis in cancer cells. Interferon-γ (IFN-γ) secreted by CD8+ cytotoxic T cells inhibits cystine uptake by cancer cells by downregulating SLC7A11, thus triggering lipid peroxidation and ferroptosis in various tumors (Wang W. et al., 2019). Tumor-associated macrophages (TAM) secrete transforming growth factor beta 2 (TGF-β2) to regulate liver leukemia factor (HLF). HLF inhibits ferroptosis by activating GGT1 and induces TNBC chemoresistance (Li H. et al., 2022). Adipocytes induce ferroptosis resistance in breast cancer by secreting specific fatty acids. Mono-unsaturated Fatty Acid (MUFA) regulates breast cancer cells by binding with acyl-CoA synthetase long chain family member 3 (ACSL3) to phospholipids, and it is confirmed that the regulation of ferroptosis in breast cancer by adipocytes and exogenous MUFA is dependent on ACSL3 (Xie et al., 2022).
4.4 Non-coding RNAs in ferroptosis of breast cancer
Non-coding RNAs (ncRNAs) are regarded as novel regulators of various cellular processes in cancer (Zuo et al., 2022); (Figure 3). Some recent studies have shown that they participate in the molecular regulation of ferroptosis. The ectopic overexpression of SLC7A11 inhibits miR-5096-mediated ferroptosis and diminishes antitumor effects in breast cancer (Yadav et al., 2021). PGM5P3-AS1 regulates MAP1LC3C to confer ferroptosis and thus inhibits the progression of TNBC (Qi et al., 2022). Circular RNA RHOT1 prohibits the occurrence of ferroptosis by targeting the miR-106a-5p/STAT3 signaling pathway and increases breast cancer proliferation (Zhang H. et al., 2021). CircGFRA1 facilitates progression of the malignant phenotype of Her-2 positive breast cancer by sponging with miR-1228 and improving FSP1 expression (Bazhabayi et al., 2021). Circ-BGN binds to OTUB1 and SLC7A11 and inhibits ferroptosis to confer resistance to trastuzumab in HER-2+ breast cancer (Wang S. et al., 2022). A integrity understanding of these regulatory network might facilicate the discovery of vulnerable therapeutic target of ferroptosis in breast cancer.
[image: Figure 3]FIGURE 3 | The diagram of cell signaling pathways of ncRNAs and ferroptosis in breast cancer. The overexpression of SLC7A11 inhibits miR-5096 to induce ferroptosis. PGM5P3-AS1 regulates MAP1LC3C to induce the occurrence of ferroptosis. CircRHOT1 inhibits ferroptosis by targeting the miR-106a-5p via STAT3. CircGFRA1 sponge with miR-1228 and improves FSP1 expression. CircBGN binds to OTUB1 and SLC7A1 and inhibits ferroptosis.
5 POTENTIAL DRUGS TO TREAT BREAST CANCER THROUGH FERROPTOSIS
The development of cancer treatment strategies based on ferroptosis targets is actively in progress. Loading FINS through nanocarriers can effectively reduce the toxicity of drug delivery systems, overcome the drug resistance of cancer cells, and significantly improve the ferroptosis efficacy.
5.1 Targeting iron overload
The demand of tumor cells for iron has increased significantly indicating that iron chelators may be an effective anti-cancer strategy iron chelators exert their anticancer potential by consuming intracellular iron, inhibiting DNA synthesis, inducing apoptosis, and oxidative stress. Furthermore, the reduction of intracellular iron through iron chelation can sensitize breast cancer cells to chemotherapy (Tury et al., 2018). For example, deferoxamine (DFO) and deferoxazole (DFX) show potential antitumor activity in breast cancer by limiting iron bioavailability. DFO promote iron uptake to activate TRF1 and divalent metal transporter 1 (DMT1) via the IL6/PI3K/AKT axis (Chen et al., 2019). The physiologically achievable concentration of DFO monotherapy significantly active the apoptosis of breast cancer cells and the xenotransplantation of mouse breast tumors by activating the tumor necrosis factor-α (TNF-α)/nuclear factor kappa B (NF-κB) axis and transform growth factor β (TGF-β). DFO promoted migration in the ROS-dependent NF-κB and TGF-β signaling pathway by enhancing mitochondrial iron accumulation in TNBC (Liu et al., 2016). Although preclinical studies have confirmed that iron chelating agents inhibit tumor growth and metastasis by certain signaling pathways. However, in clinical studies, iron chelating agents only show moderate therapeutic benefits, and may promote anti-tumor drug resistance due to ferroptosis. It is urgent to improve the bioavailability of iron chelating agents and combination therapy.
Some Chinese medicine and natural compounds have been shown to induce ferroptosis in breast cancer by targeting iron overload. Shuganning induces ferroptosis via Heme oxygenase-1(HO-1) to increase intracellular iron accumulation and suppresses tumor growth in TNBC (Du et al., 2021). Artemisinin is activated by Fe2+ to generate free radicals. The iron supplements can improve the anticancer efficacy of artemisinin. Artemisinin can induce ferroptosis by promoting ferritin phagocytosis and thus increasing intracellular iron levels (Chen et al., 2020). A completed phase I clinical trial (NCT00764036) showed that for patients with metastatic breast cancer, oral artemisinin of up to 200 mg per day was deemed safe and well tolerated (von Hagens et al., 2017).
5.2 Ferritinophagy activators
Ferritinophagy serves as a link between ferroptosis and autophagy (Latunde-Dada, 2017). Ferritinophagy transports ferritin to the lysosome for degradation. The release of free iron leads to increased iron, and the Fenton reaction occurs to generate oxidative stress, which is essential for ferroptosis. Autophagic degradation reduces the expression of the ferritin storage protein. Decreased ferritin expression promotes the onset of ferroptosis. The BRD4 inhibitor (+)-JQ1 (JQ1) confer ferroptosis by autophagy in MDA-MB-231 cells. JQ1 was shown to induce ferritin phagocytosis or decreased the expression of GPX4, SLC7A11, and SLC3A2 (Sui et al., 2019). Dihydroartemisinin (DAT) combined with RSL3 was used to treat breast cancer by targeting ferritin. DAT induces lysosomal degradation of ferritin and impact the iron regulatory protein (IRP)/iron response element (IRE) controlled iron homeostasis to promote the level of cellular free iron (Chen et al., 2020).
5.3 System Xc–inhibitors
System Xc–, a glutamate-cystine antiporter, is consists of the light chain subunit SLC7A11 and the heavy chain subunit SLC3A2. SLC3A2 anchors SLC7A11 to the plasma membrane and maintains the stability of SLC7A11 (Liu M. R. et al., 2021). Several compounds-such as erastin, sulfasalazine, and sorafenib—have been utilized as inhibitors of SLC7A11. The erastin is a classic ferroptosis agonist that inhibits the function of System Xc- by irreversibly binding to SLC7A11 and inactivating SLC7A11, resulting in the depletion of GPX4 and GSH. The erastin-induced ferroptosis by increasing cellular lipid ROS in TNBC (Wang H. et al., 2022). Fascin directly interacts with System Xc- and decreases its stability via ubiquitination. Fascin enhances anti-tumor effect to erastin-induced ferroptosis (Chen C. et al., 2022). Sulfasalazine (SAS) can active ROS production to induce the ferroptosis in breast cancer.
Metformin increases Fe2+ and lipid ROS, reduces the stability of SLC7A11 by inhibiting the ultrafiltration process of SLC7A11, and metformin combined with SAS can synergistically activate ferroptosis and inhibit the growth of breast cancer cells (Yang et al., 2021). The pH regulator carbonic anhydrase IX (CAIX) induced by hypoxia prevents ferroptosis in cancer cells, and co-targeting of CAIX/XII and xCT induce ferroptosis in TNBC. The novel synthetic lethal interaction will help researchers develop new strategies for solid tumor therapy (Chafe et al., 2021). p53 and BRCA1 Associated Protein 1 (BAP1) inhibit carcinogenesis in part by antagonizing SLC7A11 and induce ferroptosis (Zhang Y. et al., 2019). Eupaformosanin was shown to induce ferroptosis by ubiquitination of the mutant p53 in TNBC (Wei et al., 2022).
5.4 The agents to suppress the GPX4 pathway
GPX4 is an essential enzyme for the elimination of lipid hydrogen peroxide. GPX4 reduces the production of ROS radicals in membrane lipids and protects normal breast cells from ROS DNA damage to inhibit ferroptosis. GPX4 inhibitors include RSL3, the RSL3 analogs DPI7, DPI12, DPI13, DPI17, DPI18 and DPI19, ML210, JKE1647, altretamine, FIN56, FINO2, dihydroartemisinin, and Withaferin A. RSL3 inactivates GPX4, leading to ferroptosis by ROS accumulation (Stockwell, 2022). Erastin also suppresses the expression of GPX4 in breast cancer, especially in TNBC. Vitamin C induces TNBC cells death by suppressing GPX4. Furthermore, sequential treatment with VC and quercetin (Q) significantly increased ROS. A study suggested that vitamin C and Q can be developed as an adjuvant agents for cancer patients by Nrf2 (Mostafavi-Pour et al., 2017). Statins, the mevalonate pathway inhibitors, are identified as ferroptosis agents that target HMGCR. Statins suppress CoQ10 production to induce ferroptosis and decrease GPX4 (Gobel et al., 2019). Lycium barbarum polysaccharide (LBP), a traditional Chinese medicine, promotes ferroptosis in breast cancer by modulating the xCT/GPX4 pathway (Du et al., 2022). Ketamine inhibits GPX4 levels and inhibits histone H3 lysine 27 acetylation (H3K27ac) and enrichment of RNA polymerase II (RNA pol II) by attenuating KAT5 on the GPX4 promoter in breast cancer cells (Li H. et al., 2021). Glycyrrhetinic acid (GA) induces lipid peroxidation to trigger ferroptosis in TNBC cells by reducing the activity of GSH and GPX4 (Wen et al., 2021). DMOCPTL can induce EGR1 mediated apoptosis and ferroptosis and in TNBC by GPX4 ubiquitination (Ding et al., 2021). Researchers screened drug combinations using a synthetic lethal mechanism (simultaneous inhibition of two or more non-lethal genes leading to cell death) and found that low doses of targeted drugs targeting BET and cytoplasmic proteins in vitro could reduce the levels of GPX4 and trigger ferroptosis in TNBC (Verma et al., 2020).
5.5 Ferroptosis-based nanotherapy in breast cancer
Nanomedicine is a favorable solution for the development of ferroptosis because of its better efficacy and improved targeting ability, low systemic toxicity, and high safety (Zafar et al., 2021). The mechanism of emerging nanomedical therapy is mainly including: 1) triggering Fenton reaction; 2) inhibiting the expression of GPX4; 3) exogenous regulation of lipid peroxidation. The diversified multifunctional nanomaterials can produce H2O2, eliminate GSH, and provide Fenton reaction catalyst. In addition, some iron-containing nanomaterials can also induce ferroptosis. Azo-CA4 was loaded into nanocarriers and is converted by near-infrared light to ultraviolet light. After irradiation, Azo-CA4-loaded nanocarriers reduced the viability of TNBC through ferroptosis (Zhu et al., 2020). Sonodynamically amplified ferroptotic red blood cells (SAFEs), a state-of-the-art red blood cell was engineered for simultaneous activation of ferroptosis and oxygen-enriched sonodynamic therapy (SDT). SAFE contains internalized RGD peptide and erythrocyte membrane mixed with camouflaged hemoglobin nanocomplex, perfluorocarbon, sonosensitizer verteporfin, and FINS (dihomo-gamma-linolenic acid, DGLA). SAFE can not only provide abundant oxygen to the hypoxia-related therapeutic resistance of the defect by ultrasound stimulation, but also activate ferroptosis by the combination of ROS production and lipid peroxidation, which selectively accumulates and induces desirable anticancer effects in the tumor (Zhou A. et al., 2022). Heparinase-driven continuous release nanoparticles (HSPE) can enhance the killing power of tumor cells via DOX-induced ferroptosis, regulating the tumor microenvironment, and effectively inhibiting breast cancer metastasis (Zhang J. et al., 2021). The lapatinib and pseudolaric acid B (PAB) were delivered by ferritin-containing nanoparticles, which showed an enhanced tumor suppression ability by increasing ROS (Wu X. et al., 2022).
A tumor-targeted MOF nanosheet system with multienzyme-like catalytic activity can inhibit the antiferroptotic mechanism mediated by GPX4 and FSP1 in tumor cells, thus enhancing ferroptotic damage. After iRGD promoted tumor cells to uptake Au/Cu-TCPP(Fe)@RSL3-PEG-iRGD nanosheets, besides the ability of RSL3 to activate GPX4, the glucose oxidase (Gox) activity of gold nanoparticles could easily comsume intracellular glucose and inhibit the production of NADPH, resulting in reduced expression of GSH and GPX4 (Li K. et al., 2022). Rosuvastatin (RSV) was loaded into silk fibroin (SF) nanoparticles (NPs) (Cu-SF(RSV), to disrupt redox stabilization regulated by the CoQ10/FSP1 axis by interfering with the mevalonate pathway to improve ferroptosis sensitivity in TNBC (Yang J. et al., 2022). In one study, the drug simvastatin (SIM) was loaded into zwitterionic polymer-coated magnetic nanoparticles (Fe3O4@PCBMA). PCBMA promoted the accumulation of Fe3O4@PCBMA in tumor lesions, while SIM inhibited the expression of HMGCR, thereby downregulating mevalonate pathway and GPX4 expression, and inducing ferroptosis (Yao et al., 2021). Cinnamaldehyde dimers (CDCs) induce lipid materials to form dimers, which enable them to deplete GSH and deliver therapeutics to enhance ferroptosis and immunotherapeutic effects against breast cancer (Zhou Z. et al., 2022). The nanoparticles consisting of ferritin and a pH-sensitive molecular switch (FPBC@SN) disintegrate in the acidic cytoplasm and release sorafenib and an indoleamine2,3-dioxygenase (IDO) inhibitor NLG919. NLG919 reduces tryptophan metabolism by inhibiting IDO, thus improving tumor immunity and antitumor efficacy. Sorafenib upregulates nuclear receptor coactivator 4 (NCOA4), which produces lipid peroxide (LPO) through ferritin autophagy. Down-regulation of GPX4 and LPO clearance elicit the ferroptosis in tumor cells (Zuo et al., 2021).
The combination of immunotherapy and ferroptosis death nanoparticles can also play an ideal therapeutic effect on breast cancer. A bionic Fe3O4 magnetosome (PaM/Ti NC), TGF-β Inhibitor (Ti) is carried in the membrane and PD-1 antibody (Pa) is anchored on the outer surface of the nanoparticles. The level of intracellular H2O2 can be increased under immunogenic microenvironment, thus the ferroptosis can be triggered by Fenton reaction. The ideal combined anti-tumor effect is achieved through the mutual promotion of ferroptosis and immunomodulation (Zhang F. et al., 2019).
6 COMBINATION THERAPY FOR BREAST CANCER
Combining ferroptosis inducers with immunotherapy and radiation therapy may be a suitable strategy to enhance ferroptosis in breast cancer and make tumors sensitive to immunotherapy and radiation therapy, especially for those with high expression of antiferroptosis genes or low ferroptosis-promoting genes (Sun et al., 2021). Furthermore, ferroptosis has been confirmed to induce synergetic crosstalk between immunotherapy and RT (Table 2).
TABLE 2 | The combination therapy with FINS in breast cancer.
[image: Table 2]6.1 Target therapy with ferroptosis inducers in breast cancer
Lapatinib is a potent double tyrosine kinase inhibitor of the epidermal growth factor receptor (EGFR) and HER-2 which inhibits the proliferation of breast cancer cells with overexpression of ErbB2 and EGFR (Guarneri et al., 2021). Siramesine is a lysosomotropic agent that releases cathepsin B from lysosomes, leading to increased ROS production and cell death (Petersen et al., 2013). The combination of lapatinib and siramesine could induce ferroptosis in TNBC by boosting intracellular Fe2+ (Ma et al., 2016).
6.2 Radiotherapy in combination with ferroptosis inducers
RT is a common cancer treatment that uses the ionizing radiation (IR) to eradicate cancer cells (Delaney et al., 2005). Binding of FINS targeting GPX4 or SLC7A11 to RT can sensitize breast cancer cell lines or xenografts to radiation by enhancing ferroptosis sensitivity. Zhang et al. found that iron-saturated lactoferrin (holo-lactoferrin, Holo-Lf) significantly decreased GPX4 expression in MDA-MB-231 cells and cell viability, and combination therapy with erastin could further inhibit cell viability. The combination of Holo-Lf with RT can significantly increase the production of lipid ROS in MDA-MB-231 cells, indicating that RT can promote cell ferroptosis and improve radiosensitivity (Zhang et al., 2021c). Pre-red laser irradiation combined with gallic acid could enhance anticancer effects by decreasing GPX4 activity (Khorsandi et al., 2020). γ-radiation combined with erastin improves GSH synthesis and controls ROS generation, the therapeutic effectors of radiation therapy (Cobler et al., 2018). Knocking down ESR1 expression may enhance the efficacy of radiation-induced ferroptosis via the NEDD4L/CD71 pathway in breast cancer (Liu et al., 2022). Although the combination of RT and FINS appears to be safe in preclinical studies, some researches have suggested that ferroptosis may also be associated with RT-induced damage of normal tissue (Li et al., 2019). Therefore, it is urgent to clarify whether this combination therapy has negligible toxicity to normal tissues.
6.3 Immunotherapy together with ferroptosis inducers
Dichloroacetate (DCA) combined with albiziabioside A (AlbA) can inhibit GPX4 and induce ferroptosis to inhibit tumor progression (Wei et al., 2019). DCA can also improve glycolytic lactate immunosuppression and promote the effect of immunotherapy (Ohashi et al., 2013). AlbA has the characteristic of selective antitumor effect without affecting normal cells (Wei et al., 2014). The synergistic effect of the AlbA-DCA conjugate which can affect the polarization of M2-TAM to reprogram the tumor immune microenvironment and ferroptosis will enhance therapeutic efficacy.
Photodynamic therapy (PDT) gather lymphocyte infiltration in tumor lesions and stimulates IFN-γ secretion (Xu et al., 2020). Hemoglobin (Hb) can be used as an oxygen provider in PDT due to its excellent oxygen-carrying properties and can also be used as an iron supplement in the treatment of ferroptosis due to the iron component (Wang et al., 2015). Synergistically induced ferroptosis in cancer cells could be a potential strategy for treating breast cancer (Xu et al., 2020).
6.4 Chemotherapy combined with ferroptosis inducers
The development of various FINS and inhibitors has accelerated research on the ferroptosis and chemosensitivity. ACSL4 in tumor lesions can be used as a predictive factor of complete pathological remission and progression-free survival of neoadjuvant chemotherapy in breast cancer. Importantly, the imbalance between ACSL4/GPX4 can indicate the level of ferroptosis after undergoing neoadjuvant chemotherapy, effectively distinguishing patients with different complete pathological response rates and disease-free survival. With the increase in ACSL4 and the decrease in GPX4, the pathological complete remission rate of patients has gradually increased (Sha et al., 2021).
The iron chelator deferasirox can synergistically enhance the efficacy of doxorubicin and cisplatin in TNBC without increasing side effects (Tury et al., 2018). Saponin formosanin C (FC) is a potent FIN that showed the strongest cytostatic effect among all anticancer drugs, including cisplatin, using the MDA-MB-231 cell line as a model (Chen H. C. et al., 2022). The excessive intake of dietary iron leads to the production of oxidative stress and DNA damage. A collaborative group clinical trial revealed that the use of antioxidant supplements during chemotherapy, such as iron and vitamin B12, increased intracellular iron to serve as a propellant and could increase recurrence and mortality in breast cancer. This finding should be considered when discussing the use of dietary supplements during chemotherapy with breast cancer patients (Ambrosone et al., 2020).
7 FUTURE PERSPECTIVES
As a hotspot in tumor research, ferroptosis plays a crucial role in a variety of tumor cells. New therapeutic targets have the potential to stimulate the development of strategies for the treatment of tumors. Research on ferroptosis in breast cancer focuses on the cellular level in vitro, which provides a relevant theoretical basis for clinical application.
Despite the rapid progress of ferroptosis research in breast cancer, some challenges remain to be elucidated, including the identification of the best candidate drugs and targeting of ferroptosis in clinical trials. FINS are used in combination with other therapeutic approaches, such as immunotherapy or RT, which may induce mixed RCD to inhibit tumor growth. How to select the subtype of breast cancer and subgroups of patients who are sensitive to ferroptosis for targeted treatment should also be elucidated.
Genomics provides a platform for identifying the gene mutations that drive tumor progression and constitute therapeutic targets. Therefore, the integration of genetic information may help distinguish tumors that respond (or do not respond) to ferroptosis. If the expression of pro-apoptotic genes is low but that of ferroptosis-promoting genes is high, patients may derive more benefit from ferroptosis drugs. In addition, depending on the vulnerability of specific breast cancer tumors, different FINS can be used to target endogenous or exogenous pathways.
8 CONCLUSION
Ferroptosis is considered as a double-edged sword, and the potential toxic side effects of inducers or inhibitors should be fully elucidate to ensure the activation of the Fenton response and avoid off-target toxicity to normal organ and tissue. In the future, the rational design of safe and effective ferroptosis-based antitumor drugs should be mutifaceted. There are still significant challenges in basic research and clinical translation based on ferroptosis. However, we believe that with the advancement of basic research on ferroptosis, it will be possible to translate FINS or enhancers into clinical practice of breast cancer therapy.
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AA Arachidonic acid
ACSL acyl CoA synthase long chain family member
ADA Adrenaline
ADHFE1 Alcohol Dehydrogenase Iron Containing 1
AlbA Albiziabioside A
ALOX5 Arachidonate 5-Lipoxygenase
AKR1C1 Aldo-keto reductase family 1member C1
BAP1 BRCA1 associated protein 1
BC breast cancer
BRCA1 BRCA1 associated protein 1
BRD4 Bromodomain containing 4
CAIX carbonic anhydrase IX
CDCs Cinnamaldehyde dimers
COQ10 ubiquinone
CSC cancer stem cell
CISD2 CDGSH Iron Sulfur Domain 2
DAT Dihydroartemisinin
DCA Dichloroacetate
DDR2 discoidin domain receptor tyrosine kinase 2
DFO Deferoxamine
DFX desferoxazole
DGLA dihomo-gamma-linolenic acid
DHFR dihydrofolate reductase
DHODH Dihydroorotate dehydrogenase (Quinone)
DKK1 Dickkopf WNT Signaling Pathway Inhibitor 1
DMT1 divalent metal transporter 1
DMT1 divalent metal transporter 1,
EGFR epidermal growth factor receptor
EGR1 early growth response 1
EMT Epithelial-to-mesenchymal transition
ESR1 estrogen receptor 1
FC formosanin C
Fins ferroptosis inducers
FPN ferroportin,
FRG Ferroptosis-related gene
FSP1 Ferroptosis suppressor protein
FTH1 ferritin heavy chain 1
FTL ferritin light chain
FGFR4 Fibroblast Growth Factor Receptor 4
GA Glycyrrhetinic acid
GCH1 Guanosine triphosphate cyclohydrolase 1
GCL γ-glutamylcysteine ligase
GFRA1 GDNF Family Receptor Alpha 1
GGT1 gamma-glutamyltransferase 1
Gox glucose oxidase
GPX4 glutathione peroxidase 4
GS Glutathione synthetase
GSH Glutathione
GSK-3 β Glycogen synthase kinase-3 β
H3K27ac H3 lysine 27 acetylation
Hb Hemoglobin
HLF hepatic leukemia factor
HMGB1 high mobility group box 1
HMGCR 3-Hydroxy-3-methylglutaryl coenzyme A reductase
HO-1 Heme oxygenase-1
Holo-Lf holo-lactoferrin
H2Bub1 H2B monoubiquitination
IDO indoleamine2,3-dioxygenase
IFN-γ interferon-γ
IR ionizing radiation
IRE iron response element
IRP iron regulatory proteins
LBP Lycium barbarum polysaccharide, Lipopolysaccharide Binding Protein
LOX lipoxygenase
LPCAT3 lysophosphatidylcholine acyltransferase 3
LPO lipid peroxide
MUFA Mono-unsaturated Fatty Acid
NCOA4 nuclear receptor coactivator 4
NF-κB nuclear factor-κB
Nrf2 nuclear factor erythroid
NQO1 NADH Dehydrogenase Quinone 1
OTUB1 OTU Deubiquitinase, Ubiquitin Aldehyde Binding 1
PDT Photodynamic therapy
PE phosphatidylethanolamine
PGM5P3-AS1 PGM5P3 antisense RNA 1
PLOOH phospholipid hydroperoxide
PLS phospholipids
POR P450 oxidoreductase
PUFA-PL polyunsaturated fatty acid phospholipids
PKCβII Protein kinase C-βII
RCD regulated cell death
RHOT1 Ras homolog family member T1
RNA pol II RNA polymerase II
ROS reactive oxygen species
RSV Rosuvastatin
RT radiotherapy
SAFE Sonodynamically amplified ferroptotic red blood cells
SAS Sulfasalazine
SDT sonodynamic therapy
SF silk fibroin
SIM simvastatin
SLC3A2 Solute carrier family 3 member 2
SLC7A11 Solute carrier family 7 member 11
SOD superoxide dismutase
SRF sorafenib
STAT3 signal transducer and activator of transcription 3
TAMs Tumor-associated macrophages
TF transferrin,
TFR1 Transferrin Receptor 1
TFR1 transferrin receptor 1,
TGF-β2 transforming growth factor-beta 2
TME tumor microenvironment
TNBC triple-negative breast cancer
TNF-α tumor necrosis factor-α
VC Vitamin C
27HC 27-hydroxycholesterol
USP7 ubiquitin-specific protease 7
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death (ferroptosis) in tumor cells

Identification and Successful Negotiation of a
Metabolic Checkpoint in Direct Neuronal
Reprogramming

Nano-targeted induction of dual ferroptotic
mechanisms eradicates high-risk neuroblastoma

Ferroptosis, but Not Necroptosis, Is Important in
Nephrotoxic Folic Acid-Induced AKI

Exogenous Monounsaturated Fatty Acids Promote a
Ferroptosis-Resistant Cell State

ALOXI12 is required for p53-mediated tumour
suppression through a distinct ferroptosis pathway

Mitochondrial complex I inhibition triggers a
mitophagy-dependent ROS increase leading to
necroptosis and ferroptosis in melanoma cells

Ferroptosis: A Novel Anti-tumor Action for Cisplatin

CISD1 inhibits ferroptosis by protection against
mitochondrial lipid peroxidation

CAF secreted miR-522 suppresses ferroptosis and
promotes acquired chemo-resistance in gastric cancer

Sorafenib Induces Ferroptosis in Human Cancer Cell
Lines Originating from Different Solid Tumors

An African-specific polymorphism in the TP53 gene
impairs p53 tumor suppressor function in a mouse
model

Arginine-Rich Manganese Silicate Nanobubbles as a
Ferroptosis-Inducing Agent for Tumor-Targeted
Theranostics

Acetylation Is Crucial for p53-Mediated Ferroptosis
and Tumor Suppression

Imidazole Ketone Erastin Induces Ferroptosis and
Slows Tumor Growth in a Mouse Lymphoma Model

Energy-stress-mediated AMPK activation inhibits
ferroptosis

A G3BP1-Interacting IncRNA Promotes Ferroptosis
and Apoptosis in Cancer via Nuclear Sequestration of
p53

HSPAS5 Regulates Ferroptotic Cell Death in Cancer
Cells

The retinoblastoma (Rb) protein regulates ferroptosis
induced by sorafenib in human hepatocellular
carcinoma cells

Lymph protects metastasizing melanoma cells from
ferroptosis

An essential role for functional lysosomes in
ferroptosis of cancer cells

Glutathione depletion induces ferroptosis, autophagy,
and premature cell senescence in retinal pigment
epithelial cells

miR-137 regulates ferroptosis by targeting glutamine
transporter SLC1A5 in melanoma

Heme oxygenase-1 mediates BAY 11-7085 induced
ferroptosis

Necroptosis and ferroptosis are alternative cell death
pathways that operate in acute kidney failure

Heme oxygenase-1 mitigates ferroptosis in renal
proximal tubule cells

Iron addiction: a novel therapeutic target in ovarian
cancer

Quantitative real-time imaging of glutathione

Chaperone-mediated autophagy is involved in the
execution of ferroptosis

An Endoperoxide Reactivity-Based FRET Probe for
Ratiometric Fluorescence Imaging of Labile Iron
Pools in Living Cells

A Novel Ferroptosis-related Gene Signature for
Overall Survival Prediction in Patients with
Hepatocellular Carcinoma

Nrf2 inhibition reverses resistance to GPX4 inhibitor-
induced ferroptosis in head and neck cancer

Lipoxygenase-mediated generation of lipid peroxides
enhances ferroptosis induced by erastin and RSL3

Dihydroartemisinin (DHA) induces ferroptosis and
causes cell cycle arrest in head and neck carcinoma
cells
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Characteristics TCGA (N = 662) CGGA (N = 226) REMBRANDT (N = 369) ‘WCH (N =77)
Age mean(range) 46 (18-89) 52 (22-87) 52 (22-87) 46 (19-77)
Gender
Female 282 (42.6%) 87 (38.5%) 118 (32.0%) 30 (39.0%)
Male 380 (57.4%) 139 (61.5%) 196 (53.1%) 47 (77.0%)
NA 0 0 55 (14.9%) 0
Histology
Astrocytoma 341 (51.5%) 82 (36.3%) 133 (36.0%) 22 (28.6%)
Oligodendroglioma 167 (25.2%) 60 (26.6%) 59 (16.0%) 21 (27.3%)
Glioblastoma 154 (23.3%) 84 (37.2%) 177 (48.0%) 34 (44.2%)
Grade
G2 214 (32.3%) 94 (41.6%) 88 (23.8%) 29 (37.7%)
G3 237 (35.8%) 48 (21.2%) 66 (17.9%) 14 (18.2%)
G4 154 (23.3%) 84 (37.2%) 177 (48.0%) 34 (44.2%)
NA 57 (8.6%) 0 38 (10.3%) 0
IDH status
Mutant 421 (63.6%) 115 (50.9%) NA 42 (54.5%)
WT 236 (35.6%) 110 (48.7%) NA 35 (45.5%)
NA 5 (0.8%) 1(0.4%) NA 0
1p19q Codeletion
Codel 167 (25.2%) 54 (23.9%) 24 (6.5%) 19 (24.7%)
Non-codel 488 (73.7%) 169 (74.8%) 148 (40.1%) 43 (55.8%)
NA 7 (1.1%) 3 (1.3%) 197 (53.4%) 15 (19.5%)
TERT promoter status
Mutant 340 (51.4%) NA NA 30 (39.0%)
WT 156 (23.6%) NA NA 23 (29.9%)
NA 166 (25.1%) NA NA 24 (31.2%)
MGMT promoter status
Methylated 472 (71.3%) 97 (42.9%) NA 35 (45.5%)
Unmethylated 157 (23.7%) 115 (50.9%) NA 13 (16.9%)
NA 33 (5.0%) 14 (6.2%) NA 29 (37.7%)
ATRX status
Mutant 192 (29.0%) NA NA 22 (28.6%)
WT 459 (69.3%) NA NA 53 (68.8%)
NA 11 (1.7%) NA NA 2 (2.6%)

Abbreviation: TCGA, The Cancer Genome Atlas; CGGA, Chinese Glioma Genome Atlas; WCH, West China Hospital; IDH, isocitrate dehydrogenase; TERT, telomerase reverse

Ganeiiotiss SENT. D6 st liosslns DITA, saliiiniaime: AT, ihibs Al inkid Tialacial i

silssme W wild Bk M. aot svsihbls:





OPS/images/fphar-13-1016520/fphar-13-1016520-g009.gif
IH, Gy

/67/,{////////,/////

Ee L,

il SRR
FIIF P efIFTEII T IT G

TP FIFFE






OPS/images/fphar-13-1016520/fphar-13-1016520-g008.gif





OPS/images/fphar-13-1016520/fphar-13-1016520-g007.gif





OPS/images/fonc.2022.925743/M1.jpg
il )
TPM; = o Tiirary TR0 % 1





OPS/images/fonc.2022.925743/M3.jpg





OPS/images/fonc.2022.925743/M5.jpg
Risk score = 0.127 X |PLAU] +0.022 x {IL14] +0.025
X [SPP1] - 0.049 % [CCLI1] - 0.161 x [TERT,
~0.006 x [COL1A2]





OPS/images/fonc.2022.925743/table1.jpg
Characteristic Low High p

n 164 164

T, n (%) 0.374
T 7 (2.2%) 11 (3.4%)

T2 48 (14.8%) 56 (17.2%)

T3 43 (13.2%) 39 (12%)

T4 63 (19.4%) 51 (15.7%)

X 2(0.6%) 5 (1.5%)

N, n (%) 0.029
NO 75 (23.1%) 92 (28.3%)

N1 29 (8.9%) 27 (8.3%)

N2 53 (16.3%) 35 (10.8%)

N3 3(0.9%) 0(0%)

NX 3(0.9%) 8 (2.5%)

M, n (%) 0.016
MO 160 (49.2%) 149 (45.8%)

M1 0 (0%) 2 (0.6%)

MX 3(0.9%) 11 (3.4%)

Stage, n (%) 0.033
Stage | 7 (2.2%) 4(1.3%)

Stage Il 61(19.2%) 82 (25.8%)

Stage IV 93 (29.2%) 71 (22.3%)

Gender, n (%) 0.551
Female 48 (14.6%) 54 (16.5%)

Male 116 (35.4%) 110 (33.5%)

Grade, n (%) 0.028
Gt 18 (5.5%) 34 (10.4%)

G2 112 (34.4%) 87 (26.7%)

G3 32 (9.8%) 35 (10.7%)

G4 0 (0%) 2 (0.6%)

GX 2 (0.6%) 4(1.2%)

Anatomy, n (%) 0.116
Alveolar ridge 10 (3%) 8 (2.4%)

Base of tongue 14 (4.3%) 9 (2.7%)

Buccal mucosa 11 (3.4%) 11 (3.4%)

Floor of mouth 27 (8.2%) 34 (10.4%)

Hard palate 6 (1.8%) 1(0.3%)

Oral cavity 28 (8.5%) 44 (13.4%)

Oral tongue 68 (20.7%) 57 (17.4%)
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Covariates

Age (years)
<15

15

Gender

Female

Male

Status

Alive

Dead
Metastatic
Metastatic
Non-metastatic
Primary tumor -site
Arm/Hand
Leg/Foot

Pelvis

Total

46 (53.49%)
39 (46.51%)

37 (43.02%)
48 (56.98%)

56 (66.28%)
29 (33.72%)

21 (24.42%)
65 (75.58%)

6 (6.98%)
78 (90.7%)
2(233%)

High

No. (%)

15 (48.39%)
16 (51.61%)

13 (41.94%)
18 (58.06%)

27 (87.1%)
4(12.9%)

3 (9.68%)
28 (90.32%)

1(3.23%)
30 (96.77%)
0 (0%)

Low
No. (%)
31 (57.41%)

24 (43.64%)

24 (43.64%)
31 (56.36%)

30 (54.55%)
25 (45.45%)

18 (32.73%)
37 (67.27%)

5 (9.09%)
48 (87.27%)
2 (3.64%)

p Value

0.51

0.0021

0.019

0.38
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Covariates

Age (years)

<65

>65
Gender

Female

Male
Status

Alive

Dead
Grade

Low grade

High grade

Unknown
T classification

TO

T1

T2

T3

T4

Unknown
N classification

NO

N1

N2

N3

NX

Unknown
M classification

Mo

M1

MX

Unknown
TNM stage

1

1T

1

v

Unknown

Total

150 (37.22%)
253 (62.78%)

105 (26.05%)
298 (73.95%)

176 (43.67%)
227 (56.33%)

20 (4.96%)
380 (94.29%)
3 (0.74%)

1(0.25%)
3 (0.74%)
117 (29.03%)
192 (47.64%)
57 (14.14%)
32 (7.94%)

235 (58.31%)

44 (10.92%)
75 (18.61%)
7 (1.74%)
36 (8.93%)
6 (1.49%)

195 (48.39%)
11 (2.73%)
194 (48.14%)
3 (0.74%)

2 (0.5%)
128 (31.76%)
140 (34.74%)
131 (32.51%)

2 (0.5%)

BLCA, bladder cancer; TCGA, The Cancer Genome Atlas.

High score
No. (%)

26 (32.5%)
54 (67.5%)

9 (23.75%)
1 (76.25%)

0 (62.5%)
0 (37.5%)

1(1.25%)
78 (97.5%)
1(1.25%)
1(1.25%)
1(1.25%)
19 (23.75%)
1(51.25%)
12 (15%)
6 (7.5%)

7 (58.75%)
8 (10%)

20 (25%)
0 (0%)

3 (3.75%)
2 (2.5%)

9 (61.25%)
1 (1.25%)
28 (35%)
2 (2.5%)
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