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Editorial on the Research Topic 
Tumor microenvironment and cancer therapy


The tumor microenvironment (TME), an integral part of tumor, is comprised of all the non-cancerous host cells in the tumor, including fibroblasts, endothelial cells, neurons, adipocytes, adaptive, and innate immune cells. It also consists of non-cellular components, including the extracellular matrix (ECM) and soluble products such as chemokines, cytokines, growth factors, and extracellular vesicles (Bejarano et al., 2021). Accumulating evidence indicates that cellular and acellular constituents in TME play a pivotal role in reprogramming tumor initiation, growth, invasion, metastasis and response to therapies (Park et al., 2023; Zhang et al., 2023). Although considerable progress has been made in TME-targeted cancer therapy, such as immune checkpoint blockade (ICB), chimeric antigen receptor (CAR) T-cell therapy and oncolytic virus therapy, the clinical efficacy of therapeutic strategies targeting TME, especially the specific cells or pathways of TME, remains unsatisfactory. It is imperative to identify new targets and biomarkers that could improve the clinical efficacy and precision in specific patients. The current Research Topic, “Tumor microenvironment and cancer therapy”, brings together researchers at the forefront of the much-anticipated field with a series of authoritative reviews and exciting original articles to provide a timely update on our current understanding of biology of the TME and therapies to target it.
Anticancer drug resistance presents a substantial barrier to cancer treatment (Sun et al., 2022). Although many approaches have been employed to study drug resistance, its mechanisms still remain poorly understood. Si et al. provided an overview that microRNAs, a large family of post-transcriptional regulators of gene expression, play a significant role in regulating the resistance of anthracyclines in breast cancer therapy and demonstrate the potential as prognostic biomarkers. TME has emerged as a critical factor in both drug efficacy and chemoresistance in recent years, impelling the development of novel therapeutic strategies. Chen et al. submitted a comprehensive review on the roles of hypoxia in the tumor microenvironment and targeted therapy. They observed immunosuppression and metabolic reprogramming in TME under the condition of hypoxia. Immunosuppressive cells such as MDSCs, TAM and Tregs were recruited to the hypoxic parts to facilitate the escape of tumor cells and resistance to anticancer drug. The metabolic reprogramming of tumor cells was conducive to obtaining energy in a hypoxic environment while maintaining an acidic microenvironment. Apart from chemotherapy resistance, immunotherapy resistance also attracts much attention. Yu et al. identified nine hub genes (COL1A1, COL1A2, COL3A1, COL5A1, COL5A2, COL6A3, EMILIN1, MMP2, and THY1) as potential predictors for implying cancer stemness and immunotherapy resistance to lung adenocarcinoma (LUAD) by Weighted Gene Co-Expression Networks Analysis (WGCNA) and protein-protein interaction (PPI) network analysis and found that THY1 might serve as a prognostic marker.
Although immune checkpoint blockade has brought new hope for many cancers, it has not yet provided substantial benefit to patients with glioma. Utilizing a range of analyses involving protein networks, survival, clinical correlation and function, Zhou et al. demonstrated that the levels of specific ligands (PDL1/PDL2 and CD80/CD86) were significantly higher in the subgroup of glioma patients with high expression levels of HSAP6, which might provide new insights into immunotherapy for glioma patients with a deeper understanding of the correlation between HSPA6 and immunity. Additionally, the ECM is a dynamic and complex meshwork consisting of various multi-domain macromolecules that are continually synthesized and secreted by surrounding cells. On this subject, Fu et al. emphasized that Tenascin C (TNC), a non-structural protein in the ECM, was implicated in the malignant progression of glioma, including proliferation, neovascularization, invasiveness, and immunomodulation. Thorough research on TNC, particularly on the different domains and critical targets of the signaling pathway, may provide new therapeutic strategies for glioma treatment.
Metastasis, a primary cause of death in patients with malignancies and a challenge for cancer therapy, is promoted by intrinsic changes in both tumor and non-malignant cells in the TME. Yan et al. focused their study on the roles of tumor-associated neutrophils (TANs) in tumor metastasis, which can be a potential target of cancer treatment. In another study, Tan et al. analyzed the role of circPLK1 in cancer cell proliferation and metastasis. They demonstrated that circPLK1 could sponge miR-186, which upregulated the downstream DNMT3A expression and triggered the DNA hypermethylation of APCDD1 promoter, leading to APCDD1 downregulation and promoting the cell invasion and metastasis in osteosarcoma.
Prognostic biomarkers for various types of cancer were also investigated based on the signature of TME. Li et al. identified OAS3 as a prognostic and immunotherapeutic biomarker that was associated with unfavorable survival outcomes. Yu et al. investigated the role of PUDP in hepatocellular carcinoma (HCC) and showed that PUDP was highly expressed in most cancers and high expression of PUDP indicated a poor prognosis and lower response rates to immunotherapy in HCC.
Fibroblasts play an essential role in TME. Gao et al. discovered the underlying mechanism of keloid scars (KS) recurrence. The authors focused on FAP + fibroblasts, which are crucial for KS recurrence after surgical resection and radiation therapy. Their findings revealed that irradiation promoted cell cycle progression in FAP + fibroblasts due to the ATP production, upregulation of Cyclin D1 and downregulation of the CKIs p53, p21, and p16, which was associated with cell proliferation and delayed cellular senescence.
In conclusion, TME is a complicated and highly heterogeneous circumstance that can affect almost every aspect of cancer biology. It brings therapeutic targets for cancer treatment, which still needs further discussion and validation. In addition, TME is the inevitable part of tumor bulk and understanding the complexity of it lays a solid foundation for the development of more effective biomarkers and therapies for cancer. We hope that the findings in this Research Topic can inspire further innovations and look forward to an exciting future in this field.
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Immunotherapy resistance is a major barrier in the application of immune checkpoint inhibitors (ICI) in lung adenocarcinoma (LUAD) patients. Although recent studies have found several mechanisms and potential genes responsible for immunotherapy resistance, ways to solve this problem are still lacking. Tumor immune dysfunction and exclusion (TIDE) algorithm is a newly developed method to calculate potential regulators and indicators of ICI resistance. In this article, we combined TIDE and weighted gene co-expression network analysis (WGCNA) to screen potential modules and hub genes that are highly associated with immunotherapy resistance using the Cancer Genome Atlas (TCGA) dataset of LUAD patients. We identified 45 gene co-expression modules, and the pink module was most correlated with TIDE score and other immunosuppressive features. After considering the potential factors in immunotherapy resistance, we found that the pink module was also highly related to cancer stemness. Further analysis showed enriched immunosuppressive cells in the extracellular matrix (ECM), immunotherapy resistance indicators, and common cancer-related signaling pathways in the pink module. Seven hub genes in the pink module were shown to be significantly upregulated in tumor tissues compared with normal lung tissue, and were related to poor survival of LUAD patients. Among them, THY1 was the gene most associated with TIDE score, a gene highly related to suppressive immune states, and was shown to be strongly expressed in late-stage patients. Immunohistochemistry (IHC) results demonstrated that THY1 level was higher in the progressive disease (PD) group of LUAD patients receiving a PD-1 monoclonal antibody (mAb) and positively correlated with SOX9. Collectively, we identified that THY1 could be a critical biomarker in predicting ICI efficiency and a potential target for avoiding tumor immunotherapy resistance.




Keywords: LUAD, WGCNA, TIDE, immunotherapy resistance, cancer stem cell



Introduction

Chemotherapy, radiotherapy, and surgery have dominated the cancer treatment field for years and did acquire considerable effects. However, these traditional therapies have noticeable limitations in treating patients with late-stage or metastatic malignant tumors and often cause severe side effects. To solve current problems, immunotherapies are emerging as promising methods by rebuilding immunosurveillance and stimulating tumor immune elimination (1). T cells are primary participants in tumor-associated immune response. Their infiltration, ratio, and functions influence antitumor immune response (2). Immune checkpoints [cytotoxic T lymphocyte-associated antigen-4 (CTLA-4), programmed cell death protein 1 (PD-1)] and immune checkpoint-related ligands [immune checkpoint-related ligands such as programmed cell death ligand 1 (PD-L1)] are critical parts in this process that promote or inhibit T-cell activity (3). As a result, ICIs are considered a promising strategy in reactivating antitumor immune responses by blocking immune checkpoints/immune checkpoint ligands. In recent decades, ICI therapy has been shown to be effective in patients with refractory tumors, especially for those late-stage patients who were unresponsive to traditional treatments (4). The United States Food and Drug Administration approved its application in solid tumors in 2011 (5). Anti-PD-1/PD-L1 therapy increased the overall survival to 40–50% at 5 years in advanced melanoma patients and is also becoming a promising method for non-small-cell lung cancer (NSCLC) patients (6, 7). The KEYNOTE‐042 study indicated that in NSCLC patients whose PD-L1 tumor proportion score was ≥1%, pembrolizumab monotherapy prolonged their survival for longer than with traditional chemotherapy (8). In addition, dual blockage of PD-1 and CTLA-4 using nivolumab and ipilimumab also showed better effects compared with chemotherapy (9).

However, ICI did not show the same effects in all malignant tumor patients, and its response rate in an unselected population as single agent is below 20% (7, 10). More than one-half of patients are either unresponsive, or they relapse after a period of response, which seriously limits the effectiveness of ICI (11). ICI resistance can be generally divided into two sorts: primary resistance in which patients experience no significant effect in the initial period of ICI treatment; and secondary resistance (acquired drug resistance) in which initially, ICI can slow tumor progression, but patients later develop treatment failure (12). Two primary reasons for ICI resistance are the dysfunction of tumor infiltrating cytotoxic T cells and immunosuppressive factors, which hinder T cells from entering the tumor microenvironment (TME) (13, 14). Although many mechanisms were reported to be accountable for ICI resistance, there is still not an efficient method to predict it. Therefore, identification of predictive biomarkers for ICI response is crucial for determining appropriate patients for and predicting efficacy of ICI. TIDE is a computational method developed by Jiang et al. and is used for forming a tumor immune evasion model and calculating potential regulators and indicators in ICI resistance through integrating the expression features of T cell dysfunction and T cell exclusion, as well as pre-treatment tumor profiles (15). To identify potential biomarkers associated with immunotherapy, especially ICI resistance, WGCNA was also adopted in this study. WGCNA is a newly developed bioinformatics method to process medical data. Various researchers have utilized this method to analyze the gene expressions in different samples, depict correlations, and identify potential co-expressed genes or targets (16–18).

Self-renewal capacity and long-term persistence are critical properties of cancer stem cells (CSCs), and help them to maintain immune evasion, epithelial-mesenchymal transition (EMT), signaling pathway regulation, multidrug resistance, and pro-tumor immunity (19). CSCs express low levels of cancer-associated antigens, immune stimulatory molecules (CD86, CD40, and MHC II), and high levels of immune checkpoint proteins (20). Recent studies put forward that cancer cell stemness could be represented by clusters of core genes (21–23). Based on these gene sets, Miranda et al. found pervasive negative associations between cancer cell stemness and anticancer immunity (24). They showed that stemness led to higher intratumoral heterogeneity and restrained antitumor immune response, which result in poor outcome for malignant tumor patients. Research showed that complex interactions between CSCs and immune cells in the TME-induced immunotherapy resistance by promoting anti-apoptotic pathways, inducing EMT, and enhancing immune tolerance (25–27).

After taking into consideration both TIDE score and stemness index, we identified a potential gene module (pink) which was highly related to T cell dysfunction and cancer cell stemness. Further analysis revealed strong enrichment of ECM remodeling, EMT, tumor invasion, tumor growth, and a positive relationship to immunosuppressive markers in the pink module. According to the gene significance of TIDE (GS.TIDE), we selected nine genes and observed their higher levels in tumor tissues and LUAD patients with poorer survival. Among them, THY1 (Thy-1 cell surface antigen) was selected as the key gene and was shown to be related to tumor stage, survival, and immune states of LUAD patients. Analysis of clinical samples showed a positive correlation between THY1 and classical cancer stemness marker SOX9. Moreover, the highest levels of THY1 were found in the PD group of PD-1 mAb-treated LUAD patients. These results provide the fundamental basis for further research of immunotherapy resistance and the discovery of new therapeutic target to refine ICI treatments of LUAD patients.



Materials and Methods


Data Processing

We obtained gene expression data (FPKM format) and relevant clinical characteristics of 526 LUAD samples from the Cancer Genome Atlas (TCGA) database (https://www.cancer.gov/tcga). After excluding patients that lacked key clinical information, 513 patients were retained. TPM format conversion was performed for gene expression data in FPKM format for further analysis. We also obtained data for gene expression and survival of LUAD patients (GSE72094) from Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/). A total of 398 samples with complete clinical information were utilized in further analysis.



Immunotherapy Response Prediction and Stemness Index

TIDE score was shown to be more effective and accurate than current methods in predicting the immunotherapy response of melanoma and lung cancer patients. We downloaded LUAD patient-related TIDE scores from (http://tide.dfci.harvard.edu) (15). To bring cancer stemness into analysis, we used single-sample gene set enrichment analysis (ssGSEA) to process stemness-related gene sets (Benporath_ES1, Benporath_ES2, Bhattacharya_hESC, Shats_iPSC, Shats_Consensus, Benporath_Sox2, Kim_Myc, Smith_Human.Epithelial_ASC, Palmer_2012, Proliferative_Ben_Porath, Curated_genes) in malignant tumors obtained from previous articles (21–23, 28–32). The above data were included in the WGCNA analysis according to a previous report (33).



Constructing Weighted Gene Co-Expression Networks and Identifying Modules Associated With Immunotherapy Resistance Score and Stemness Score of LUAD Patients

WGCNA is used to group correlated genes pairwise into a model or network according to their similar expression profiles (34). In this article, WGCNA was adopted to identify the modules correlated with immunotherapy resistance and cancer stemness. Further filtration of 513 LUAD patients found that six patients lacked TIDE values or were outliers according to the original clustering tree at a height of 150,000. As a result, we ultimately included 507 samples in the WGCNA analysis. We chose the soft threshold β = 4 (scale free R2 = 0.88) to construct a co-expression network. We then transformed the adjacency matrix into a topological overlap matrix to quantitatively describe the similarity. Next, we used cutreeDynamic function to perform the gene hierarchical clustering dendrograms and identify various co-expression modules. Correlations between modules and TIDE scores or other characteristics were assessed by Spearman test.



Identification of Hub Genes

GS and module membership (MM) were adopted to filter hub genes in the pink module. GS stands for the level of correlation between gene expression and designated features. MM stands for the correlation of the module eigengene and the gene expression profile. GS.TIDE represents the relevance of each module to the TIDE score. Among all the modules, the pink module had the highest GS.TIDE, which means the highest correlation with immune evasion. Therefore, we selected top 20 genes according to GS.TIDE for protein-protein interaction (PPI) network analysis and nine genes for further analysis. Among them, THY1 was the gene most associated with TIDE score in the pink module.



Protein-Protein Interaction Analysis of Top 20 Hub Genes

We performed a PPI analysis with top 20 hub genes using GeneMANIA website (https://genemania.org/search/homo-sapiens/) to depict their relationship in Co-expression, Physical Interactions, Co-localization, and Pathways.



Gene Ontology and Kyoto Encyclopedia of Genes and Genomes Enrichment Analysis

Clusterprofiler R package was adopted in Gene Ontology (GO) and  Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis using genes in the pink module. We used “adjusted p < 0.05” to identify significant GO terms and KEGG terms.



Cell Infiltration Analysis

xCell (http://xcell.ucsf.edu/) was used to obtain the relative expression level of 64 types of cells in the tumor microenvironment of LUAD patients using mRANseq data (TPM format) from TGCA in R software.



Pathway Enrichment of the Pink Module

Four gene set lists were downloaded from the nanoString website (https://www.nanostring.com/): the nCounter PanCancer Pathways panel, the nCounter® PanCancer Immune Profiling panel, the nCounter PanCancer Progression panel, and the nCounter® PanCancer IO 360™ Panel. These panels include detailed listings of genes, corresponding pathways, and immune types. ssGSEA and heatmap packages were used to analyze these four panels and displayed the results by LUAD patients.



Kaplan-Meier Survival Analysis

Gene expression data and corresponding clinical information from GSE72094 dataset were used to analyze the survival rate of each gene. We utilized Kaplan-Meier curve and log-rank test to estimate the prognostic significance of nine hub genes. We divided each gene into two groups according to the best cut point method using “surv_cutpoint” algorithm of the survminer R package.



Immune Subtypes and Clinical Characteristics Analysis

According to the research of Thorsson et al., the intratumor immune states could be divided into six subtypes: C1 (wound healing), C2 (IFN-γ dominant), C3 (inflammatory), C4 (lymphocyte depleted), C5 (immunologically quiet), and C6 (TGF-β dominant) (35). C1 has higher expression of angiogenic genes and Th2-type adaptive immune infiltration. C2 shows high M1/M2 macrophage polarization and activated function of antitumor T cells. C3 is related to Th17 and Th1 cells and could suppress tumor cell proliferation. C4 displays a prominent M2 macrophage signature and suppressed Th1. C5 exhibits the lowest lymphocyte and highest M2 responses. The highest TGF-β signature is the feature of C6. We evaluated the expression level of THY1 on these six subtypes. We also assessed THY1 expression in different clinical stages of LUAD patients using gene expression data and clinical information from the TCGA dataset. Wilcoxon test was adopted to compare differences between groups.



Clinical Samples

Human LUAD tumor tissues were acquired from the First Affiliated Hospital of Zhengzhou University in 2020. All patients were pathologically diagnosed with LUAD through surgery or percutaneous pulmonary biopsy and failed chemotherapy or targeted therapy. All patients had a lung computerized tomography (CT) scan before receiving at least three cycles of PD-1 mAb treatment (baseline). Lung CT scan was also used to evaluate the therapeutic effects after using PD-1 mAb (first/second). The clinical information of the patients is shown in Table 1.


Table 1 | The summary clinical information of the samples.





Immunohistochemistry

All patients agreed to informed consent before specimen collection. Tissues were fixed with 4% paraformaldehyde and embedded in paraffin. IHC was performed according to previous research (36). Tumor tissue slides were incubated with anti-human THY1 (ABCAM, Rabbit mAb, CAT: ab133350, 1:50) and anti-human SOX9 (ABCAM, Rabbit mAb, CAT: ab185966, 1:1,000) at 4°C for overnight. Then, the slides were incubated with horseradish peroxidase-conjugated anti-rabbit/mouse antibody (ZSGB-BIO, SP-9000) for 30 min at room temperature. Subsequently, diaminobenzidine (ZSGB-BIO, ZLI-9018) and hematoxylin were used to visualize the protein and cell nucleus. Vectra Polaris Multispectral Imaging and Whole Slide Scanning System (PerkinElmer, Vectra) was used to screen the slides. IHC staining score of each protein was evaluated by imageJ software using IHC toolbox.



Statistical Analysis

Wilcoxon test is used to compare the differences between groups of classified variable. Spearman analysis is used to calculate the correlation between continuous variables. The above collected data was analyzed using R software version 3.6.1 (https://www.r-project.org). Differences between groups were analyzed using t test. Pearson’s correlation analysis was used to calculate correlation coefficients (r) using Graphpad Prism 7. With all statistical methods, p < 0.05 was considered statistically significant.




Result


WCGNA Analysis and Modules Significance Calculation

The gene expression matrix of 7,298 preprocessed genes derived from LUAD patients in the TCGA dataset was used for WGCNA with R package. After excluding patients that lacked critical characteristics, 507 samples were utilized for further analysis. Sample dendrogram and trait heatmap are displayed in Figure 1A. To ensure high-scale independence (near 0.9), we set β = 4 in this analysis (Figure 1B). After obtaining the β value, we constructed an adjacency matrix and topological overlap matrix (Figures 1C, D). On the basis of average hierarchical clustering and dynamic tree clipping, we obtained 45 modules in total (Figure 2A). Then, we calculated the correlation coefficients between each module and the sample characteristics related to TIDE, cancer stemness markers, and various immune-related characteristics (Figures 2B, C). According to GS.TIDE, we found that the pink module had the highest correlation with TIDE (cor = 0.56; p = 2e-43). In addition, the pink module showed a strong correlation with various cancer stemness markers and immunosuppressive features, such as Exclusion (cor = 0.55; p = 4e-42) and cancer-associated fibroblast (CAF) (cor = 0.9; p = 3e-189) (Figure 2B). As a result, this module was selected as a critical module for the possible relationship between cancer stemness and immunotherapy resistance. GS.TIDE was used to filter the top 20 hub genes in the pink module (Table 2). We adopted the PPI network with top 20 hub genes using GeneMANIA and found a strong relationship in expression, physical interaction, and pathways between hub genes (Figure 2D).




Figure 1 | Sample dendrogram and soft-thresholding values estimation. (A) Sample dendrogram and trait heatmap of 507 samples. The upper 12 traits are representative marker of cancer stemness, and the lower 9 traits are common evaluation index of immunotherapy. (B) Analysis of the scale-free index for various soft-threshold powers (β). (C, D) The scale free topology when β = 4.






Figure 2 | The genes enrichment and module identification. (A) Hierarchical clustering dendrogram of co-expressed genes in LUAD patients. A total of 45 modules were identified, and each colored row stands for a module with a cluster of highly connected genes. (B) Correlation coefficient between consensus module eigengenes and TIDE score, cancer stemness, or other immune-related characteristics. (C) Heatmap plot of the adjacent modules. (D) Protein–protein interactions of top 20 hub genes. The strength of the relationship is associated with the thickness of the colorful lines.




Table 2 | The top 20 hub genes in pink module.





Functional Annotation of Genes in the Pink Module

The pink module contains 274 genes. The results of the GO enrichment analysis and KEGG enrichment analysis of these 274 genes are shown in Figures 3A, B. Results showed that genes in the pink module were strongly enriched in the ECM organization. Enriched items in the cellular component were also related to the ingredients of ECM and focal adhesion (Figure 3A). Results from KEGG analysis showed a similar conclusion (Figure 3B). Top 15 GO items of the hub genes in the pink module are shown in Table 3.




Figure 3 | Enrichment analysis of the significant genes in the pink module. (A) Gene ontology enrichment including biological process (BP), cellular component (CC), and molecular function (MF). (B) KEGG enrichment of significant genes in pink module. (C–F) Pathway enrichment of significant genes in pink module. (C) is the pathways that participate in immune profiling. (D) is the pathways in IO.unity. (E) is the common pathways in human physiological process. (F) is the pathways of cancer progression.




Table 3 | The top 15 GO items of genes in the pink module.



To further investigate the characteristics of these genes, we utilized gene set lists downloaded from nanoString and identified higher enrichment of genes in the immunosuppressive items and tumor-associated pathways and functions (Figures 3C–F). For example, the pink module was associated with senescence, adhesion, and transporter functions and was also enriched with tumor intrinsic factors and stromal factors. A cluster of cancer-related pathways were involved, such as JAK-STAT, Wnt, PI3K, MAPK, and RAS. More importantly, the enrichment of metastasis, cancer metabolism, ECM remodeling, EMT, tumor invasion, tumor growth, angiogenesis, and ECM layers was heightened in the pink module. Highly positive correlations were found between the pink module and cancer stemness markers, such as Benporath-Nanog (Cor = 0.468, p = 0e+00), Palmer_2012 (Cor = 0.331, p = 2.452e-14), and Curated_genes (Cor = 0.326, p = 7.074e-14) (Figure 4A).




Figure 4 | Correlation of significant genes in pink modules with stemness and immunotherapy resistance. (A) Correlation analysis of pink modules with markers of cancer stemness. (B) Correlation analysis of pink modules with immune suppressive markers. (C) Correlation analysis of pink modules with immune stimulative markers. Cor, correlation.



It has been reported that the occurrence of immunotherapy resistance is associated with the upregulation of suppressive characteristics in TME and downregulation of immune stimulators (37). To support the hypothesis that the pink module is associated with immune evasion, we performed a correlation analysis between the pink module and immunosuppressive markers or immunostimulatory makers. We found that pink module genes are positively correlated with immunosuppressive markers and cells, such as Tr1, Th2, iTreg, CAF, and CD274 (Figure 4B). Correspondingly, immune-stimulating cells and markers, like Th17, effector-memory and Gamma-delta T cells, and neutrophils, were negatively correlated with the pink module (Figure 4C). These results demonstrated that the pink module is a set of genes that potently correlated with cancer stemness and immunosuppressive characteristics.



Identification and Validation of Hub Genes

In WCGNA Analysis and Modules Significance Calculation we filtered the top 20 hub genes in the pink module according to GS.TIDE. To shrink the range, we ranked genes on the base of GS.TIDE and selected nine genes from them (THY1, COL5A1, COL1A2, COL3A1, COL1A1, COL5A2, MMP2, COL6A3, EMILIN1). The expression levels and clinical information of these nine genes were obtained from the TCGA and GEO database. Higher expression levels were found in the tumor tissues than in the corresponding normal tissues, except for EMILIN1 and MMP2 (Figure 5A). We then used a Kaplan-Meier plotter to analyze patient survival and found that THY1, COL5A1, COL1A2, COL3A1, COL1A1, COL5A2, COL6A3 exhibited excellent diagnostic efficiency in LUAD patients (Figure 5B). These results indicated the strong clinical significance of THY1, COL5A1, COL1A2, COL3A1, COL1A1, COL5A2, COL6A3.




Figure 5 | Clinical characteristics of hub genes in pink module. (A) mRNA expressions of nine hub genes in cancer tissues of LUAD and normal lung tissues. (B) Survival plots of the significant genes by Kaplan Meier test. The data were obtained from the GEO website. ns, no significance; ****p < 0.001.





Clinical Characteristics of THY1

To find a more targeted gene, we filtered these hub genes according to GS.TIDE, expression levels in cancer, and survival probability, and selected THY1 as the key gene in the pink module. We then analyzed THY1 based on the theory of Thorsson et al. and observed that THY1 was highly expressed in the wound-healing subtype (C1) and TGF-βdominant subtype (C6) (Figure 6A), which means that THY1 is an immunosuppressive participant in malignant tumors. Moreover, clinical characteristics analysis showed that tumor stages were highly associated with THY1 expressions, which were highest in LUAD patients in stage iii (Figure 6B). Correlation analysis revealed that THY1 had a strong positive correlation with cancer stemness markers, as well as immunosuppressive markers and cells, especially with the TIDE score (Cor = 0.578, p = 4.293e-50) (Figures 6C, D). The negative correlation between THY1 and immune stimulators were also apparent (Figure 6E). These results implied that THY1 mediates immunotherapy resistance by enhancing immunosuppressive function as well as limiting the antitumor effects of immune stimulators.




Figure 6 | Characteristics of THY1 in LUAD patients. (A) THY1 expression of LUAD patients in six immune subtypes: C1, wound healing; C2, IFN-γ dominant; C3, inflammatory; C4, lymphocyte depleted; and C6. TGF-b dominant. (B) mRNA expression levels of THY1 in different tumor clinical stages (N and stage i-iv) of LUAD patients. (C) Correlation analysis of THY1 and various cancer stemness features. (D) Correlation analysis of THY1 with immunosuppressive markers. (E) Correlation analysis of THY1 with immunoactivating markers. Cor, correlation.





Clinical Validation of THY1 and SOX9 in LUAD Patients

In order to validate the hypothesis that THY1 is related to cancer stemness and immunotherapy resistance, we performed IHC staining on six tissue samples of LUAD patients who received at least three cycles of PD-1 mAb treatments using THY1 and SOX9 antibodies. The clinicopathological data are presented in Table 1. Lung CT examination was used to evaluate the efficacy of PD-1 mAb therapy, and the result prior to the first dose was used as the baseline. The results of the CT scan showed that two patients displayed PD, two patients displayed stable disease (SD), and the remaining two patients acquired partial response (PR) (Figure 7C). IHC results proved that THY1 expression was highest in the PD group and lowest in the PR group. Moreover, THY1 expression was positively related to the level of SOX9, a classical biomarker of cancer stemness (38) (Figures 7A, B). However, the IHC scores of THY1 and SOX9 between PR group and SD group showed no statistical difference. These results indicated a strong relationship between THY1 and the therapeutic resistance of PD-1 mAb, which was consistent with the above analysis. Furthermore, THY1 levels also positively correlated with cancer stemness. This means that THY1 could be used as a possible biomarker in predicting the efficacy of PD-1 mAb.




Figure 7 | The expression levels of THY1 are significantly associated with SOX9 and efficiency of PD-1 mAb treated LUAD patients. (A) Representative immunohistochemical staining of THY1 and SOX9 on tumor tissues of LUAD patient receiving PD-1 mAb treatment. Original magnification, 200×. (B) Statistic analysis of immunohistochemical staining score of THY1 and SOX9. Correlation analysis of the immunohistochemical staining score of THY1 and SOX9. ns, no significance; ***p < 0.001. (C) Representative CT results of LUAD patients before and after receiving PD-1 mAb treatment. PD, progressive disease; SD, stable disease; PR, partial response.






Discussion

The fact that ICI treatments are ineffective for some malignant tumor patients prompts research for the underlying molecular mechanisms and ways to refine it. As a newly developed computational method, TIDE has been used to model tumor immune evasion by evaluating the interactions between candidate genes and the characteristics of T cells in LUAD and melanoma (15). A higher TIDE score is related to a higher likelihood of immune escape by tumors and lower response rate to ICI treatment. As a result, TIDE score is now becoming a more reasonable and accurate method in assessing the outcome of immunotherapy and prognosis of patients compared with the single evaluation of PD-L1 levels, tumor mutational burden, or IFN-γ signature (39). To figure out which cluster of genes is potentially responsible for ICI resistance in LUAD patients, WGCNA was adopted to build a co-expression module and illuminate the complicated correlation between candidate genes and phenotypes. Highly co-expressed genes formed a module that can be used to assess the depth of the association with selected characteristics. Based on these concepts, we used the TIDE score and WGCNA to identify genes associated with immunotherapy resistance in LUAD patients, and picked the pink modules (274 genes), which was highly associated with the TIDE score. In addition, we introduced a cluster of cancer stemness markers (ES1/2, hESC, iPSC, Nanog, Sox2, Myc, et. al) into WGCNA analysis, and observed that these markers were positively correlated with the pink module (24) (Figure 2B). These results were in line with previous reports that CSCs mediate resistance to antitumor therapy, such as chemotherapy and radiotherapy, as well as immunotherapy (40–42).

In the exploration of immunotherapy resistance mechanism, cancer stemness has been a focus for years. Maccalli et al. proposed that one main reason for ICI treatment failure might be the immune-resistant ability of CSCs. Although few in number, CSCs remain in the tumor after treatment, reforming the tumor mass and promoting tumor progression (43). In the research by Miranda et al., they found that CD8+ T cells, natural killer (NK) cells, and B cells showed a strongly negative correlation with stemness for most cancer (24). These results proposed an association between stemness and suppressed antitumor immune response, which indicates worse clinical outcomes with malignant tumors. Complicated interactions between CSCs and other stromal cells, such as immune cells and fibroblasts, can lead to malignant biological properties such as EMT and result in immune evasion (44). In our analysis, top 15 GO enrichment items of these genes showed a concentration on the organization and regulation of ECM, including EMT (Figures 3A, B).

The relationship between ECM remodeling and cancer stemness has already been reported. Elevated collagen-induced stiff ECM triggers cancer cell stem-like programming and metastatic dissemination in vivo. Suppression of collagen deposition could increase expression of lung differentiation markers (45). Liang et al. proposed that CD44, a transmembrane receptor for hyaluronic acid and many other ECM components, was a critical marker and regulator of cancer stemness (46). Furthermore, macrophage-derived glycoprotein non-metastatic B facilitates the expansion of CSCs through CD44/IL-33 axis and promote metastasis in mouse tumor models (17). Moreover, ECM could facilitate immune evasion in CSCs by activating PI3K/AKT and recruiting immunosuppressive cells like tumor associated macrophages and Tregs (47–49). The relationship between tumor ECM, drug resistance, and immune suppression has been reported (50). ECM can damage the activation and proliferation of T cells, thus facilitating CSCs survival and inducing immunotherapy resistance (51). Peng et al. demonstrated that LAIR1-SHP-1 pathway regulated the increased collagen levels and exhausted CD8+ T cell subpopulations in lung tumor tissues, and mediated the resistance to PD-1/PD-L1 blockade (50). EMT increases tumor initiation and potential for metastasis, as well as resistance to several treatments (52). EMT-associated gene signatures were collectively described as features of intrinsic anti-PD-1 resistance (53). Some studies linked PD-L1 upregulation with EMT, which is also a feature closely related to CSCs (54, 55). Positive correlations were found between EMT-related genes and inhibitory immune molecules (e.g., PD-L1/2, PD-1, CTLA-4) and Tregs in LUAD patients (56, 57). A transcriptomic meta-analysis of breast cancer patients showed that PD-L1 regulated the expression of OCT4A, Nanog, and BMI1 through AKT signaling (58). Thus, EMT is considered to be a potential mechanism in immune escape.

Pathway enrichment analysis in signaling pathways pointed out that genes in the pink module were en1riched in MAPK, JAK-STAT, PI3K, RAS, Notch, Wnt signaling pathways (Figure 3E). These pathways have been reported to be activated in immunotherapy resistance. For example, dysregulation of MAPK pathways has been linked with immune-silencing phenotypes in breast cancer and is associated with treatment resistance (59). Activation of the JAK-STAT signaling pathway inhibits cytotoxic T lymphocytes and counteracts the antitumor effects of anti-PD-1 immunotherapy in pancreatic cancer (60). RAS-related oncogenesis could increase the level of PD-L1, eliminate antigen presentation, and alter the expressions of cytokines, thus leading to immune evasion and immunotherapy resistance (61). The research implies a close relationship between immunotherapy resistance and cancer stemness. Further analysis on the immune infiltration patterns of the pink module also confirms these hypotheses. We found that genes in the pink module were positively related with immune suppressive cells (Tregs, Tr1, Tr2, CAF), molecules (CD274), and two critical characteristics in immune evasion (Exclusion and Dysfunction) (Figure 4B). Meanwhile, the immune-activated cells and markers, such as antitumor T cells, neutrophils, Th1 cells, and gamma-delta T cells, were downregulated in the pink module (Figure 4C). These results support the hypothesis that the genes in the pink module can be used as potential markers or targets in identifying and eliminating malignant tumors.

To ascertain specific genes involved in ICI resistance, we selected nine genes (COL1A1, COL1A2, COL3A1, COL5A1, COL5A2, COL6A3, EMILIN1, MMP2, THY1) for further analysis. These genes are stemness-related and were predicted to be associated with the clinical outcomes of LUAD patients receiving immunotherapy. Expression analysis showed that these genes were more highly expressed in LUAD tumor tissues compared with normal tissues (Figure 5A) except for EMILIN1 and MMP2. Moreover, COL1A1, COL1A2, COL3A1, COL5A1, COL5A2, THY1 exhibited a more promising outcome in more lowly expressed group (Figure 5B). Among them, THY1 ranked first based on GS.TIDE. THY1 (CD90) is a glycosylphosphatidylinositol-anchored glycoprotein and is mainly expressed on blood stem cells, activated microvascular endothelial cells (ECs), and fibroblasts (62). It could be used as a biomarker in stem cell isolation. THY1 is an important protein in malignant tumors and is considered a candidate marker of CSCs with highly tumorigenic and metastatic potential due to its regulation of cell-cell interactions, cell-matrix interactions, cellular adhesion, and migration (63, 64). Transcriptional analysis of mRNA profiles in CD90+ esophageal CSCs showed that CD90-mediated metastasis occurs at least partially via the dysregulation of EMT and matrix metalloproteins (64). Strong correlations between THY1 and stemness markers were also found in LUAD according to our research (Figure 6C). Except for tumor cells, THY1 has also been observed in stromal cells, like ECs and CAFs, but not CD45+ cells (65, 66). Co-localization of THY1 and CD31 implies a possibility that CSCs may reside in the endothelial niche, facilitate vascular formation, and receive supportive signals via direct contacts with ECs (67–69). THY1 can influence tumor-infiltrating immune cells. For example, physical interactions between tumor-associated macrophages and CSCs are associated with EMT and could be regulated by CD90 and EphA4 (48). Similarly, THY1 was observed to be positively correlated with immunosuppressive markers, especially TIDE score and T cell exclusion and dysfunction (Figure 6D). However, research on THY1 in LUAD is limited. High expressions of THY1 and CD44 influence the relapse-free survival in LUAD patients (70). In our analysis, THY1 was highly expressed in the wound-healing subtype and TGF-β-dominant subtype in LUAD patient (Figure 6A). These two subtypes are related to the immunosuppressive phenotype and poor prognosis. Furthermore, THY1 was associated with tumor metastasis, tumor category, and tumor stage in LUAD, which implies that THY1 has an immunosuppressive role in TME and might be responsible for immunotherapy resistance (Figure 6C). To verify this hypothesis, we detected the expression of THY1 in LUAD patients who received PD-1 mAb. THY1 was highly correlated with the effectiveness of PD-1 mAb (Figure 7). Patients in PD group had the highest expression of THY1 and SOX9, a marker of cancer stemness. These results are consistent with above analysis and strongly support the hypothesis that THY1 might be a predictive marker of immunotherapy resistance and inhibiting it may improve the effects of ICI.

However, there are still some limitations in the current research. Analysis based on a public dataset cannot confirm this result, and the number of LUAD patients receiving PD-1 mAb included in the analysis is small. Moreover, underlying mechanisms of this phenomenon need further research. Therefore, large sample size verification and well-designed biological studies are needed to further confirm our findings.



Conclusion

In summary, we identified nine hub genes (COL1A1, COL1A2, COL3A1, COL5A1, COL5A2, COL6A3, EMILIN1, MMP2, THY1) as potential participants in implying cancer stemness and immunotherapy resistance. Among them, THY1, which was verified in clinical samples, was associated with the resistance of ICI treatment and co-expressed with familiar CSCs markers. As a result, THY1 may be used as a prognostic LUAD marker; and therapy targeting THY1 may be a promising avenue in eliminating LUAD and enhancing immunotherapy.
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N6-methyladenosine (m6A) is a critical epigenetic modification for tumor malignancies, but its role in regulating the tumor microenvironments (TMEs) has not been fully studied. By integrating multiple data sets and multi-omics data, we comprehensively evaluated the m6A “writers,” “erasers,” and “readers” in colorectal cancer and their association with TME characteristics. The m6A regulator genes showed specific patterns in co-mutation, copy number variation, and expression. Based on the transcriptomic data of the m6A regulators and their correlated genes, two types of subtyping systems, m6AregCluster and m6AsigCluster, were developed. The clusters were distinct in pathways (metabolism/inflammation/extracellular matrix and interaction), immune phenotypes (immune-excluded/immune-inflamed/immune-suppressive), TME cell composition (lack immune and stromal cells/activated immune cells/stromal and immune-suppressive cells), stroma activities, and survival outcomes. We also established an m6Ascore associated with molecular subgroups, microsatellite instability, DNA repair status, mutation burdens, and survival and predicted immunotherapy outcomes. In conclusion, our work revealed a close association between m6A modification and TME formation. Evaluating m6A in cancer has helped us comprehend the TME status, and targeting m6A in tumor cells might help modulate the TME and improve tumor therapy and immunotherapy.
Keywords: colorectal cancer, immunotherapy, N6-methyladenosine, tumor microenvironments, molecular classification
INTRODUCTION
Colorectal cancer (CRC) is a major cause of cancer-related death worldwide (Siegel et al., 2020). Limited by treatment strategies, late-stage CRC has a 5-year survival rate of approximately 10% (Kuipers et al., 2015). In recent years, the therapeutic targets shifted from tumor cells to the tumor microenvironment (TME), consisting of a heterogeneous complex of immune cells, stromal cells, and extracellular matrix (Joyce and Pollard, 2009; Quail and Joyce, 2013). The anti-TME strategies, such as anti-angiogenetic drugs, immune checkpoint inhibitors (ICIs), and their combinations (e.g., ICI plus angiogenesis or chemotherapy), were beneficial to only a part of patients (Tapia Rico and Price, 2018; Eng et al., 2019; Bourhis et al., 2021). It is essential to understand and evaluate the composition and activities of TMEs to guide clinical practice when using these treatments. A case in point in CRC is the immunoscore, which is calculated based on the TME cells and helps predict responses to chemotherapy or ICIs (Angell et al., 2020; Bruni et al., 2020).
N6-Methyladenosine (m6A) is the most frequent epigenetic modification of RNA in eukaryotic cells (Frye et al., 2018). This process was reversibly regulated by its “writers,” “erasers,” and “readers.” It has multifaceted effects in deciding RNA fates, such as RNA transcription, splicing, structure, and translation, and participates in almost all physiological and pathological bioprocesses, including cancer development (Gaikwad et al., 2020). A connection between the m6A and TME is also present in some cancers. Based on multi-omics data, two studies evaluated the landscape of m6A modulators and found they were associated with immune cell infiltration in the TME and efficacies of ICIs in gastric cancer and renal carcinoma (Zhang et al., 2020a; Zhong et al., 2021). Recently, a specific study focusing on “writers” of four types of RNA modification and their relationship with immunotherapy efficacy was conducted in CRC (Chen et al., 2021a). However, a comprehensive study of three kinds of m6A regulators, including “writers,” “erasers,” and “readers,” in CRC has not been reported.
In the present study, we integrated the multi-omics and clinical data of seven CRC cohorts to evaluate the m6A modification patterns, TME characteristics, and their associations.
MATERIALS AND METHODS
Data Sets
Level 3 data from The Cancer Genome Atlas (TCGA), including expression, mutation, copy number variations, and clinical annotation, were downloaded from the TCGA database (https://tcga-data.nci.nih.gov/tcga/). The expression data and clinical information from six CRC cohorts (GSE17536, GSE29621, GSE33113, GSE37892, GSE38832, and GSE39582) were downloaded from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo). The GEO data were merged by R package “dplyr” and batch normalized by R package “sva.” The data from the two cohorts with ICI treatment, IMvigor210 and GSE78220, were obtained from the IMvigor210CoreBiologies package and GEO website, respectively. The study design and workflow are outlined in Figure 1A.
[image: Figure 1]FIGURE 1 | Workflow and landscapes of m6A regulators. (A) Workflow chart of this study with the main process. Cohorts used in this study are underlined. (B) Mutation rates of m6A regulators in The Cancer Genome Atlas (TCGA) data set. (C) Mutation co-occurrence analysis of m6A regulators in the TCGA data set. Co-occurrences with statistical significance (p < 0.05 and <0.001) are shown. (D) Copy number variants in the TCGA data set. (E) Expression levels of m6A regulators in normal and tumor tissues. (F) Principal component analysis for RNA level of 24 m6A regulators in the TCGA data set. *p < 0.05; **p < 0.01; ***p < 0.001.
Clustering According to N6-Methyladenosine Regulators
The gene expression data of m6A regulators, including eight “writers” (METTL3, METTL14, RBM15, RBM15B, WTAP, KIAA1429, CBLL1, and ZC3H13), three “erasers” (ALKBH3, ALKBH5, and FTO), and 13 “readers” (YTHDC1, YTHDC2, YTHDF1, YTHDF2, YTHDF3, IGF2BP1, IGF2BP2, IGF2BP3, HNRNPA2B1, HNRNPC, FMR1, LRPPRC, and ELAVL1) were used for unsupervised clustering analysis. Cluster number determination and the following clustering were performed using the R package “ConsensusClusterPlus,” with 1000 times repetition. This method was used for clustering of m6AregClusters in the meta-GEO cohort, single GEO cohorts, and the TCGA cohort.
Enrichment Analysis
Single-sample gene-set enrichment analysis and gene set variation analysis (GSVA) were used to quantify cell composition, immune checkpoints, CD8+ T-effector signature, epithelial–mesenchymal transition (EMT), angiogenesis, pan-fibroblast TGF² response signature (Pan-F-TBRS), WNT targets, DNA damage repair, mismatch repair, nucleotide excision repair, DNA replication, and antigen processing and presentation. The gene sets were derived from previous studies (Rosenberg et al., 2016; Şenbabaoğlu et al., 2016; Charoentong et al., 2017; Mariathasan et al., 2018) and have been summarized in a previous paper (Zhang et al., 2020a). The gene signatures of KEGG analysis were downloaded from the Molecular Signatures Database (http://www.gsea-msigdb.org/gsea/msigdb). The R package “gsea” was used.
N6-Methyladenosine Gene Signatures and m6AsigClusters
The differentially expressed genes (DEGs) were identified by pairwise comparisons of three m6AregClusters by the “limma” R package. The overlapped genes among them were defined as m6A gene signatures. Tumors were unsupervised and clustered into three m6AsigClusters by the R package “ConsensusClusterPlus” according to the expression levels of the m6A signature genes.
Immune Cell Estimation
An abundance of 22 types of infiltrated immune cells were estimated by the software CIBERSORT (Newman et al., 2015) from the transcriptome data of CRC cohorts.
Generation of m6Ascore
The m6Ascore was developed as follows: first, univariate Cox regression was performed for each m6A signature gene. Second, the dimensionality of the significant genes was reduced to two by principal component analysis (PCA) using the prcomp function in R. Third, PCA1 and PCA2 were summed up to get the m6Ascore for each patient.
Survival Analysis
Survival outcomes were compared by log-rank regression and univariable COX regression. Confounding factors of survival prognosis were analyzed by multivariable COX regression. The Kaplan–Meier method and log-rank tests were performed by the R package “survminer.” The function “surv-cutpoint” was used for the determination of cut-off values in the cohorts.
Statistical Analysis
The categorical variables were compared by Chi-square or Fisher’s exact tests. The continuous variables between the two groups were compared by t-test. The continuous variables among multiple groups were compared by one-way ANOVA or Kruskal–Wallis tests. The Benjamini–Hochberg methods were used to correct p-values for multiple testing. The survival distributions were compared by log-rank regression and COX regression. Correlations were calculated by linear regressions. The data were analyzed with the R (version 3.6.3) and R Bioconductor packages. A p-value < 0.05 was considered statistically significant.
RESULTS
Landscape of N6-Methyladenosine Regulator Gene Mutation, Copy Number, and Expression in Colorectal Cancer
According to previous reports, a total of 24 m6A regulators, including eight “writers” (METTL3, METTL14, WTAP, RBM15, RBM15B, KIAA1429, CBLL1, and ZC3H13), three “erasers” (ALKBH3, ALKBH5, and FTO), and 13 “readers” (YTHDC1-2, YTHDF1-3, IGF2BP1-3, HNRNPA2B1, HNRNPC, FMR1, LRPPRC, and ELAVL1) were included for analysis in this study (Figure 1B). A frequency of 24.11% had at least one mutation on the m6A regulators. The “readers” such as ZC3H13, YTHDC2, YTHDC1, YTHDF3, and YTHDF2 were the most frequently mutated genes, while most “writers” (except RBM15) and “erasers” were less mutated (Figure 1B). High percentages of mutation co-occurrences between 11 pairs of genes were detected (p < 0.001; Figure 1C). Most of these were “reader–writer” and “reader–eraser” co-mutations (Figure 1C). No mutation co-occurrence between “writers” or “erasers” was found (Figure 1C).
Copy number variations were significant in some m6A regulators (Figure 1D, Supplementary Figure S1). Changes of YTHDF1/3, HNRNPA2B1, IGF2BP2/3, CBLL1, KIAA1429, ZC3H13, and FTO were dominantly gains, while those of YTHDF2, ALKBH5, RBM15, METTL14, YTHDC1, HNRNPC, METTL3, and YTHDC2 were dominantly losses (Figure 1D).
The RNA levels of most m6A regulators were significantly different between normal and tumor samples, with 22 genes upregulated and ALKBH5 downregulated in tumor tissues (Figure 1E). The PCA of RNA expression distinctly distinguished tumor from normal samples (Figure 1F).
Clustering Colorectal Cancer by N6-Methyladenosine Regulators
A total of six GEO data sets (GSE17536, GSE29621, GSE33113, GSE37892, GSE38832, and GSE39582), including 1066 CRC patients, were pooled for survival analysis. About 11 of the 24 m6A regulators had prognostic roles in patients by univariate Cox regression (Figure 2A). Among them, the “erasers” ALKBH5 and FTO had a significantly high hazard ratio of death, while nine “readers” and “writers” were associated with better survival (Figure 2A).
[image: Figure 2]FIGURE 2 | Clustering of m6A regulator–based subtypes in meta-data of six Gene Expression Omnibus cohorts. (A) Hazard ratio of m6A regulators in predicting survivals in CRC patients. (B) Interaction among m6A regulators in colorectal cancer. Line colors represent positive or negative correlation, and thickness represents correlation strength. Colored circles indicate the types of m6A regulators, and circle sizes indicate prognostic ability. (C) Unsupervised clustering based on 24 m6A regulators. Three clusters, termed m6AregC1–3, were defined. (D–E) Differential biological pathways between m6A regulator–based clusters. The pathways were quantified by gene set variation analysis enrichment and compared between C1 and C2 (D) and C2 and C3 (E). (F) Abundance of tumor-infiltrating cells in three subtypes. (G) Enrichment of stroma-activated pathways in three subtypes. One-way ANOVA tests compared the three groups in (F,G). *p < 0.05; **p < 0.01; ***p < 0.001.
Based on prognostic values of m6A regulator RNA levels and their intercorrelations, a correlation network was constructed (Figure 2B). Positive correlations were prevalent among m6A regulators. The highest correlations were found between RBM15B and IGF2BP3, KIAA1429 and FTO, and YTHDC2 and IGF2BP1 (Figure 2B). Negative correlations also occurred among the three groups (Figure 2B). These indicated a cross talk between the m6A regulators.
Under unsupervised clustering, the patients were classified into three subgroups with different m6A regulator expression patterns, named m6A regulator–based Cluster 1–3 (m6ARegC1-3) (Figure 2C and Supplementary Figure S2). C1 was characterized with high expression of IGF2BP3, and C3 was characterized with overexpression of ALKBH5 and FTO and downregulation of the other regulators (Figure 2C, Supplementary Figure S3). C2 was characterized by the low expression of ALKBH5, and high levels of some readers, including FMR1, LRPPRC, HNRNPA2B1, and YTHDF1 and 3 (Figure 2C, Supplementary Figure S3). The three clusters showed different survivals, C1 and C2 showing better outcomes than C3 (Supplementary Figure S4).
N6-Methyladenosine Regulator–Based Subtypes Are Different in Tumor Microenvironment Composition
Activation of pathways within the three m6A regulator–based subtypes was analyzed by GSVA. Comparing C1 and C2, C1 was characterized by the inflammation pathways, including pattern recognition (RIG I, NOD-like, and Toll-like receptor pathways), cytotoxicity (NK cell–mediated cytotoxicity and FCγ-mediated phagocytosis), and chemokines (chemokine signaling pathway, cytokine–cytokine receptor interaction, and leukocyte transendothelial migration; Figure 2D), while C2 was characterized by metabolism (selenoamino acid metabolism, histidine metabolism, fatty acid metabolism, butanoate metabolism, and propanoate metabolism) (Figure 2D). When we compared cluster C2 and C3, C2 was still enriched in metabolic pathways (pentose phosphate pathway, purine metabolism, butanoate metabolism, citrate cycle–TCA cycle, pyruvate metabolism, and riboflavin metabolism), while C3 was characterized with cell–extracellular matrix and cell–cell connections (gap junction, focal adhesion, and tight junction; Figure 2E).
Due to the prominent differences in inflammation and ECM connections, we then used CIBERSORT to evaluate the TME composition in these subtypes. Like immune inflamed cancer, C1 showed activated DC cells, M1 macrophage, activated NK cells, activated CD4+ T memory cells, CD8+ cells, and follicular T helper cells (Figure 2F). C3 was highly infiltrated with stroma cells (endothelial cells, fibroblasts), resting cells (monocytes, M0 macrophages, resting DC cells, resting NK cells), and immune suppressive cells (M2 macrophages and regulatory T cells), representing an excluded immunity (Figure 2F). Further GSVA showed an enhanced stromal activity in C3, including signatures of angiogenesis, EMT 1–3, and pan-fibroblast TGFβ responses (Figure 2G). By contrast, C1 had the highest CD8+ T-effector signature (Figure 2G). C2 was likely immune-ignored cancer due to a lack of all types of immune and stromal cells (Figure 2G).
N6-Methyladenosine Regulator–Based Subtypes Are Related to Clinical Features
To validate and further explore the clinical features of the three subtypes, we used the GSE39582 cohort with detailed clinical and molecular information for further analyses. Unsupervised clustering with m6A regulators showed an optimal reclassification of the three subgroups (Figures 3A,B). C1 had more CpG island methylator phenotype (CIMP) status (Figure 3C). C3 had less microsatellite instability (MSI) status and more chromosomal instability (CIN) status than the other two subgroups (Figure 3B). The mutation rates of BRAF, KRAS, and TP53 were similar among C1–3 (Figure 3B). With another molecular subtype system, the Cartes d’Identité des Tumeurs classification system, C1 patients were characterized with more dMMR and fewer CIN patients, while C2 had the most CIN subtypes (Figure 3C). In addition, Kaplan–Meier revealed survival differences among the three subtypes, with m6AregC3 with an inferior prognosis (Figure 3D). The validation was also performed on TCGA, which was also divided into three clusters with survival differences (Supplementary Figure S5A and Supplementary Figure S5B).
[image: Figure 3]FIGURE 3 | Association between m6A regulator–based subtypes and tumor microenvironment composition. (A) Unsupervised clustering based on m6A regulators with n = 2 to 5 in the GSE39582 data set. (B) Clustering m6A regulators into three subtypes. Distribution of molecular subtypes (chromosomal instability, CpG island methylator phenotype, and microsatellite instability) and driver mutations (KRAS, RBAF, and TP53) were provided. (C) Distribution of genetic change types in three m6A regulator–based subtypes. (D) Kaplan–Meier curves of the three m6A regulator–based subtypes.
Generation of N6-Methyladenosine–Related Gene Signatures and Signature-Based Clusters
To define a gene signature related to the m6A regulators, we examined the DEGs among them. In total, 738 genes were shared among the DEGs by pairwise comparisons of three m6AregClusters, which were termed m6A-related gene signatures (Figure 4A). The signature genes were enriched in pathways related to RNA metabolism, validating the roles of the m6A regulators on RNA fates. They were also enriched in terms related to immunity (tumor necrosis factor, T-cell receptor signaling, innate immune responses, and antigen processing and presentation), DNA damage responses (signal transduction in response to DNA damage, regulation of responses to DNA damage stimulus, DNA recombination, nucleotide–excision repair complex, and DNA damage checkpoint), and cell cycle (e.g., cell cycle checkpoint, cell cycle arrest, and metaphase/anaphase transition of cell cycles; Figure 4B). These indicated that immunity, DNA damage responses, and cell cycles might be regulated by m6A modification.
[image: Figure 4]FIGURE 4 | Construction of m6A signature–based clusters. (A) Overlaps of differential expression genes among the three m6A regulator–based subtypes. (B) Gene Ontology enrichment of the m6A signature genes. (C) Clustering patients based on m6A signature genes into three subtypes termed m6AsigC1–3. (D) Alluvial diagram connecting m6AregClusters, m6AsigClusters, gene mutation subtypes, and m6Ascores. (E) Kaplan–Meier curves of the three m6A signature–based subtypes. (F) Expression levels of m6A regulators in three m6A signature–based subtypes. (G–I) Signatures of stromal activation (G), immune activation (H), and immune checkpoints (I) in three m6A signature–based subtypes. *p < 0.05; **p < 0.01; ***p < 0.001.
To further evaluate this m6A regular–related signature, we performed further unsupervised clustering and got three m6A signature–based clusters (m6AsigC1–3; Figure 4C, Supplementary Figure S6). The three signature-based subgroups overlapped with the m6A regulator–based subgroups well (Figures 4C,D) and showed similar clinical features (Figures 4C,D). The m6AsigC1 showed superior survival outcomes than m6AsigC2 and C3 (Figure 4E). In addition, they had different expression levels of 23/24 m6A regulators (Figure 4F).
By evaluating pre-defined signatures, we found the m6AsigC1 was characterized with immune activation, with high CD8+ effector T cells (Figure 4G), transcripts of immune activation (Figure 4H), and immune checkpoints (Figure 4I). By contrast, C3 was characterized with stromal components, including angiogenesis and Pan-F-TBRS (Figure 4G).
Generation of N6-Methyladenosine Score and Its Predictive Ability of Tumor Microenvironment and Clinical Feature
To quantify m6A modification patterns, we defined an m6Ascore based on the m6A signature genes. The majority of m6AregC1 and m6AsigC1 had a low m6Ascore, while patients with high scores were mainly m6AregC2/3 or m6AsigC2/3 (Figure 4D). Correspondingly, m6AregC1 and m6AsigC1 both showed a lower median m6Ascore than the other two groups (Figures 5A,B). The m6Ascore positively correlated with stromal signatures, including endothelial cells, angiogenesis, EMT 1/2/3, Pan-F-TBRS, and fibroblasts. We found an inverse correlation with signatures of immune activation (CD8+ T, antigen processing, immune checkpoints) and DNA damage responses (DNA replication, mismatch repair, nucleotide excision repair, homologous recombination, DNA damage repair, and Fanconi anemia), suggesting that a low m6Ascore was linked with immune activation, while a high m6Ascore was linked with stromal activation (Figure 5C). Consistent with this, patients with a high m6Ascore had a low CD8+ T score but enhanced activation of the stromal pathways (Figure 5D).
[image: Figure 5]FIGURE 5 | Characteristics of m6Ascore in colorectal cancer. (A,B) m6Ascores in m6A regulator–based (A) and signature–based (B) clusters. (C) Correlations between m6Ascores and gene signatures in colorectal cancer. (D) Levels of stromal activity in patients with high and low m6Ascores. (E,F) Distribution of m6Ascores in patients with different genomic change subtypes and clinical features. (G) Kaplan–Meier curves of patients with high and low m6Ascores. (H) Forest plot showing multivariable COX results of m6Ascore and clinical features in predicting death. *p < 0.05; **p < 0.01; ***p < 0.001.
In addition, most dMMR patients had a low m6Ascore (Figure 4D) and a lower median m6Ascore than the other groups (Figure 5E). By contrast, the CSC-subtype patients had the highest m6Ascore (Figure 5E). The m6Ascore was also associated with many clinical features; younger patients (age <65 years), high AJCC stages, distal location, and pMMR were significantly associated with a higher m6Ascore (Figure 5F). By univariate analysis, patients with a low m6Ascore showed a remarkably superior survival than the m6Ascore-high group, with a hazard ratio of death of 0.2474 (95% CI, 0.172–0.3561) and p-value < 0.001 (Figure 5G). A multivariate cox regression model was also used to exclude the confounding factors for patients' survival, including chemotherapy, gender, age, stage, tumor location, MMR status, and molecular subtype (Figure 5H). The results also showed that m6Ascore is still an independent prognostic biomarker for evaluating patient outcomes, with a hazard ratio of death of 3.95 (95% CI, 2.71–5.70 and p-value < 0.001; Figure 5H).
Validation of N6-Methyladenosine Score in The Cancer Genome Atlas and Five Gene Expression Omnibus Data Sets
We then validated the prognostic value of m6Ascore in the TCGA data set. When stratifying patients by molecular subtypes, the MSI/CIMP patients showed the lowest m6Ascore, and CIN patients showed the highest m6Ascore (Figure 6A). The m6Ascore was also associated with the MSI status and tumor stages; the MSI-H and stage I/II patients had a low m6Ascore (Figure 6B).
[image: Figure 6]FIGURE 6 | Validation of m6Ascores in The Cancer Genome Atlas (TCGA) cohorts. (A,B) m6Ascores in patients with different molecular subtypes (A) and clinical features (B). (C) Genomic mutation rates of the top 20 genes in patients with high and low m6Ascores. (D) Correlation between m6Ascores and tumor mutation burdens. (E) Tumor mutation burdens in patients with high and low m6Ascores. (F) Kaplan–Meier curves of m6Ascores.
The mutation landscapes were compared between low-m6Ascore and high-m6Ascore patients (Figure 6C). Frequencies of the top 20 mutations were similar, except of KRAS, which occurred more frequently in the m6Ascore-high patients (44.7 vs. 32.6%; Figure 6C). The m6Ascore and TMB were negatively correlated (Figure 6D), with higher TMB in low-m6Ascore tumors than in m6Ascore-high tumors (Figure 6E). Patients with a low m6Ascore also showed prolonged survival compared to patients with a high m6Ascore, with a hazard ratio of death of 0.5345 (95% CI, 0.3137–0.9109) and p-value 0.014 (Figure 6F).
We further evaluated the prognostic ability of the m6Ascore in TCGA and the other cohorts (GSE17536, GSE29621, GSE33113, GSE37892, and GSE38832; Figures 7A–G) to validate its stability. The low-m6Ascore was associated with more prolonged relapse-free survival (Figure 7A) and overall survival (Figure 7B) in the combined cohorts. The area under the curve to predict 3-year and 5-year survivals was 0.719 and 0.733, respectively (Figures 7H,I).
[image: Figure 7]FIGURE 7 | Prediction values of m6Ascores in six Gene Expression Omnibus data sets. (A,B) Recurrence-free survival (A) and overall survival (B) of patients with high and low m6Ascores in six data sets. (C–G) Kaplan–Meier curves of patients with high and low m6Ascores in GSE17536 (C), GSE29621 (D), GSE33113 (E), GSE37892 (F), and GSE38832 (G). (H,I) ROC curves of recurrence-free survival (H) and overall survival (I) in six data sets.
Prediction of Immunotherapy Outcomes by N6-Methyladenosine Score
Due to the close association between the m6A status and immunotherapy biomarkers (MSI, DDR, TMB, immune checkpoints, and stromal scores), we evaluated the ability of the m6Ascore to predict responses to ICIs, using two cohorts (IMvigor210 and GSE78220), with ICI treatment. The IMvigor210 cohort included 310 PD-L1–treated patients, who were classified into three immune subgroups, including “ignored,” “excluded,” and “inflamed” (Rosenberg et al., 2016). In accordance with the former study, patients with a low m6Ascore showed higher expression of PD-L1 (Figure 8A) and lower expression of stromal signatures (angiogenesis, EMT 1/2/3, and Pan-F-TBRS; Figure 8B) than patients with a high m6Ascore. The “inflamed” patients showed a significantly higher m6Ascore than the other two subtypes (Figure 8C). Clinically, patients with a low m6Ascore exhibited more prolonged survival (hazard ratio, 0.58; 95% CI, 0.40–0.83; p-value = 0.003; Figure 8D) and a higher response rate (29.56 vs. 8.42%, Figure 8E) than patients with a high m6Ascore. Correspondingly, the patients with complete and partial responses showed a significantly lower m6Ascore than patients with stable or progressing disease (Figure 8F). The prognostic value of the m6Ascore in ICI-treated patients was also validated in GSE78220, although the differences were not statistically significant due to limited sample sizes (Figures 8G–I).
[image: Figure 8]FIGURE 8 | The ability of m6Ascore to predict responses to ICI. (A) PD-L1 expression in patients with high and low m6Ascores in the IMvigor210 cohort. (B) Stromal activation signatures in patients with high and low m6Ascores. (C) m6Ascores in the ignored, excluded, and inflamed types of tumors. (D,E) Kaplan–Meier curves (D) and response rates (E) in patients with high and low m6Ascores after treatment of ICI. (F) m6Ascores in patients with different responses to ICI. Data of (A–F) were from the IMvigor210 cohort. (G,H) Kaplan–Meier curves (G) and response rates (H) to ICI in patients with high and low m6Ascores after treatment of ICI in the GSE78220 cohort. (I) m6Ascores in patients with different responses to ICI in the GSE78220 cohort. (J) Graphic abstract of this study (top) and characteristics of the subtypes (bottom). *p < 0.05; **p < 0.01; ***p < 0.001.
DISCUSSION
m6A is a critical epigenetic mechanism for regulating tumor malignancies by promoting proliferation, migration, stemness, drug sensitivity, and resistance (Lan et al., 2021). Nonetheless, its role in TME regulation has been less studied. This needs a comprehensive analysis of both m6A and TME components simultaneously. In this study with multi-omics data, we revealed a specific pattern in co-mutation, copy number variation, and expression of m6A “writers”, “erasers”, and “readers” in the CRC samples. Molecular differences between colon and rectal cancers were not seen. In unsupervised clustering, two types of subtyping methods—m6AregCluster and m6AsigCluster—were distinct in the pathways, TME cell composition, immune phenotypes, stroma activities, and survival outcomes (Figure 8J). Based on the m6A regulator–related signatures, we also established an m6Ascore associated with molecular subtyping, MSI and DNA repair status, tumor mutation burdens, survival, and responses to immunotherapy. These results indicated a close relationship between m6A modification and anti-tumor immunity in CRC, shedding light on a future direction to evaluate and modulate TME by targeting m6A.
This connection was not unique in CRC, since such phenomenon was also found in other types of cancers, such as gastric cancer (Zhang et al., 2020a). Pan-cancer analyses also showed that the m6A regulators, mainly “writers” and “erasers,” were differentially expressed in different TME subtypes (Zhu et al., 2020). Recently, a study focusing on “readers” of RNA modification and their relationship with TME was conducted in CRC (Chen et al., 2021a). Indeed, our study found a genetic pattern of m6A regulators, especially the “readers.” For example, “reader-writer” and “reader-eraser” co-mutations were frequent, while “writer-eraser” co-mutation was not found, suggesting an important role of “readers” in tumorigenesis and potential driving ability of “writer-reader” or “eraser-reader” communications. Consistent with this, many studies revealed that “writers” or “erasers” regulate tumor malignancies in a “reader”-dependent manner (Li et al., 2019). Copy numbers of two main “erasers,” ALKBH5 (loss) and FTO (gain), were inversely related. Accordingly, their relative expression levels compared to normal tissue were also inversely related (ALKBH5 down and FTO up). The different targets and functions between them have been reported by previous studies (Wei et al., 2018). This imbalance of “erasers” might be another mechanism in CRC tumorigenesis and targeted by specific inhibitors, such as meclofenamic acid (Huang et al., 2015). In this study, we found ALKBH5 and FTO had parallel values in predicting outcomes of patients and were both highly expressed in m6AregC3, suggesting these two erasers cooperate in shaping the RNA modification patterns and impacting patients' survival.
Despite the genetic patterns that were different from normal tissues, heterogeneity of m6A regulator expressions was found among patients. By clustering with m6A regulators or m6A signature genes, three clusters were obtained. The heterogeneity has also been observed by other groups. For example, Ogino and Goel (2008), De Sousa E Melo et al. (2013), Sadanandam et al. (2013), Marisa et al. (2013), and Roepman et al. (2014) provided their classification systems to divide the CRC patients into three to six subtypes, yet being different in methodology, inclusion criteria, and interpretations (Singh et al., 2021). In 2015, a consensus of molecular subtypes of CRC was raised based on large patient cohorts and CRC was categorized into five subtypes (Guinney et al., 2015). Different from these previous subtyping methods, which mainly used mutation and epigenetics data (Singh et al., 2021), our subtyping method was based on the transcriptomic data of limited genes (22 or 738). Our method had a strong ability to predict survival outcomes, was reliable across multiple cohorts, and overlapped with other classification systems well. These findings suggest that subtyping by m6A regulators or m6A signatures was meaningful and clinically feasible.
In this era of immunotherapy, exploring immune TME is becoming a hot issue these days. The initial work on ICI in CRC showed limited success (Topalian et al., 2012). The following studies discriminate the dMMR/MSI-H patients with high responses to ICI (Chung et al., 2010; Overman et al., 2018). Combination with other therapeutic regimens, such as regorafenib, FOLFOX, or cetuximab, was also beneficial to a part of microsatellite stable (MSS) patients (Tapia Rico and Price, 2018; Eng et al., 2019; Bourhis et al., 2021). Therefore, subtyping CRC in the aspect of immune activity or TME is important for identifying “hot” tumors that may benefit from immunotherapy in MSS CRC. Becht et al. (2016) characterized the immune and stromal features of 1,388 CRC and found that they were highly correlated with the CRC subtypes. Our subgroups also have a potent ability to differentiate immune orientations. The m6AregC1 and m6AsigC1 were likely “hot” tumors, characterized by the activation of inflammation pathways, the infiltration of active immune cells, and a lack of stromal components. This subtype represents an inflammatory type of cancer that responds well to immunotherapy. The m6AregC3 and m6AsigC3 were characterized by high stroma activity, immune-suppressive cells, and resting immune cells, which might represent the immune-exclusive type and respond to immunotherapy only in case of immunity inducers, such as chemotherapy, radiation, or target therapy (Chen and Mellman, 2017). The third subtype was characterized by metabolism pathways and a lack of immune cells, thus representing the immune-ignored tumors, which might not benefit from immunotherapy and should be treated with cytotoxic and targeting medicines (Chen and Mellman, 2017). These results provide information for personalized therapy.
Besides subtyping, a scoring system to describe CRC features and guide treatment is also an interesting issue. For example, the immunoscore is a prognostic marker in CRC based on quantifying the lymphocyte populations at tumor centers and invasive margins (Bruni et al., 2020). This score correlates with neoantigen load, WNT/β-catenin signaling pathways, gut microbiota, and, most importantly, response to ICIs (Angell et al., 2020). Our m6Ascore also has a similar ability. A low m6Ascore indicated defected DNA response, high CD8+ T cells, low stromal activity, high mutation burdens, and prolonged survival. Although we do not have CRC cohorts treated with ICI, in two cohorts beyond CRC, the m6Ascore showed a prognostic value in terms of objective response, progression-free survival, and overall survival. Our m6Ascore might be used for clinical decisions as immunoscore, MSI, or RAS mutation. Signatures that predict the immune status or response to immunotherapy were also found in previous studies for CRC. For example, a STING-related prognostic score (Chen et al., 2021b) or an immune-related gene signature (Zhang et al., 2020b) has been shown to provide insights into immunotherapy. They were derived from existing gene pools. Unlike them, our m6Ascore was derived from m6A modulator–related genes. Some studies also utilized m6A regulators for signature construction. Zhang et al. (2020c) used two m6A readers, YTHDC2 and IGF2BP3, to construct a prognostic model in CRC. Jiang et al. (2021) found that an m6A-related lncRNA-based signature was associated with tumor-infiltrating immune cells. Chong et al. (2021) used a similar method to ours to construct an m6Ascore, but their study was confined to colon cancer and used fewer cohorts. These studies support our result of a close link between m6A and immune TME. Unfortunately, all these signatures were only studied by association to indirect factors favoring immunotherapy, but none were validated in the CRC-ICI cohorts.
This study also has several limitations. First, the m6A regulators were based on known genes with functions related to m6A modification. Clustering with a more comprehensive range of m6A regulators or signatures may result in better clinical values. Second, the subtyping and scoring systems were based on transcriptomic data. Methods based on PCR or immunostaining would be more feasible in clinical practice. Third, this study is retrospectively based on published cohorts. A prospective study is needed for medical translation in the future. Last, because there were no transcriptomic data from a CRC cohort with ICI treatment, we used two non-CRC cohorts for validation of m6Ascore in predicting responses to immunotherapy. Such an investigation in CRC patients would be of greater value.
In conclusion, we established a connection between m6A modification and the TME status in CRC. The m6A-based subtyping and scoring systems stratified CRC patients with different tumor immunity, molecular features, and clinical outcomes and have potential clinical implications in clinical decisions.
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Gliomas are primary intracranial space lesions with a high mortality rate. Current treatments for glioma are very limited. Recently, immunotargeted therapy of the glioma microenvironment has been developed. Members of the 70 kDa heat shock protein (HSP70) family are involved in the development of many tumors and immunity. HSPA6 protein belongs to the HSP70 family; However, the biological function of this protein in gliomas has yet to be evaluated. In the present study, a range of analyses, involving protein networks, survival, clinical correlation, and function, revealed that the expression of HSPA6 was negatively correlated with clinical prognosis and closely associated with immunity, invasion, and angiogenesis. Quantitative protein analysis confirmed that HSPA6 was expressed at high levels in patients with glioblastoma. Vitro experiments further verified that HSPA6 enhanced the malignant progression of glioma cells by promoting proliferation, invasion and anti-apoptosis. We also found that HSPA6 was closely correlated with genomic variations and tumor microenvironment. Collectively, we demonstrated that HSPA6 may represent a new therapeutic target to improve the prognosis of patients with gliomas.
Keywords: gliomas, heat shock protein family A member 6 (HSPA6), malignancy, experimental validation, tumor immune microenvironment
INTRODUCTION
Gliomas are derived from a group of neuroepithelial tumors that are collectively known as brain gliomas and account for the vast majority of primary brain tumors, the most common form of primary intracranial tumors (Ostrom et al., 2014). The grading system developed by the World Health Organization (WHO) classifies gliomas from grade I (the least malignant and associated with the best prognosis) to grade IV (the most malignant and associated with the worst prognosis); of these, glioblastoma has the highest degree of malignancy and mortality (Weller et al., 2015; Jiang et al., 2016; Zhang et al., 2019). Currently, the most dominant treatments include surgery, temozolomide-targeted chemotherapy, and radiotherapy; however, the clinical prognosis of undergoing treatment for patients with these modalities is not satisfactory (Stupp et al., 2017). The investigation of gene/protein regulatory networks and immunopathological mechanisms may identify novel molecular targeting and immunotherapeutic methods for glioma (Eckel-Passow et al., 2015). Therefore, the discovery of new and effective treatments for glioma still remains an unprecedented challenge.
When heat shock proteins (HSPs) were first discovered in the salivary gland cells of drosophila in 1962 (Ritossa, 1962), they represent a widely distributed and highly conserved family of proteins that are usually expressed under a variety of physiological and stressful conditions, including carcinogenesis. According to molecular weight, the superfamily of HSPs can be divided into HSP110, HSP90, HSP70, HSP60, HSP40, and a family of small HSPs (Carper et al., 1987; Lindquist and Craig, 1988). Particularly, the ability of the HSP70 family to protect cells against stress (Beere and Green, 2001; Daugaard et al., 2007; Yang et al., 2012) is so efficient that they represent the most prominently conserved family (Oehler et al., 2000). Among humans, a total of 15 members of the HSP70 family have been detected at different sites, thus suggesting a range of biological functions that are location-specific (Daugaard et al., 2007; Rosenzweig et al., 2019). HSP70s are highly expressed in many tumors and promote the progression of malignancy by inhibiting apoptosis, evading cellular senescence-mechanisms, disturbing immunity, and promoting angiogenesis (Albakova et al., 2020). HSP70 proteins are highly expressed in a wide range of malignant cancers and are negatively correlated with a poor clinical prognosis (Calderwood et al., 2006). Beaman et al. (Beaman et al., 2014) proved that the expression of HSP70 genes and proteins were positively correlated with glioma grade. However, the mechanisms that mediate the effects of HSP70 family members on glioma remain unknown.
While investigating potential prognostic markers for human glioma, Sun et al. (Sun et al., 2020a) constructed a protein-protein interaction (PPI) network and found that nine heat shock proteins (DNAJA4, DNAJC6, DNAJC12, HSPA6, HSP90B1, DNAJB1, DNAJB6, DNAJC10, and SERPINH1) were differentially expressed; of these, only HSPA6 belonged to the HSP70 family. Other studies indicated that HSPA6 may have an inhibitory effect on bladder cancer (Shin et al., 2017), lung cancer (Wang et al., 2020a), and triple-negative breast cancer (Hahm et al., 2021; Shen et al., 2021), while may be relevant to the early recurrence of human hepatocellular carcinoma (Yang et al., 2015). However, the functional effect of HSPA6 in the progression of glioma remains unclear. In another study, Wang et al. confirmed that the expression of RAB34 conferred a poor prognosis in high-grade glioma patients; furthermore, HSPA6 was positively correlated with the expression of RAB34 (Wang et al., 2015). Therefore, we hypothesized that HSPA6 may be a reliable prognostic biomarker for gliomas.
In this study, we reconfirmed the core role of HSPA6, a member of the HSP70 family, by constructing a PPI network. To further predict the prognostic significance of HSPA6 in gliomas, bioinformatics analysis was performed on three different independent cohorts, including The Cancer Genome Atlas (TCGA), the Chinese Glioma Genome Atlas (CGGA), and the GSE16011 dataset. Survival analysis showed that the subgroup of patients of high levels of HSPA6 expression had a shorter survival time. This result indicated that HSPA6 may represent a biomarker of poor prognosis for patients with glioma and was further confirmed by analysis of time-dependent receiver operating characteristic (ROC) curves and area under the curve (AUC) values. By analyzing the clinical data, we detected relationships between HSPA6 expression and isocitrate dehydrogenase (IDH) mutations, 1p19q co-deletion, grade, gender, and age. These clinically relevant indicators were significant in both univariate cox regression analysis and multivariate cox regression analysis. Gene Ontology-Biological Process (GO-BP) analysis, Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis, and Gene Set Variation Analysis (GSVA), further suggested that HSPA6 was mainly correlated with immunity, invasion, and angiogenesis. Compared with para-carcinoma tissues, HSPA6 protein was highly expressed in clinical samples of glioma. Furthermore, functional in vitro experiments verified the effect of HSPA6 in glioma cells and its possible pathway mechanism. Finally, comprehensive analyses revealed significant differences in genomic variation, tumor-infiltrating immune cells (TIICs), different tumor microenvironments (TMEs), immune checkpoint (ICP) expression levels, when compared between patients with low and high expression levels of HSPA6.
METHODS
Figure 1 depicts a flow diagram that describes the overall research process.
[image: Figure 1]FIGURE 1 | Flow diagram illustrating the study design.
Dataset Acquisition and Pre-Processing
We downloaded all databases featuring patients with gliomas from the TCGA (https://portal.gdc.cancer.gov/) and CGGA (www.cgga.org.cn/) databases. We also downloaded information from a microarray dataset (GSE16011) from the Gene Expression Omnibus (GEO; www.ncbi.nlm.nih.gov/geo/) database. The inclusion criteria for glioma samples were as follows: 1) patients with WHO grade II, III, or IV glioma, 2) patients diagnosed with glioma with OS of more than 30 days, 3) patients with expression data, and 4) patients with primary glioma. After filtering, we acquired 1810 glioma samples (TCGA, n = 608; CGGA, n = 965; GSE16011, n = 237). The clinical classifications for the 1810 patients with glioma are shown in Supplementary Table S1. We transformed the transcripts per kilobase million (TPM) values from RNA-sequencing data, and robust multichip averaging analysis (RMA)-processed values from the GSE16011, by log2 to allow easier comparison. In addition, somatic mutations and frequency data were processed by the maftools package within R (www.r-project.org/). The GISTIC algorithm was taken to process amplification and deletion of copy number variation (CNV) data (Mermel et al., 2011). In total, 29 immune-associated gene sets, and 28 key ICPs, as based on the methods described by Auslander (Auslander et al., 2018).
Six paired frozen specimens, along with para-carcinoma tissues, were acquired from surgical patients with gliomas at The Second Affiliated Hospital of Nanchang University between 2016 and 2021.
Protein Network Construction
We generated a protein-protein interaction (PPI) network for the HSP superfamily; this network featured 182 members (Supplementary Table S2). Next, we analyzed the HSP70 family, and HSPA6, by applying STRING version 11.5 and Cytoscape software (Otasek et al., 2019). To further investigate the core role of HSPA6 within the HSP70 family, we calculated the top 10 networks through using CytoHubba tool in Cytoscape; these were ranked by the MCC method.
Clinicopathological Characteristics
On the grounds of the median expression level of HSPA6 in the three cohorts, patients with gliomas were separated into groups exhibiting low and high of HSPA6 expression levels. The Kaplan-Meier method was used to perform survival analysis and evaluate the outcomes of patients with gliomas in both the low and high expression subgroups; two parameters were generated: overall survival (OS) and progression-free survival (PFS; only for the TCGA cohort). ROC curves and AUC values were utilized to evaluate the predictive accuracy of HSPA6 expression across the three cohorts. Next, we exploited the survival package in R to perform univariate Cox regression analysis of five clinical factors (age, gender, grade, 1p19q co-deletion, IDH mutations), and HSPA6 expression, to identify key factors related to survival. Meanwhile, multivariate Cox regression analysis was utilized to differentiate the independent factors of prognosis.
Functional Enrichment Analysis
The limma package in R was utilized to distinguish differentially expressed genes (DEGs) between the glioma patients showing low and high expression levels of HSPA6 expression; DEGs were defined by a log2 (fold change) >1 and p < 0.05 (Ritchie et al., 2015). GO-BP and KEGG enrichment analyses (based on p < 0.05 and q < 0.05) were then carried out on the DEGs using the clusterProfiler, enrichplot, and ggplot2 packages in R (Yu et al., 2012). In order to identify significantly enriched pathways in the patients’ subgroups showing low and high of HSPA6 expression, we performed GSVA in the R environment, incorporating—data from c2.cp. kegg. v6.2. symbols in the Molecular Signatures Database (MSigDB) database (www.gsea-msigdb.org/gsea/msigdb/) (Hänzelmann et al., 2013). KEGG analysis identified significant pathways between the two groups of patients on the basis of an adjusted p < 0.05, a log2 (fold change) >0.1, and a false discovery rate (FDR) < 0.05.
Ethical Approval
The research protocol was approved by the medical ethics committee of the Second Affiliated Hospital of Nanchang University. We got written informed consent from all the patients with glioma.
Cell Culture and Plasmid Transfection
Several human glioma cell lines (U251, U87, U118, LN229, and T98) were purchased from the Shanghai Institute of Biosciences and Cell Resources Center (Shanghai, China). These cell lines were cultured with Dulbecco’s modified Eagle medium (DMEM, ATCC) and 10% fetal bovine serum (Gibco, United States) at 37°C and 5% CO2. When the cell density reached 70–90%, we performed transfection using Lipofectamine 3000 (Thermo Fisher, L3000075, United States). Cells were then separated into an overexpressed group, a knockdown transfection group, a negative control (NC) group, and an untreated group. The primers used to create the HSPA6 overexpression plasmid were as follows: forward, 5′-TAC​CGG​ACT​CAG​ATC​TCG​AGC​GCC​ACC​ATG​CAG​GCC​CCA​CGG​GAG​CTC-3′; reverse, 5′-GAT​CCC​GGG​CCC​GCG​GTA​CCG​TAT​CAA​CCT​CCT​CAA​TGA​TGG​GGC-3′. The HSPA6 siRNA sequence was: 5′-GCC​CGC​CTA​TTT​CAA​TGA​CTC-3′.
Western Blotting
Proteins from cells and tissues lysates were extracted with radioimmunoprecipitation (RIP) assay buffer (Solarbio, Beijing, China) containing proteinase inhibitors. The primary antibodies were HSPA6 (1:1000, DF8465 affinity Biosciences Ltd., China), the PI3K (1:2000, 67071-1-Ig, Proteintech, China), AKT1 (1:1000, 10176-2-AP, Proteintech), pAKT1-S473 (1:2000, 66444-1-Ig, Proteintech), pAKT1-T308 (1:1000, #4056S, Cell Signaling Technology, United States), and glyceraldehyde-3-phosphate dehydrogenase (GAPDH) (1:20000, 60004-1-lg, Proteintech, Wuhan, China). Then, 10% sodium dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) was utilized to separate the proteins which were then transferred onto a 0.22 μm PVDF membrane (Millipore, MA, United States). Next, the membranes were blocked with 5% skimmed milk. Subsequently, the membranes were incubated with primary antibodies overnight at 4°C followed by appropriate secondary antibodies (anti-rabbit antibody, 1:5000, SA00001-2; anti-mouse antibody, 1:5000, SA00001-1; Proteintech, Wuhan, China). Finally, the membranes were incubated with enhanced chemiluminescence (ECL) substrate (Thermo Fisher Scientific, MA, United States) and developed with GV6000M imaging system (GelView 6000pro).
Quantitative Real-Time PCR and RNA-seq
Total RNA was extracted from cells with the Simply P Total RNA Extraction Kit (Bioflux, Beijing, China) and reverse-transcribed to synthesize cDNA with HiScript III-RT SuperMix for qPCR (Vazyme, Nanjing, China). The ChamQ Universal SYBR qPCR Master Mix (Vazyme, Nanjing, China) was used for qPCR. The primer sequences were as follows: the forward HSPA6 primer was 5′-CGT​GCC​CGC​CTA​TTT​CAA​TG-3′, the reverse HSPA6 primer was 5′-AAA​AAT​GAG​CAC​GTT​GCG​CT-3′; the forward GAPDH primer was 5′- GAA​CGG​GAA​GCT​CAC​TGG-3′, and the reverse GAPDH primer was 5′- GCC​TGC​TTC​ACC​ACC​TTC​T-3′. RNA samples were sequenced and analyzed by Shanghai Majorbio Biotechnology Co., Ltd. and Shanghai Jiayin Biotechnology Co.; Ltd. RNA-seq transcriptome library was prepared following TruSeqTM RNA sample preparation Kit from Illumina (San Diego, CA, United States) using 1 μg of total RNA.
Wound‐Healing Assay
5 × 105 cells were cultivated per well on six‐well plates using the medium described above; the plates were covered and incubated overnight. The following morning, the cells were scratched in the middle of the cell plate with the tip of a 200 μl sterile spear to form artificial wounds. After washing with phosphate‐buffered saline, the medium was replaced with a serum-free medium. At 0 and 24 h, images of the wound‐healing process were photographed with an inverted Leica microscope with a ×10 objective lens. The width of the scratch edge was compared at different time points.
Cell Proliferation Assays
Cell Counting Kit-8 (CCK-8) assays were used to detect cell proliferation. In total, 5 × 103 viable cells were cultivated per well on 96‐well plates in a final volume of 100 μl DMEM containing 10% FBS. After 1–4 days of incubation, 10 μl of CCK8 (Beyotime, C0037, China) was added and incubated for 4 h. Then, the absorbance values of the plates were measured at a wavelength of 450 nm.
Transwell Migration and Invasion Assays
Transwell chambers (Corning, United States) were used to execute migration and invasion assays. First, the chambers were covered with 500 μg/ml of Matrigel (Corning, 356234 United States). Then, 5 × 105 cells were added to each well and cultured with 200 μl of serum-free medium. Then, the lower chamber of the Transwell was covered with 600 μl of DEME with 10% fetal bovine serum. After 24 h of incubation, the non-invasive cells on the upper surface of the chambers were wiped away with a cotton swab. The chambers were then fixed with 4% paraformaldehyde (Solarbio, P1110, China) for 30 min, dyed with Crystal Violet stain (Solarbio, G1075, China) 30 min, and then imaged with a Leica Microsystems D-35578 microscope (five random 200 × fields per well). The migration assay was performed in the same ways as the invasion assay, except that the bottom of the chamber did not contain Matrigel.
Flow Cytometry
A YF 647A-Annexin V and PI Apoptosis Kit (Yuheng Biotechnology Co., Ltd., Suzhou, China) was used for flow cytometry. First, the medium was gathered in a 15 ml centrifuge tube. Then, the cells were digested in trypsin-free EDTA, centrifuged with the retained medium at 300 g for 5 min at 4°C, and the supernatant was discarded. Next, the cells were resuspended and centrifuged twice with PBS under the same conditions. The supernatant was then got rid of and the cells were gently resuspended in 100 μl of binding buffer. Then, 5 μl of YF647A-Annexin V and 5 μl of PI were mixed to each tube and incubated at 24°C in the dark for 15 min. At last, the experiment was detected with a CytoFLEX LX system (Beckman Coulter, United States); data were analyzed with CytExpert software.
A Comparison of CNV and TMB Between Patients With Low and High Expression Levels of HSPA6
The RCircos tool was used to identify and visualize meaningful genomic amplifications and deletions (Zhang et al., 2013). Maftools and GenVisR were used to calculate and compare mutation categories, and the frequencies of mutant genes, between groups of patients with low and high expression levels of HSPA6 (Skidmore et al., 2016; Mayakonda et al., 2018). Considering that this is a newly developing biomarker for immunotherapy, we compared the tumor mutational burden (TMB) between the two different subgroups of HSPA6 expression. In addition, the correlations between CNV for HSPA6 and six TIICs were investigated employing the Tumor Immune Estimation Resource (TIMER).
Single Sample Gene Set Enrichment Analysis
The enrichment of 29 TIICs in the tumor microenvironment (TME) was quantitatively analyzed by single sample gene set enrichment analysis (ssGSEA). To further detect the association between HSPA6, TME, and TIICs, we used the corrplot package. The ssGSEA algorithm was then exploited to estimate the abundance of each TIIC.
Immune Checkpoint Analysis
We identified 28 immune checkpoints (ICPs) from the existing literature (Auslander et al., 2018). To investigate the correlations between the expression of HSPA6 and these 28 ICPs, we used Sanger box (http://sangerbox.com/Tool). In addition, we investigated the correlation between paired immune checkpoints (PD1, CD274, PDL2; CTLA4, CD80, and CD86) and HSPA6 expression.
Statistical Analysis
Comparisons between two groups were calculated by the student’s t-test. Comparisons between three or more groups were computed by the Kruskal–Wallis test. Clinicopathological correlation analysis was performed with Pearson’s Chi-squared test. Kaplan-Meier analysis and Cox regression were performed for univariate and multivariate prognosis analyses, respectively. Two-sided tests were used for all statistical analyses and all analyses were carried out with GraphPad Prism 8 (GraphPad Software, Inc.), SPSS Statistics, version 25 (IBM, United States), and R programming, version 4.0.3. p < 0.05 was regarded as being statistical significance. All the vitro experiments were performed independently and in triplicate.
RESULTS
HSPA6 may be a Poor Prognostic Biomarker for Patients With Glioma
A total of 182 members of the HSP superfamily exist in the human genome. We employed Cytoscape to construct a PPI network for members of the HSP superfamily and found that HSPA6 is directly or indirectly associated with 47 family proteins (Supplementary Figure S1A). According to the correlation score (Supplementary Table S3), the core network map showed that the core function of HSPA6 protein ranked sixth in the HSP70 family (Figure 2A). We also found several chaperone proteins of the BAG family that were associated with HSPA6 (Figure 2B). Patients with gliomas were split into low and high subgroups based on their median expression level of HSPA6 in the TCGA. Survival analyses showed that HSPA6 may be a poor prognostic biomarker for OS and PFS (Figures 2C,E). Similar trends were identified for the CGGA and GSE16011 cohorts (Supplementary Figures S1B,D). Furthermore, the AUCs for 1-, 3-, and 5-year OS were 0.803, 0.788, and 0.747, respectively; while the AUCs for 1-, 3-, and 5-year PFS were 0.745, 0.721 and 0.667, respectively (p < 0.01 for all) (Figures 2D,F). In the CGGA cohort, the AUCs for 1-, 3-, and 5-year OS were 0.714, 0.765, and 0.768, respectively. In the GSE16011 dataset, the AUCs for 1-, 3-, and 5-year OS were 0.751, 0.817, and 0.738 (Supplementary Figures S1C,E).
[image: Figure 2]FIGURE 2 | HSPA6 may be a poor prognostic and predictive biomarker for patients with glioma. (A) A core gene map for the HSP70 family network was constructed by using Cytoscape. Increasing red coloration indicates a stronger core. (B) A PPI network for HSPA6 was constructed by Cytoscape. (C,E) Kaplan‒Meier overall survival (OS) and progression free survival (PFS) curves for glioma patients in accordance with HSPA6 expression in The Cancer Genome Atlas (TCGA) cohort. (D,F) Time-dependent receiver operating characteristic curves for the prognostic model in the TCGA cohort (for predicting 1-, 3-, and 5-year overall OS and PFS). (G) Variance analysis of HSPA6 expression with regards to various clinical traits [IDH, 1p/19q, grade, gender and age] in the TCGA cohort. (H) Relationship between HSPA6 expression and the clinical features of gliomas. ***p < 0.001. (I) Univariate and multivariate cox regression analyses based on clinical features (HSPA6, age, gender, grade, 1p/19q and IDH) in the TCGA cohort (p < 0.05). Risk factor: hazard ratio (HR)>1; protective factor: HR < 1.
Therefore, the correlation between HSPA6 expression and clinical factors (IDH, 1p/19q, grade, gender, and age) were investigated in the three cohorts. As shown in Figures 2G,H, in the TCGA cohort, the clinical traits differed significantly between patients with high levels of HSPA6 expression and patients with low levels of HSPA6 expression (p < 0.001), except for gender in the TCGA cohort. Similar presentations were also obtained in the CGGA and GSE16011 cohorts (Supplementary Figures S2A,B,E,F).
Moreover, Univariate and multivariate Cox regression analyses displayed that HSPA6 was meaningfully statistical significance (p < 0.05) which was associated with clinical outcome in patients with gliomas in the three cohorts (Figure 2I and Supplementary Figures S2C,F). Collectively, these results suggested that HSPA6 may be an independent but poor prognostic biomarker for patients with glioma.
Function Annotation of HSPA6-Related Genes
To further investigate the mechanisms undergoing how HSPA6 may be associated with the outcome of patients with glioma, we identified DEGs by comparing subgroups with low and high expression levels of HSPA6 in the three cohorts (FDR <0.05 and log2Fold Change >1) using the Wilcoxon rank sum test. We identified 1669 DEGs in the TCGA cohort (Supplementary Table S4), 1114 in the CGGA cohort (Supplementary Table S5), and 581 in the GSE16011 cohort (Supplementary Table S6). All significant DEGs are shown in the heatmap in Figure 3A. GO enrichment analysis showed that these DEGs were closely associated with immune regulation, cell adhesion, and angiogenesis (Figure 3B). Similarly, KEGG enrichment analysis identified pathways associated with immune pathways, adhesion, and tumorigeneses, such as antigen processing and presentation, ECM receptor interaction, and the p53 signaling pathway (Figure 3C). Similar functional annotations were also verified in the TCGA and GSE16011 cohorts (Supplementary Figures S3A,B).
[image: Figure 3]FIGURE 3 | Functional annotation of subgroups with high and low expression levels of HSPA6. (A) Differentially expressed genes (DEGs) between the subgroups of patients with low and high HSPA6 expression were identified by the Wilcoxon rank sum test in the TCGA cohort (FDR < 0.05 and log2Fold Change >1) cohort. (B,C) GO (Gene Ontology) and KEGG (Kyoto Encyclopedia of Genes and Genomes) enrichment analysis for DEGs (p < 0.05 and q < 0.05). There were 1669 DEGs in the TCGA cohort. (D) GSVA (Gene Set Variation Analysis) in the TCGA cohort, Chinese Glioma Genome Atlas (CGGA) cohort, and GSE16011 cohort, as determined by Gene Expression Omnibus (red = high score, blue = low score).
In addition, we conducted GSVA to investigate the potential pathways associated with the low and high subgroups of HSPA6 expression in patients with gliomas. When comparing the three cohorts, we found that the subgroup with low expression levels of HSPA6 was closely related with tumor metabolism-related mechanisms, such as beta-alanine, pyruvate and propanoate metabolism. The subgroup with high expression levels was associated mainly with the development of tumors, cancer-related signaling pathways, and immune responses, such as apoptosis and focal adhesion, antigen processing and presentation, and the Jak-Stat and P53-signaling pathways (Figure 3D). These results indicated that HSPA6 is closely related to immune regulation in patients with glioma.
In Vitro Investigations of HSPA6
We acquired glioma samples from six patients undergoing surgery in the Second Affiliated Hospital of Nanchang University. The expression levels of HSPA6 proteins were much higher in the glioma tissues compared with matched para-cancerous tissue. (Figure 4A). To further verify the association between HSPA6 expression and the malignant progression of glioma, we inspected the differential expression of HSPA6 in these glioma cell lines. We found that HSPA6 expression was the lowest in U251 cells and the highest in U118 cells (Figure 4B). To further investigate the function of HSPA6 in U251 and U118 cells, we constructed plasmids to overexpress and knockdown HSPA6 in U251 and U118 cells, respectively. Q-PCR and western blotting (WB) confirmed that HSPA6 expression in U251 cells transfected with the overexpression plasmid was significantly higher than in the control and untreated cell groups (p < 0.05, Supplementary Figures S4A,B). The same methods also proved that HSPA6 expression in U118 cells transfected with the knock-down plasmid was significantly lower than in the control and untreated cell groups (p < 0.05, Supplementary Figures S4C,D).
[image: Figure 4]FIGURE 4 | Expression verification of HSPA6 in clinical brain tissues and different glioma cell lines and experimental validation of HSPA6 in U251 and U118 cells. (A) Western blot showing HSPA6 expression in six paired glioma tissues and matched para-carcinoma tissues from the same patient. HSPA6 protein expression levels were quantified by ImageJ software. (B) Western blot of HSPA6 expression in different glioma cell lines. HSPA6 protein expression levels were quantified by ImageJ software. (C) Cell scratch test to detect the migration ability of U251 and U118 cells which had been transfected with Vector-NC or Vector-HSPA6 and the sh-NC or sh-HSPA6 plasmids. The width of the wound was photographed under a microscope (magnification, 100x). (D) Cell Counting Kit-8 (CCK-8) assays were used to detect the proliferation of U251 and U118 cells which had been transfected with Vector-NC or Vector-HSPA6 and the sh-NC or sh-HSPA6 plasmids. (E) Transwell assays of U251 and U118 cells which had been transfected with Vector-NC or Vector-HSPA6 and sh-NC or sh-HSPA6 plasmids. Representative photographs (magnification, 200×) of migratory or invading cells on the membrane coated with or without Matrigel. Quantitative analysis of Transwell assays was performed by ImageJ software. (F) Flow cytometry detection of apoptosis in U251 and U118 cells which had been transfected with Vector-NC or Vector-HSPA6 and sh-NC or sh-HSPA6 plasmids. The proportion of apoptotic cells was equal to the sum of the proportion of early and late apoptosis. Data are expressed as the mean ± SEM from three independent experiments, *p < 0.05, **p < 0.01, ***p < 0.001.
Next, a range of functional experiments were undertaken to investigate the connection between HSPA6 expression and the degree of malignancy in glioma cells from different treatment groups. Wound healing assays revealed that the migration capacity of the U251 Vector-HSPA6 group was significantly enhanced and the ability of the U118 sh-HSPA6 group was significantly reduced when compared to the control group (Figure 4C). CCK-8 assays further showed that the proliferative capacity of the U251 Vector-HSPA6 group was significantly promoted while the proliferative capacity of the U118 sh-HSPA6 group was significantly reduced when compared to the control group (p < 0.05, Figure 4D). Transwell assays showed that those capacities of the U251 Vector-HSPA6 group were significantly improved and that the migration and invasion capacities of the U118 sh-HSPA6 group were significantly reduced when compared to the control group (*p < 0.05, **p < 0.01, ***p < 0.001, Figure 4E). Flow cytometry analyses also disclosed the apoptotic cell ratio of the U251 Vector-HSPA6 group was significantly declined and that the apoptotic cell ratio of the U118 sh-HSPA6 group was significantly ascended when compared to the control group (p < 0.005, Figure 4F).
In order to further study the related pathway mechanism of HSPA6 in glioma cell lines, the differential gene pathway enrichment was analyzed by RNA sequencing after HSPA6 overexpression in the U251 cell line. The result also indicated that HSPA6 was closely related to tumor cell immunity, proliferation, and apoptosis, such as antigen processing and presentation and PI3K-AKT signaling pathways (only top ten, Supplementary Figure S4E). It is often known that PI3K activates or inhibits a series of downstream substrates such as apoptosis-related proteins (Bad and Caspase9) after phosphorylation of AKT, thus regulating cell proliferation, differentiation, apoptosis, migration, and other phenotypes. Western blotting confirmed that the expression of PI3K and pAKT (Ser473 and Thr308) in the HSPA6 overexpressed U251 cell group were significantly higher than those in the control group, while the total protein expression of AKT basically changed little (Supplementary Figure S4F). Collectively, these results indicated that HSPA6 may influence the degree of malignancy in glioma cells by interacting with PI3K-AKT signaling pathway.
Differences in Genomic Variation Between the Two Subgroups
In view of the obligatory function of genomic variation in immune cell infiltration and tumor immunoregulation, CNV and somatic mutation were used to identify distinguishing genomic alterations in the subgroups showing differential HSPA6 expression. Both the amplification and deletion frequency of CNV was significantly higher in the subgroup with high expression levels when compared to the subgroup with low expression levels. (Figure 5A). Next, we created a “waterfall” map of somatic mutations; this revealed that each subgroup possessed genes with different mutations. The proportions of patients in the subgroup with high expression levels of HSPA6 with mutations in IDH1 (28%), ATRX (18%), PTEN (20%), TTN (19%), and EGFR (20%) was significantly different from those in the subgroup with low expression levels of HSPA6. (p < 0.01), whereas the frequency of TP53 was similar between the two subgroups. (Figures 5B,C). In addition, the subgroup with high expression levels of HSPA6 tended to have a significantly higher TMB (p < 0.0001, Figure 5D). Finally, three of the six types of TIIC were found to be associated with HSPA6 CNV in patients with low grade gliomas (LGGs) and glioblastoma (GBM) (Figure 5E). Collectively, these results implied that patients with gliomas with high expression levels of HSPA6 exhibited a special immunological reaction.
[image: Figure 5]FIGURE 5 | Genomic variations of subgroups with low and high HSPA6 expression and associations between HSPA expression and tumor-infiltrating immune cells (TIICs). (A) Left: Circos plots illustrating amplification and deletion in the two subgroups. Right: A significant difference was detected in copy number variation (CNV) frequencies between two subgroups. (B,C) Waterfall plots illustrating the somatic mutations of 14 genes in tumors from the two subgroups. (D) Differential tumor mutational burden (TMB) between the two subgroups. (E) Associations of HSPA6 CNV with six types of TIICs. *p < 0.05; ***p < 0.001.
The Role of HSPA6 in Immune Cell Infiltration and Potential Responses to Immunotherapy
Significant correlations of HSPA6 expression with 29 immune-associated signatures and immune correlation scores, were determined for the TCGA cohort (**p < 0.01, ***p < 0.001, Figures 6A,C). HSPA6 expression was positively associated with immune score, stromal score, and ESTIMATE score, but negatively correlated with tumor purity (Figure 6B). To investigate the correlation between immune infiltration and HSPA6 expression, we used the ssGSEA algorithm to determine the enrichment of the 23 signatures with immune. There was a significantly greater number of immune-related signatures (***p < 0.001, Figure 6D) in the subgroup of patients with high HSPA6 expression levels than in the subgroup with low expression levels. Next, we investigated the differences in expression of diverse immune checkpoints between the subgroups of glioma patients with low and high HSPA6 expression. We found that the majority of immune checkpoints differed significantly between the two subgroups (Figure 6E). Similar results were also acquired from the CGGA and GSE16011 cohorts (Supplementary Figures S5, S6). Figure 6F shows that the relative expression levels of immune checkpoint receptors and ligands in the subgroup of patients with high expression levels of HSPA6 were significantly higher than those in the subgroup with low expression levels (p < 0.001). These results imply that HSPA6 may be closely related to the immune microenvironment.
[image: Figure 6]FIGURE 6 | Different tumor microenvironment (TME) characteristics of the two subgroups in the TCGA cohort. (A–C) Correlations of HSPA6 expression with 29 immune-associated gene sets, immune score, stromal score, ESTIMATE score, and tumor purity. (D) Different abundances of TIICs when compared between subgroups of patients with low and high expression levels of HSPA6. (E) Differential analysis of several immune checkpoint (ICP) expression levels between patients with low and high HSPA6 expression levels. (F) Differential expression of different immune checkpoint receptors and ligands between the two subgroups. Correlation analysis was performed by Pearson’s correlation analysis. ns, p > 0.05, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
DISCUSSION
Gliomas are intracranial neoplasms that stem from neuroglial progenitor cells (Cheng et al., 2020). Despite different combinations of surgery, temozolomide targeted-chemotherapy, and radiotherapy, patients with glioma still have a poor quality of life and a short survival time, especially those with high-grade gliomas (Touat et al., 2017). Traditional treatments are often ineffective for patients with glioma; consequently, there is a clear need to identify effective prognostic and therapeutic agents for patients with gliomas. In our study, we explored the specific value of HSPA6 in glioma.
First, we constructed a PPI network for members of the HSP superfamily; this showed that HSPA6 is directly or indirectly associated with 47 proteins in the HSP family. This also showed that HSPA6 had complex and extensive connections with other members of the HSP superfamily. This network also identified proteins that are directly related to HSPA6, including those in the HSP superfamily, and others in the BCL-2 associated athanogene (BAG) family, including BAG1, BAG2, BAG3, and BAG5. One previous study reported that the modular structure of the BAG family members enables interaction with a variety of proteins to exert pro-tumorigenic roles (Mariotto et al., 2020). Analysis of OS and PFS analyses indicated that the subgroup of patients with high expression levels of HSPA6 had a poor prognosis when compared with patients with low expression levels of HSPA6 in the TCGA cohort. ROC curve analyses were conducted to calculate the predictive accuracy of the prognostic model in patients with gliomas. This led to the question as to what controls the expression of HSPA6 protein in patients with glioma. The association between HSPA6 expression and relevant clinical factors in patients with glioma further indicated that there were significant differences in certain clinical traits, including IDH, 1p/19q, grade, and age. Moreover, univariate and multivariate Cox regression analysis showed that HSPA6 may represent a poor but independent prognostic biomarker for glioma. These results were further verified in both the CGGA and GSE16011 cohorts.
GO and KEGG analysis of DEGs showed that HSPA6 expression was closely associated with immune regulation, cell adhesion, and angiogenesis across all three cohorts. In addition, GSVA analysis revealed that the subgroup of patients with low expression levels of HSPA6 were mainly associated with metabolism-related mechanisms, while the subgroup of patients with high expression levels of HSPA6 were mainly associated with cancer-related signaling pathways and immune responses. These results were also in line with the cancer-promoting mechanism of HSP70s, including the regulation of apoptosis pathways, tumor immunity, and the induction of angiogenesis (Albakova et al., 2020).
In recent years, there are more and more studies on HSPA6 protein in different tumors. However, the signaling pathway and mechanism of HSPA6 are still unclear in the field of cancer research. Shin et al. (Shin et al., 2017) found that HSPA6 induces phosphorylation of MAPK and AKT signals in bladder cancer cells and inhibits transcription factor related MMP-9 regulation to act on garlic extract, thus enhancing its mediated inhibition of bladder cancer cell proliferation, migration, and invasion; Meanwhile, Wang et al. (Wang et al., 2020b) showed that the expression of ARHGEF10L can stimulate gastric cancer by promoting RhoA-Rock1-phosphorylation-ERM signal transduction, inducing epithelial-mesenchymal cell transformation (EMT) and increasing HSPA6 expression.
We also verified that HSPA6 protein was expressed at significantly higher levels in clinical glioma specimens than in matched para-cancerous tissues. Next, we further verified the relationship between HSPA6 and the malignant progression of glioma cell lines in vitro. Interestingly, we found that the overexpression of HSPA6 accelerated the migration, proliferation, and invasion abilities of glioma cells. However, the opposite effect was observed following the knockdown of HSPA6 in glioma cells. The PI3K-AKT pathway is a critical regulatory pathway for cell proliferation and metabolism and is closely related to tumorigenesis and development (Janku et al., 2018). When receptor tyrosine kinases and G protein-coupled receptors are activated, PI3K phosphorylates phosphatidylinositol 3,4-diphosphate to produce 3,4,5-triphosphate phosphatidylinositol (PIP3). Activated PIP3 recruits and activates AKT in the cytoplasm, which in turn affects the level of related transcription factors involved in EMT to promote cell invasion and metastasis (Wu et al., 2015). In our study, we preliminarily explored that HSPA6 may affect the malignant degree of glioma cells through interaction with the PI3K-AKT signaling pathway. These results manifested that HSPA6 may be a potentially reliable therapeutic target for patients with glioma.
A growing body of research indicates that the TME is essential for the growth and aggressive nature of gliomas (Chang et al., 2016; Qian et al., 2018; Meng et al., 2019). Over the past few years, immunotherapeutic strategies targeting ICPs has achieved promising results in multiple forms of human cancer (Boussiotis and Charest, 2018; Sun et al., 2020b). Genomic alterations can predict disease classification and the prognosis of patients with gliomas (McNulty et al., 2019). Both amplification and deletion showed that the frequency of variants in the subgroup with high HSPA6 expression levels was significantly higher than that in the subgroup with low expression levels. Furthermore, the frequency of several types of common somatic gene mutations varied in the subgroups showing low and high expression levels of HSPA6. The loss of PTEN is known to lead to metabolic abnormalities in the lipid product of PI-Kinase (PIP3), thus directly antagonizing the activation of the carcinogenic PI3K/AKT/mTOR signaling network (Álvarez-Garcia et al., 2019). When applied for clinical targeted therapy, the EGFR is usually mutated in patients with glioma (Oh et al., 2021). EGFR has been shown to be implicated in tumorigenesis as an oncogene. EGFR signaling leads to the activation of the MAPK pathway intracellularly, signaling of PI3K and src kinase and activation of STAT transcription factor (Yarden and Pines, 2012). The results indicate that the higher the expression of HSPA6, the more the number of genomic alterations, and the higher the degree of malignancy. However, glioma patients with IDH1 mutant tumors are known to have a better prognosis than those with the wild-type IDH gene (Yan et al., 2009). We also found that patients in the subgroup with higher HSPA6 levels possessed a higher TMB than those in the subgroup with low expression levels. Other researchers have already proven that some tumor patients can benefit from immunotherapy and that TMB can be used as a marker to predict the clinical response to immunotherapy (Cristescu et al., 2018).
Three of the six types of TIIC were found to be associated with HSPA6 CNV in patients with LGGs and GBMs. Previous studies showed that the degree of stromal and immune cell infiltration has a prominent effect on the prognosis of patients with tumors (Winslow et al., 2016). We generated an immune heat map that identified statistically significant correlations between HSPA6 expression and 29 immune-associated signatures and immune correlation scores, across the three cohorts. The higher the expression level of HSPA6, the higher the immune score, stromal score, and ESTIMATE score; the opposite effect was observed for tumor purity. Infiltrating immune cells are composed of microglia/macrophages, MDSCs, CD4+ T cells, regulatory T cells (Tregs), and granulocytes in the TME of gliomas. Infiltrating immune cells in the TME of gliomas consist of microglia/macrophages, CD4+ T cells, MDSCs, regulatory T cells (Tregs) and granulocytes; microglia and MDSCs are the most common factors (Gieryng et al., 2017); the presence of these factors is responsible for the inefficacious immune response in patients with glioblastoma (Marvel and Gabrilovich, 2015). HSPA6 was found to be involved in the development of cervical squamous cell carcinoma as an antigen processing and presentation gene (Qin et al., 2021). Zhang Peng et al. (Peng et al., 2021) also found HSPA6 as part of an immune signature in esophageal cancer (ESCA). Our results showed that various types of immune-associated cells had been produced in patients with glioma and that most of the immune checkpoints were significantly higher in the subgroup of patients with high expression levels of HSPA6.
Over recent years, immune checkpoint block (ICB) therapy has become a novel and effective form of treatment for various tumors (Pitt et al., 2016), particularly with regards to certain receptor molecules (CTLA-4 and PD-1). Our analyses showed that the levels of corresponding ligands (PDL1/PDL2 and CD80/CD86) were also significantly higher in the subgroup of patients with high expression levels of HSAP6. Therefore, it follows that a gaining a more enhanced understanding of the correlation between HSPA6 and immunity will inevitably yield new concepts for immunotherapy in patients with glioma.
CONCLUSION
Herein, we described the biological functionality of HSPA6 in patients with glioma for the first time and verified our findings by performing in vitro experiments. However, our study had some limitations that need to be considered. Future research should investigate the precise immune and cellular functional mechanisms of HSPA6, both in vivo and in vitro. Whether HSPA6 can be regarded as an effective target-therapeutic agent for glioma needs to be investigated further.
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Nasopharyngeal carcinoma (NPC) is an epithelial malignancy that raises public health concerns in endemic countries. Despite breakthroughs in therapeutic strategies, late diagnosis and drug resistance often lead to unsatisfactory clinical outcomes in NPC patients. The tumor microenvironment (TME) is a complex niche consisting of tumor-associated cells, such as fibroblasts, endothelial cells, leukocytes, that influences tumor initiation, progression, invasion, and metastasis. Cells in the TME communicate through various mechanisms, of note, exosomes, ligand-receptor interactions, cytokines and chemokines are active players in the construction of TME, characterized by an abundance of immune infiltrates with suppressed immune activities. The NPC microenvironment serves as a target-rich niche for the discovery of potential promising predictive or diagnostic biomarkers and the development of therapeutic strategies. Thus, huge efforts have been made to exploit the role of the NPC microenvironment. The whole picture of the NPC microenvironment remains to be portrayed to understand the mechanisms underlying tumor biology and implement research into clinical practice. The current review discusses the recent insights into the role of TME in the development and progression of NPC which results in different clinical outcomes of patients. Clinical interventions with the use of TME components as potential biomarkers or therapeutic targets, their challenges, and future perspectives will be introduced. This review anticipates to provide insights to the researchers for future preclinical, translational and clinical research on the NPC microenvironment.
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Introduction

Nasopharyngeal carcinoma (NPC) is a squamous cell neoplasm that originated from the nasopharyngeal mucosal lining, commonly found at the fossa of Rosenmüller (1, 2). In 2020, the International Agency for Research on Cancer (IARC) reported 133,354 incidences of NPC globally, which accounted for 0.7% of all cancers diagnosed (Figure 1A) (4). Intriguingly, NPC demonstrated a remarkable geographical distribution, where over 77% of NPC incidences were found in Eastern and South-Eastern Asia (Figure 1B). In South-Eastern Asia, NPC ranked the 10th most common cancer among the entire population (Figure 1C) (3). Brunei had the highest age-standardized incidence rate of NPC (13.35 per 100,000 in males; 6.44 per 100,000 in females), followed by Maldives (10.67 per 100,000 in males; 3.3 per 100,000 in females), Indonesia (10.71 per 100,000 in males; 3.03 per 100,000 in females), Malaysia (9.53 per 100,000 in males; 3.05 per 100,000 in females) and Vietnam (8.12 per 100,000 in males; 2.79 per 100,000 in females) (5, 6). China had an age-standardized rate of 3.0 per 100,000, whereby the incidences are more prevalent among the Cantonese-speaking population which resided in southern China, including Guangzhou province (13.9 per 100,000 in males; 5.2 per 100,000 in females) and Hong Kong (12.8 per 100,000 in males; 4.0 per 100,000 in females).




Figure 1 | Global distribution of nasopharyngeal carcinoma (A) Estimated age-standardized incidence rate (ASR; world) (B) Estimated number of new cases in different world areas. (C) Estimated number of incident cases and deaths in South-Eastern Asia. Data source: GLOBOCAN 2020 (3).



The incidence of NPC is higher in males (96,371) than in females (36,983), with a ratio of about 2 to 3:1 (4). This phenomenon can be explained by the inheritance of genetic susceptibility associated with X chromosomes, leading to male predominance in the incidence of NPC (7). Sex hormones, such as estrogen, may play a protective role against NPC in females (8). Viral infection with Epstein-Barr virus (EBV) is the most common aetiologic factor in NPC, 100% of non-keratinizing NPCs are detected with EBV infection. Several environmental factors, including dietary consumption of preserved food, and social practice such as tobacco smoking and alcohol consumption, are associated with increased risk of NPC (1, 2, 9). Taken together, EBV infection, genetic and environmental factors contribute to the pathogenesis of NPC.

The application of intensity-modulated radiotherapy (IMRT) alone or with chemotherapy for treatment of NPC significantly improves the clinical outcome of NPC patients. NPC patients diagnosed with early-stage (stage I to II) have a 5-year overall survival (OS) as high as 94% (10–12). Tragically, despite the advances in medical treatment, over 60% of newly diagnosed patients have poor clinical outcomes as they are often diagnosed at late-stage, due to non-specific clinical presentation and lack of biomarkers for early detection (12). Early manifestations of NPC, such as headache, cervical mass, nasal obstruction, and epistaxis, are non-specific, leading to a misdiagnosis rate of approximately 43%, which ultimately results in delay in treatment and poor prognosis (10). When patients are diagnosed with late-stage (stage III-IV) NPC, the 5-year survival rate declines drastically, which is lower than 80% (10). The mortality risk of patients who were diagnosed with stage IV NPC is 3.41-fold higher in comparison with those diagnosed at early-stage (13). Other challenges include locoregional or distant recurrence, which affects 20 to 30% of patients, and therapeutic resistance (1, 12). Thus, it is imperative for the development of high specificity, high sensitivity, and non-invasive laboratory tests for the diagnosis and prognosis of NPC and the development of new therapeutic strategies to reduce morbidity and mortality of the disease.

The tumor microenvironment (TME) is a specialized niche made up of resident malignant and infiltrated cells, metabolites, and extracellular matrix, characterized by its heterogeneity and complexity (Figure 2). Stephen Paget’s “seed and soil” theory suggested the preference of tumor cells (the “seed”) to grow in a favourable microenvironment (the “soil”) (14). The Tissue Organization Field Theory supported the above hypothesis by suggesting that communication between the microenvironment and cell through biophysical and biochemical cues drives phenotypic transformation of cells, which eventually leads to cancer (15). The heterogenous TME further contributes to the progression of cancer by facilitating the acquisition of a series of hallmark capabilities, including [1] sustained proliferative signaling; [2] evasion of growth suppressors; [3] apoptotic resistance; [4] immortal replication; [5] angiogenesis; [6] invasion and metastasis; [7] reprogramming energy metabolism and [8] evasion from immune surveillance, as enumerated by Hanahan and Weinberg (16). These theories open a door towards a new era of medical research targeting the TME. Since the last few decades, several efforts have been made to explore the NPC microenvironment by immunohistological analysis of NPC biopsies. With the advancement of technologies, researchers can delineate the complex TME and cellular crosstalk at single-cell resolution, thereby facilitating the development of diagnostic, prognostic, and therapeutic tools against NPC (17–21).




Figure 2 | The nasopharyngeal carcinoma tumor microenvironment. CAF, cancer-associated fibroblast; COX-2, cyclooxygenase-2; CTLA4, cytotoxic T-lymphocyte associated protein 4; DC, dendritic cell; EC, endothelial cell; ECM, extracellular matrix; EMT, epithelial-mesenchymal transition; Exo-LMP, exosome-packaged latent membrane protein; IL, interleukin; MDSCs, myeloid-derived suppressor cells; NF, normal fibroblast; NK, natural killer; PD-1, programmed cell death protein 1; PD-L1, programmed death-ligand 1; PGE2, prostaglandin E2; TGF, tumor growth factor; TNF, tumor necrosis factor; Treg, regulatory T-cell.



As a requisite in tumor initiation, progression, and metastasis, the TME components and their interplay with cancer cells offer a variety of promising targets for the development of anti-cancer therapy against NPC. This review introduces the cellular and acellular players, their roles in the NPC microenvironment, current and potential biomarkers, and therapeutic strategies targeting TME.



Components in Tumor Microenvironment

The NPC microenvironment is complex and highly heterogeneous, its components can be classified into cellular and acellular components. Cellular components include [1] tumor endothelial cells (TECs), which forms blood and lymphatic vascular networks for transportation of nutrients and oxygen, [2] cancer-associated fibroblasts (CAFs), which support tumor growth, survival, invasion, and migration, and [3] immune cells, which are involved in immune reactions in the TME (22–25). On the other hand, acellular components include the extracellular matrix (ECM), which facilitates tumor development, progression, and metastasis (26, 27).


Tumor-Infiltrating Immune Cells

The NPC microenvironment is characterized by the intense filtration of tumor-infiltrating immune cells (TIICs), which constitute 40 – 50% of the tumor mass in NPC, with EBV-negative CD3+ T-lymphocytes as the commonest infiltrate (28–30). Despite its abundance, lack of effective immune response, and the presence of immunosuppressive infiltrates such as regulatory T-cells (Tregs), M2 macrophages, and myeloid-derived suppressor cells (MDSCs) leads to immunotolerance, promoting tumor progression. TIICs can be further classified based on lymphoid and myeloid lineage. Tumor-infiltrating lymphocytes (TILs), including T-cells and B-cells, are abundant in the NPC microenvironment as a result of an immune response against EBV. On the other hand, tumor-infiltrating myeloid cells (TIMs) consist of various cell types, including mature mast cells, monocytes and macrophages, dendritic cells (DCs), and pathologically activated immature MDSCs (17, 31, 32).


Tumor-Infiltrating Lymphocytes

TILs, including T-cells and B-cells, are most predominant in the NPC microenvironment. Tumor-associated T-cells consisted of several subpopulations, namely naïve T-cells, cytotoxic T-cells (CTLs), exhausted T-cells, and Tregs (17–21). CD3+ T-lymphocytes, which are comprised of CD4+ T-helper cells and CD8+ T-suppressor cells, is the predominant lymphocytes infiltrating the NPC microenvironment. The majority of these lymphocytes express the activation marker OKT10, however, restriction on human leukocyte antigen (HLA) and T-cell receptor gene expression might contribute to tumor evasion from immune surveillance (29, 30, 33, 34). Consistent with these findings, transcriptomic studies reported that CD4+ and CD8+ T-cells clusters in NPC are highly activated and exhausted, as they co-express exhaustion markers (LAG3, TIGIT, PDCD1, HAVCR2, CTLA4, TOX) and effector molecules (GZMB, GZMK, INFG, NKG7, GNLY, and IL2) (17–21). Exhausted T-cell clusters display intermediate-to-high cytotoxic activity, implying a dynamic transitional process from activated T-cells to exhausted T-cells (17). Both intrinsic and extrinsic mechanisms are involved in the exhaustion or dysfunction of T-cells. The intrinsic mechanisms include [1] expression of inhibitory receptors, including programmed cell death protein 1 (PD-1), cytotoxic T-lymphocyte-associated protein 4 (CTLA-4), T-cell immunoglobulin and mucin-domain containing-3 (TIM-3), lymphocyte activation gene (LAG-3), B and T lymphocyte attenuator (BTLA) and T-cell immunoglobulin and ITIM domain (TIGIT), [2] decreased cytokine signaling pathways which suppresses the production of interleukin (IL)-2, tumor necrosis factor (TNF)-α, interferon (IFN)-γ and granzyme B (GzmB) in a hierarchical manner, and [3] transcription factors such as the nuclear factor of activated T-cells 1 (NFATC1) (20, 35). Extrinsic mechanisms, on the other hand, include [1] inhibitory effects exerted by regulatory cells including Treg cells, DCs, tumor-associated macrophages (TAMs), MDSCs, [2] immunosuppressive cytokines, such as transforming growth factor (TGF)-β and IL-10, and [3] interaction with major histocompatibility complex (MHC) class II-expressing NPC cells (18, 35).

Tregs are immunosuppressive cells expressing CD4+CD25highFoxp3+ markers (18, 36). Tregs mediate tumor escape from immune surveillance by [1] involvement of immune checkpoint molecules, such as PD-1 and CTLA-4, [2] secretion of cytokines, for instance, IL-10 and TGF-β, which elicits inhibitory effects on immunoreactive cell proliferation, [3] induction of T-cells apoptosis through secretion of cytotoxic perforin and GzmB or ligand-receptor interaction through Fas/FasL, [4] cell contact-dependent suppression of naïve T-cells proliferation, [5] metabolic modulation through enhancing immunosuppressive metabolites, such as indoleamine 2,3-dioxygenase (IDO), in the TME (37–39). Studies revealed enhanced expression level of LGALS1 in NPC-derived Tregs, which was reported to mediate immunosuppression by upregulation of cell-surface programmed death-ligand 1 (PD-L1) and galectin-9 (Gal-9) in head and neck cancer (18, 40). Physical or pharmacologic depletion of Tregs targeting drugs removes their suppression effect and restores EBV-specific CD8+ T-cells (41).

NK cells are the first line of defense against viral infections and neoplasms. Studies reported diminished expression of inhibitory surface receptors of NK cells, including NK group 2, member D (NKG2D), NKp30, and NKp46 as a mechanism for immune evasion. Expression of metastasis-associated in colon cancer-1 (MACC1) gene on NPC cells and enhanced level of soluble MHC class I chain-related molecular A (MICA) is correlated with the downregulation of NKG2D surface expression on NK cells, contributing to tumor progression (42–44). Moreover, the expression of inhibitory receptors such as IL-18-induced PD-1 also mitigates the anti-tumor effect of NK cells (45). Paradoxically, in a recent transcriptomic study of NPC-infiltrating cells, Gong et al. reported expression of cytotoxic genes and chemokine encoding genes in NK cells of the NPC microenvironment, indicating their role as a positive regulator of the immune response against the malignancy (17).

B-cells represent the second largest and most diverse cells in the NPC microenvironment. In particular, EBV positivity is correlated with an increase in B-cell abundance and diversity. The various phenotypes of tumor-infiltrating B-cells include memory B-cells, germinal center B-cells, plasmablast-like cells and plasma cells. B-cells are recruited into tertiary lymphoid structures by tumor-derived PD-1+ exhausted CD4+ T- cells through the CXCL13/CXCR5 axis (20, 46, 47). CD19+ B-cells positively correlated with better prognosis in EBV-positive NPC patients (48). Consistent with this finding, higher expression of B-cell-associated gene signatures such as CD79A, MS4A1, IGHD and FCRL4 favored the survival in NPC patients, suggesting potential anti-NPC immunity by NPC-infiltrating B-cells (17). In contrast, IL-10+ B-cells are immunosuppressive B-cells induced by NPC-derived miRNA-21 (49).



Tumor-Infiltrating Myeloid Cells

MDSCs, macrophages and DCs are the three major myeloid-lineage subtypes in the NPC microenvironment. Under the influence of tumors, alteration of myelopoiesis and impairment of progenitor cells differentiation leads to accumulation of MDSCs. Metabolic alteration by EBV-encoded latent membrane protein (LMP)1 enhances the secretion of IL-1β, IL-16 and GM-CSF through NLRP3 inflammasome, cyclooxygenase-2 (COX-2) and P-p65, which subsequently activates signal transducer and activator of transcription (STAT)-3 signaling pathway to induce MDSCs accumulation (50, 51). Many signature genes of MDSCs are associated with exhaustion and cell cycle arrest of immune cells, implying their role in the induction of immunosuppression through inhibition of T-cell proliferation, promotion of T-cell anergy, and induction of T-cell apoptosis (17, 51). Other than that, MDSCs directly promote NPC cell migration, invasion, and metastasis via contact-dependent induction of epithelial-mesenchymal transition (EMT) in NPC cells in vitro through upregulation of COX-2 expression and activation of β-catenin/TCF4 pathway. Clinically, HLA-DR-CD33+ MDSCs and COX-2 predict poor disease-free survival (DFS) in NPC patients (32).

Monocytes and macrophages are the most predominant cell types in TIMs, which account for around 50% of TIMs in NPC (52). Macrophages may replace T-lymphocytes in anti-tumor immune response and preventing lymphatic spread (53). Macrophages demonstrate a high degree of plasticity when exposed to signals from the TME (52). They can be classically polarized into inflammatory M1 macrophages or activated into immunosuppressive M2 macrophages (54). NPC cells induce polarization of CD163+ M2 macrophages via TGF-β1 and IL-10, which subsequently recruits Foxp3+ Tregs through induction of conversion from naïve T-cells, via TGF-β and IL-2, and chemotaxis, leading to immune escape. Tregs, in return, secrete TGF-β1 and IL-10 to promote M2 macrophage differentiation, forming a positive feedback loop that favors immune escape in NPC (55). Single-cell transcriptomic analysis via RNA sequencing reported co-expression of M1 and M2 gene signatures in NPC-derived TAMs, suggesting an M1-M2 coupled activation pattern in TMEs which gives rise to a unique phenotype that exhibits both pro-inflammatory and pro-tumoral functions (18). The potential anti-tumor capacity of NPC-derived macrophage is exhibited by its high expression of CXC chemokine ligands CXCL9 and CXCL10 which recruit CXCR3+ NK cells and CD8+ T-cells into the TME (20). In contrast, pro-tumorigenic TAMs display expression of angiogenic signature SPP1, which is typically associated with poor prognosis (31). Furthermore, exosomal miR-18a derived from M2 macrophages promote NPC progression, invasion, and tumor growth in in vitro and in vivo animal models via TGF-β signaling pathway by repression of transforming growth factor-beta III receptor (TGFBR3) (56).

DCs initiate antigen-specific immune responses by recognition and presentation of antigen to T-cells. Early studies reported the presence of T-zone histiocytes such as DCs in about half of NPC tissues, their densities significantly correlates with favorable prognosis in NPC patients, implying their role in anti-tumor immunity (57, 58). Tumor-infiltrating DCs can be immunogenic or regulatory, depending on the environmental signals. Different subtypes of DCs are present in the TME, for instance, classical dendritic cells (cDCs) and plasmacytoid dendritic cells (pDCs). The proportion of pDCs is high in NPC compared to other malignancies. pDCs are associated with favorable prognostic value, which implies their potential roles in the induction of anti-tumor immune response. Consistent with this finding, GZMB, a gene that encodes pro-apoptotic enzyme GzmB, is highly expressed in pDCs (20). On the other hand, cDCs can be further divided into three distinct subsets, including classical CLEC9A+ cDC1s and CDC1C+ cDC2s and a mature phenotype LAMP3+ cDCs. LAMP3+ cDCs can be derived from both cDC1s and cDC2s, resulting in LAMP3+ cDCs with different transcriptomic properties and might exhibit diverse functions. LAMP3+ cDCs represent a group of regulatory DCs demonstrating a high level of differentiation and apoptosis but low antigen presentation, with elevated expression of immune-suppressive related genes, such as CD274 (PD-L1), PDCD1LG2 (PD-L2), IDO1, and CD200. These cells potentially exert regulatory activities via recruitment of Tregs, secretion of immunosuppressive molecules, and ligand-receptor inhibition of T-cell activities (21, 31).

Intercellular interactions among LAMP3+ DCs, Treg cells, exhausted CD8+ T-cells, and malignant cells nurture an immunosuppressive NPC microenvironment. LAMP3+ DCs potentially recruit peripheral Tregs through C-C motif chemokine ligand (CCL)/C-C motif chemokine receptor (CCR) interactions such as the CCL17/CCR4 and CCL22/CCR4 signalling pathways. Furthermore, LAMP3+ DCs elicit suppressive activities on CD8+ T-cells via CD200/CD200R signalling and PD-L1/PD-1, leading to the exhaustion of CD8+ T-cells. On the other hand, Treg cells expressing CTLA-4 interacts with CD80/CD86 on LAMP3+ DCs, whereby the interaction might restrain the antigen presentation of DCs and promote their secretion of IDO1 to induce the proliferation of Treg cells (21).

The proportion of mast cells is relatively higher in NPC when compared to other malignancies. NPC-derived mast cells have a high anti-tumor TNF to angiogenic VEGFA ratio, implying high anti-tumor capacity, whereas mast cells in other malignancies are generally pro-tumorigenic. Hence, mast cells are correlated with a survival advantage in NPC. The anti-tumor phenotype of mast cells is possibly driven by the presence of IL1B+ macrophages via IL1B/ADRB2 ligand-receptor interaction (31, 59).




Cancer-Associated Fibroblasts

CAFs, also termed tumor-associated fibroblasts, are found abundantly in the cancer stroma. CAFs have elongated spindle morphology, displayed mesenchymal biomarkers, such as alpha-smooth muscle actin (α-SMA), platelet-derived growth factor receptors (PDGFRs), vimentin and fibroblast activation protein (FAP), and lack of genetic mutations (60, 61). The CAFs predecessors are recruited from diverse origins, which include resident tissue fibroblasts, peri-tumoral adipocytes, endothelial cells through endothelial-mesenchymal transition (EndMT), epithelial cells through EMT, bone-marrow-derived mesenchymal stem cells and haematopoietic stem cells (25, 60, 62). In NPC, extracellular vesicle-packaged EBV-encoded LMP1 can promote the activation of normal fibroblasts into CAFs via the nuclear factor-kappa B (NF-κB) p65 pathway (63). α-SMA expression in CAFs predicted an adverse prognosis in patients with NPC. A high density of CAFs is correlated with shorter OS and lower 5-year survival rates, suggesting CAF density as an independent prognostic factor for NPC patients, suggesting their role in tumorigenesis (64). Consistent with this finding, several studies reported that CAFs promote neoangiogenesis, metastasis, and therapeutic resistance in NPC (65–67).

CAFs stimulate neoangiogenesis in NPC. Genes correlated with endothelial cells abundance were highly expressed by fibroblasts, implying their potential roles in endothelial cell recruitment and angiogenesis (18). The immunohistochemical method revealed high expression of α-SMA fibroblasts in NPC stroma, together with increased intensities of the chemokine stroma-derived factor-1 (SDF-1, also known as CXCL12), a mediator of the recruitment of endothelial progenitor cells, and its receptor CXCR4 in NPC cells. Vascular endothelial growth factor (VEGF) was detected in both cancer and stromal cells, indicating secretion of a significant amount of VEGF in these cells. Prominin 1 (PROM 1, or CD133) and VEGF receptor (VEGFR)-2 double-positive endothelial progenitor cells or CD34 positive cells were observed in the stroma, suggesting tumor-associated neoangiogenesis. Statistical analyses revealed a positive correlation between α-SMA and endothelial antigens CD34, suggesting that CAFs and NPC tumor cells may enhance neoangiogenesis in a VEGF- and SDF-1-dependent manner by the recruitment endothelial progenitor cells from the bone marrow into the tumor stroma (65).

CAFs support tumor metastasis in NPC. Increased density of α-SMA-expressing CAFs at metastatic sites of NPC compared with primary sites, along with upregulation of COX-2 or prostaglandin-endoperoxide synthase (PTGS2) in CAFs, indicated the involvement of fibroblasts and COX-2 in NPC metastasis. High expression of COX-2 catalysed CAF-secreted prostaglandin E2 (PGE2), which induces EMT, thereby promoting NPC cell migration and invasiveness in vitro. Furthermore, COX-2 in host fibroblasts promotes lung metastasis and correlated with the expression of TNF-α expression in mouse models, suggesting that high expression of COX-2 in fibroblasts promotes NPC metastasis through the COX-2-PGE2-TNF-α axis. Consistent with this finding, the expression of COX-2 in CAF was positively correlated with N stage, relapse, and poor survival in patients with NPC (66).

CAFs promote therapeutic resistance and immune evasion. CAFs induced the formation of radioresistance and promoted NPC cell survival following irradiation via the IL-8/NF-κB pathway to reduce irradiation-induced DNA damage. Moreover, CAFs express immunosuppressive factor IDO1, which encodes the enzyme IDO. IDO catalyses the production of L-kynurenine (Kyn), which subsequently promote the generation or differentiation of tolerogenic immune cells by interacting with aryl hydrocarbon receptors on immune cells. High expression of IDO is inversely correlated with the density of CD3+ T-cells and predicted poor survival outcomes in NPC patients. Hence, CAFs may promote immune suppression in NPC by the expression of IDO (18, 68).

CAFs exhibit a supportive role in tumor progression through the remodeling of the ECM (25). NPC-derived fibroblasts express genes that encode ECM components, including COL1A1, COL1A2, LUM, FN1. This suggests the complexity of ECM in the NPC microenvironment and the possible interaction with tumors and stromal cells via integrin signaling, indicating integrin receptors on tumor and immune cells as potential therapeutic targets for disruption of ECM-dependent tumor progression and suppressive immunomodulation (17). Increased production and crosslinking of collagen, such as COL1A1, increase the stiffness of ECM, leading to the promotion of tumor progression through increased integrin signaling (25, 27). On the other hand, fibronectin 1 (FN1) is shown to increase migration and invasion of NPC cells by upregulation of matrix metalloproteinase 9 (MMP9) and MMP2, which are ECM-digesting enzymes mainly produced by CAFs. FN1 also suppresses NPC cell apoptosis via the NF-κB pathway by upregulation of the expression of BCL2 and P65 (25, 69). CAFs mediated directional migration of cancer cells by assembling a fibronectin-rich ECM with anisotropic fiber orientation through increased non-muscle myosin II- and PDGFRα-mediated contractility and traction forces (62, 70).



Angiogenesis, Tumor Endothelial Cells and Hypoxia

Angiogenesis, the formation of blood vessels from existing vasculature in response to a hypoxic condition, is one of the hallmarks of cancer that contributes to tumor growth, development and metastases (71). The vascular niche is associated with stem cell-like NPC at the invasive front (72). The tumor vasculature is lined internally by TECs and surrounded externally by perivascular cells. TECs are characterized by their genetic instability, which contributes to the development of distinct phenotypes that promote therapeutic resistance, tumor progression and metastasis. TECs also interact with tumor cells by secretion of angiocrine factors, contributing to tumor migration and metastasis (73, 74). Drug-resistant human microvasculature endothelial cells (HMECs) are reported to promote progression, EMT and chemoresistance in NPC through secretion of exosomes (75). In NPC, TECs demonstrated enhanced capacity to recruit CTLs and Tregs via CXCL9–CXCR3 and CXCL10–CXCR3 while simultaneously inhibiting CTLs through PDL2–PD1 interaction, suggesting their role in the mediation of an immunosuppressive niche in the NPC microenvironment (18).

Hypoxia was detected in over 80% of NPC tumors as a result of the high requirement of oxygen due to increased proliferation and metabolism. It was reported to play an important role in NPC by regulating its apoptotic activity, metastasis, angiogenesis, metabolic adaptation, and therapeutic resistance, thereby representing a potential target for the treatment of NPC. Hypoxic stress prevents cell survival by inducing the upregulation of anti-apoptotic proteins such as growth arrest and DNA-damage-inducible beta (Gadd45β) and immediate early response 3 (IER3) (76). Hypoxia promotes tumor cell migration by EMT stimulation and ECM remodeling through Notch signaling (27). Lysyl oxidase (LOX), an extracellular matrix-remodeling enzyme, was significantly upregulated in hypoxic conditions and predicted poor prognosis in patients with NPC (76, 77). In addition, hypoxia induces the upregulation of VEGF, which is responsible for neoangiogenesis. Furthermore, hypoxia mediates metabolic adaptation and acidosis in NPC (76). A metabolic shift in NPC infiltrating lymphocytes was reported to induce the exhausted phenotype of T-cells through overexpression of miR-24. miR-24 overexpression suppresses the expression of MYC and FG11 in TILs and disrupts MFN1-mediated mitochondrial fusion, thereby inducing T-cell exhaustion (78).

Various molecular signals and tumor-derived factors are involved in angiogenesis. VEGF is a pro-angiogenic factor that activates and stimulates proliferation and migration in VEGFR expressing endothelial cells. VEGF also alters vascular permeability by loosening the junctions between endothelial cells, favouring tumor intravasation (79). Besides hypoxia, increased VEGF production can be induced by EBV-encoded LMP1 through COX-2 expression in NPC cells (80). High expression of tissue VEGF is associated with reduced OS and DFS in NPC patients (81).




Intercellular Communications in Nasopharyngeal Carcinoma Microenvironment

Intercellular communication between malignant and stromal cells in the NPC microenvironment is established via paracrine mechanisms involving cytokines and chemokines, extracellular vesicles including exosomes and ligand-receptor interactions. The NPC microenvironment is primarily comprised of heavy immune infiltrates, with CD3+ T-lymphocytes as the most abundant lymphocyte infiltrates in NPC biopsies (37, 82). EBV-encoded proteins, such as LMP1, initiate immune cell recruitment by the regulation of multiple signalling pathways associated with cytokine and chemokine secretion from tumor and immune cells. Immunosuppression, mediated by cytokines and regulatory cells, facilitates malignant cells to escape from anti-tumor immune response and promotes tumor growth and progression. Tumor-derived exosomes, carrying viral proteins and immunosuppressive substances, and ligand-receptor interactions, such as PD-1/PD-L1 signalling pathway, also contribute to the construction of an immunosuppressive TME (28, 83).


Chemokines and Cytokines

EBV-infected nasopharyngeal epithelial cells construct the NPC microenvironment, which is characterized by heavy infiltration of immune cells with suppressed immune activities, by secretion of EBV-encoded products that activate several inflammatory-associated signalling pathways. A variety of cytokines, such as IL-6, IL-8, interferon-inducible protein 10 (IP-10), TNF-α, VEGF, and macrophage inflammatory protein (MIP)-3α are elevated in NPC patients (84). LMP1 recruit immune cells into the tumor site by upregulating several cytokines through NF-κB and STAT3 signaling pathways (82, 85). These include regulatory cells with immunosuppressive influence in the TME. NPC cells induce polarization of macrophage into immunosuppressive M2-like phenotype through secretion of interferon-stimulated gene 15 (ISG15) (18). EBV nuclear antigen 1 (EBNA1) induce the production of CCL20, or MIP-3α to promote chemotaxis of Tregs to the tumor site (86, 87). In addition, EBV-encoded small RNAs (EBERs) activates the toll-like receptor 3 (TLR3) pathway to produce inflammatory cytokines such as CXCL8 which recruit and activate TAMs. The inflammatory responses in NPC cells are amplified by a positive feedback loop consisting of EBER, LMP1 and NF-κB (88). Metabolic reprogramming by LMP1 leads to alteration in Nod-like receptor family protein 3 (NLRP3) inflammasome, COX-2 and P-p65 signaling pathways, which results in the release of cytokines, including IL-1β, IL-6 and granulocyte-macrophage colony-stimulating factor (GM-CSF), contributing to the expansion of MDSCs (50). Stromal cells, including TECs, can attract CTLs and Tregs via chemokine-receptor interactions such as CXCL9/CXCR3 and CXCL10/CXCR3, however, cytotoxic activities of CTLs are inhibited by PD-L2/PD1 interaction (18).

Chemokines and cytokines facilitate tumor elusion from immune surveillance. EBER, LMP1 and EBV lytic transactivator, Zta, are positively correlated with the production of IL-10. BCRF1, or viral IL-10, share immunosuppressive properties with human IL-10. IL-10 induces immunosuppressive activities by inhibition of antigen-specific T-cell proliferation, induction of T-cell apoptosis and inhibition of IFN-γ secretion from NK cells. LMP1 upregulates IL-18 and IP-10 (CXCL10), which take part in the recruitment and immunosuppression of CXCR3+ NK cells and T-cells (45, 82, 85, 89). IL-6 and TNF-α mediate the expression of IDO, which demonstrates an immunosuppressive role by suppression of T-cell proliferation and impairment of CD8+ T-cells cytotoxic activities. Pre-treatment serum levels of IL-6 and TNF-α are negatively correlated with the 2-year survival rate in NPC patients (90, 91). Increased levels of IL-18 in NPC induces NK cells exhaustion via upregulation of expression of PD-1 on NK cells (45).

Furthermore, chemokines induce metastasis and promote tumor progression. IL-8 induce EMT by activating AKT signalling, enhancing migration and invasion of NPC cells. Enhanced level of IL-8 predicts adverse OS, DFS, and DMFS of NPC patients (92).



Exosomes

Exosomes are small (30-100 nm) extracellular vesicles that originated from the plasma membrane. They are often involved in the intercellular interactions in the TME, influencing various cellular processes, including cell growth, angiogenesis, EMT, metastasis, immune tolerance, and therapeutic resistance (93). Exosomes may play a significant role in the formation of a premetastatic milieu by acting as a vehicle for tumor-derived factors that modulate pre-metastatic sites (15). Exosome contents include transcription factors, enzymes, ECM proteins, lipids, and nucleic acids, such as DNA, mRNA, and non-coding RNA. Based on their parental cells, exosomes in NPC can be classified into nasopharyngeal carcinoma-derived exosomes (NPC-Exo) and EBV-related exosomes (94–96).


NPC-Derived Exosomes

NPC-derived exosomes (NPC-Exos) [1] mediate the tumor immune microenvironment, [2] enhance angiogenesis, [3] induce EMT and [4] promotes resistance towards chemoradiotherapy as summarized in Tables 1 and 2. NPC-Exo facilitates tumor progression by promoting tumor evasion from immune surveillance. NPC-Exo carries clusters of microRNAs (miRNAs) associated with the downregulation of the MARK1 signaling pathway, including miR-24-3p, miR-891a, miR-106a-5p, miR-20a-5p, and miR-1908, leading to altered T-cell proliferation and differentiation. Hypoxia-induced exosomal miR-24-3p modulates the phosphorylation of ERK and STAT protein by repression of FG11 expression, leading to impeded T-cell proliferation, induction of Foxp3+ Tregs differentiation and inhibition of Th1 and Th17 differentiation. Low levels of exosomal serum miR-24-3p and high FGF11 expression predicts favorable DFS in NPC patients and may serve as potential prognostic biomarkers in NPC. Furthermore, NPC-Exo enhances the levels of pro-inflammatory cytokines IL-1β, IL-6 and IL-10 and reduce the levels of IFN-γ, IL-2 and IL-17 in CD4+ and CD8+ T-cells (113, 114, 125). Exosome-packaged CCL20 expands the Tregs population by promoting Tregs recruitment and conversion of conventional T-cells into inhibitory Tregs in the TME. CCL20 also enhances the suppressive effect of Tregs by inducing the overexpression of TNFRSF4, SELL, ICAM1, TBX21, CCR6, TNF, GZMB, TGFB1, IL10, IL2 and IL15, which are associated with Treg phenotype, properties, and recruitment capacity (107, 113). Moreover, exosomes also transport Gal-9, which is associated with myeloid lineage-mediated immunosuppression through regulation of the expression of pro-inflammatory cytokines for the expansion of MDSCs by attenuating STING signaling (100).


Table 1 | Exosomal content and their functions.




Table 2 | Clinical studies targeting NPC microenvironment.



Exosomes mediate angiogenesis by the transportation of pro-angiogenic and angiogenic-suppressive proteins and miRNAs, which mediate multiple angiogenesis-associated pathways (99). miR-17-5p and miR-23a are angiogenesis promoters, targeting BAMBI and testis-specific gene antigen (TSGA10) respectively (108, 109). In contrast, miR-9 inhibits angiogenesis by downregulating MDK and regulating PDK/Akt pathway.

Exosomes are also involved in the promotion of tumor invasion and metastasis. For instance, miR-301a-3p, which targets B-cell translocation gene 1 (BTG1) mRNA, promotes proliferation, migration, invasion and EMT of NPC (115). Under hypoxic condition, exosomes containing MMP13promotes metastasis by inducing EMT of malignant cells or mediating the TME by interacting with stromal fibroblasts and endothelial cells, hence promoting tumor invasion (105, 106).

Exosomes contributed to the development of resistance towards chemotherapy and radiotherapy. Taxol-resistant NPC cells can transfer dead-box helicase 53 (DDX53) into normal NPC cells to promote resistance to Taxol through upregulation of multidrug resistance 1 (MDR1) (126). circMYC is a circulating exosomal circular RNA (circRNA) associated with cell survival from radiotherapy. circMYC could sponge tumor suppressing miR-20b-5p and let-7e-5p, hence influencing their downstream targets, argonaute RISC component 1 (AGO1) and cryptochrome circadian regulator 2 (CRY2), affecting tumor progression (103).



EBV-Related Exosomes

EBV-infected NPC cells promote tumor growth by transferring viral oncoprotein such as LMP1, signal transduction molecules, and virus-encoded miRNA through exosomes (127). It is reported that recipient cells internalized exosomes derived from EBV-infected cells via caveola-dependent endocytosis (128).

LMP1 is an EBV-encoded gene product that is detected in almost all primary NPC specimens. A small amount of LMP1 facilitates tumor progression, whereas high LMP1 expression induced growth inhibition and cell apoptosis. LMP1 exerts its oncogenic activity by activating several signaling cascades including NF-κB, PI3K-AKT, ERK-MAPK, JNK, JAK-STAT and p38/MAPK signaling pathways. Activation of NF-κB and STAT3 pathway results in increase secretion of immunomodulatory molecules, for instance, IL-18 and IP-10, which recruit and suppress CXCR3+ T-cells and macrophages. LMP1 and IFN-γ upregulate immune checkpoint PD-1/PD-L1 synergistically, leading to suppression of anti-tumor activities. Furthermore, LMP1 induce the Warburg effect in NPC through upregulation of hypoxia-inducible factor (HIF)-1α and hexokinase 2, leading to enhance malignant transformation, tumor progression and resistance to radiotherapy. In addition, LMP1 facilitates metastasis by inducing EMT, through upregulation of Twist, Snail and SatB1 pathways, and remodeling of ECM, by induction of MMP9. LMP1 also promote angiogenesis, cell growth and cell survival through induction of pro-angiogenic factors, growth factors and anti-apoptotic proteins (85, 129). LMP-1 activated NF-κB induces cellular proliferation, EMT and metastasis by inhibition of tumor suppressing miR-203 (130).

EBNA1 promotes immunosuppression by converting naïve T-cells into Treg cells and promotes chemotactic migration of Treg cells by upregulating TGF-β1. Upregulation of the TGF-β1-SMAD3-PI3K-AKT-c-JUN axis induces the production of CXCL12 which recruit Treg cells by binding to CXCR4. On the other hand, TGF-β1 downregulates miR-200a, a negative regulator of CXCL12 by enhancing the SMAD3/c-Jun complex. CXCL12 also exerts an inhibitory effect on miR-200a via the c-Jun-miR-200a-CXCL12-c-JUN feedback loop (36). Enhanced CCL20 production in EBNA1-expressed tumor cells increased Tregs migration. Polarized-M2 macrophages by EBNA1 expression cells converted naïve T-cells into Tregs (86).

EBV non-coding RNAs (ncRNAs) include EBERs and miRNAs. EBERs mediate inflammatory response through interferon regulatory factor 3 (IRF3) and NF-κB signaling pathways by targeting RIG-I, leading to tumor progression. EBERs trigger MCP-1 and M-CSF which recruit macrophages into the TME and promote their differentiation into pro-tumorigenic TAMs (131, 132). EBER-1 expression was upregulated in NPC tissues, a high level of EBER-1 correlated with better prognosis in NPC patients (133). The EBV miRNA precursors are clustered in two main regions, which are Bam HI fragment H rightward open reading frame 1 (BHRF1) and Bam HI-A region rightward transcript (BART). EBV-miRNAs assist NPC progression by promotion of immune evasion, cell proliferation, inhibition of apoptosis and promotion of invasion and metastasis (134, 135).





Targeting Tumor Microenvironment in Nasopharyngeal Carcinoma: Current and Future Perspectives


Immunotherapy: Boosting T-Cell Immunity

NPC is a promising candidate for immunotherapy owing to its immunosuppressive property and expression of immunogenic EBV antigen. Several approaches which include immune checkpoint inhibitors and cellular-based immunotherapy have been employed to reinvigorate the exhausted immune cells in the NPC microenvironment (83) (Table 2). PD-1/PD-L1 axis has been exploited as a potential therapeutic target for reversing T-cells exhaustion and restoration of their anti-tumor function (136, 137). PD-1 is an immune checkpoint encoded by the PDCD1 gene and expressed on the T-cell surface, whereas PD-L1 is expressed on tumor cells and immune cells. Studies reported expression of PD-L1 in approximately 70 - 90% of NPC tissues and its prognostic significance. The difference in interpretational methods leads to inconsistency of results, suggesting the need for further large-scale study (138–141).

PD-1/PD-L1 blockade therapies with anti-PD-1 antibodies, such as nivolumab, pembrolizumab, cemiplimab and anti-PD-L1 antibodies, including atezolizumab, avelumab and duravulumab have been implicated in immunotherapy against various neoplasms (136, 137). Anti-PD-1 and anti-PD-L1 therapies are generally safer than chemotherapy, with a lower incidence of treatment-related adverse events (142, 143). Single-agent studies involving PD-L1 antibodies showed lower overall response rate (ORR), OS and progression-free survival (PFS) when compared with studies with PD-1 antibodies, likely due to alternative binding of PD-1 to PD-L2 following blockade of PD-L1. Combination therapy of chemoradiation and PD-1/PD-L1 promote a synergistic anti-tumor immunity by enhancing host recognition, elimination of tumor cells and preventing T-cell apoptosis. For instance, a phase I trial investigating anti-PD1 antibody camrelizumab achieved an ORR of 34%, whereas a combination trial of camrelizumab with gemcitabine and cisplatin achieved an ORR of 91%. In spite of that, combination therapy exhibited a higher incidence of treatment-related adverse events when compared with anti-PD-1 monotherapy, suggesting synergistic toxicity (142, 143). There is also limited anti-tumor response rate towards PD-1/PD-L1 blockade therapy. Resistance to PD-1/PD-L1 therapy involves multiple mechanisms, including low tumor immunogenicity, T-cell dysfunction by other immune checkpoint receptors and modulation by noncoding RNAs.

Strategies to overcome the challenge include the incorporation of PD-L1/PD-1 inhibitors with other anti-tumor therapy. Ongoing clinical trials propose the combination of PD-1/PD-L1 blockade with other immune checkpoint inhibitors such as anti-CTLA-4 or anti-angiogenic agents such as anti-VEGFR inhibitors as potential therapeutic strategies for NPC (144, 145). Besides that, the identification of predictive biomarkers of PD-1 inhibitors will allow the selection of appropriate patients for PD-1/PD-L1 targeted treatment (136). Other immune regulatory checkpoints, for instance, the Gal-9/TIM-3 (HAVCR2) interaction represents a promising alternative as they are prominently expressed in recurrent NPC (20, 146).

Two approaches of cellular-based immunotherapy include adoptive immunotherapy, which is the infusion of ex vivo generated activated effector cells, such as EBV-specific CTLs, chimeric antigen receptor (CAR) engineered T-cells and cytokine-induced killer cells (CIKs) (147–150). An increase in the frequency of MDSCs, and immunosuppressive cytokines, such as CCL2 and CXCL10, underlie the development of resistance towards adoptive immunotherapy. Chemotherapeutic agents, such as gemcitabine and carboplatin may alleviate the resistance by limiting the expansion of MDSCs, secretion of pro-inflammatory cytokines and depletion of immune checkpoint molecules (151). A phase II study combining chemotherapy with adoptive immunotherapy using engineered EBV-specific CTLs as first-line treatment for metastatic or recurrent NPC patients yield a satisfactory result, with a 2-year OS of 62.9% (118). On the other hand, active immunotherapy or tumor vaccines aim to enhance recognition by the immune system by the delivery of tumor-specific antigens through antigen-presenting cells or viral vectors. These include LMP2 expressing DCs and recombinant modified vaccinia Ankara vaccine (MVA-EL), which has been proved to be safe and well-tolerated (152, 153). Besides targeting EBV-encoded oncoproteins, a peptide vaccine targeting non-EBV associated tumor specific antigen, four-jointed box 1 (FJX1), was also designed in a preclinical setting (154).

Further research should consider [1] large-scale studies for the evaluation of clinical efficacy and the optimization of dosage for the above therapy; [2] combination of therapies to augment the clinical responses, for example, combining immune checkpoint blockade with adoptive T-cell therapy (155–157); [3] development of personalized immunotherapy targeting neoantigens (158); and [4] localization of NPC-specific CTLs at the malignant site, for example, via chemokine-receptor interactions (159). Other alternatives, for example, CAR-NK, an emerging cellular immunotherapy strategy for cancer, should be evaluated in NPC, given its promising clinical efficacy in other settings (160).



Tumor Infiltrating Immune Cells as Prognostic Markers

Immune score, established based upon the density of lymphocyte populations, is predictive of disease progression and distant metastases. High immune scores predict better OS, DFS and distant-metastasis free survival (DMFS) of NPC patients (37). Among TILs, CD3+, CD4+, and CD8+ T-cells as well as CD56+ NK cells are good prognostic factors for NPC patients (161–163). Despite its immunosuppressive role, high Foxp3+ T-cells to CD8+ T-cells ratio was associated with favorable PFS in early-stage NPC patients (164). Similarly, Ooft et al. reported Foxp3 as an independent predictor for better OS in NPC patients (165). On the other hand, CD68+ TAM density predicted favorable DFS, whereas stromal CD163+ M2-like TAMs correlated with poor OS and PFS in NPC patients (20, 166, 167).

Nonetheless, there are discrepancies among studies investigating the prognostic significance for different TIICs, due to different methodologies used. Thus, further studies should consider the development of a standardized method for the evaluation of TIICs as an indicator or predictor for the progression and therapeutic response of NPC patients.



Anti-angiogenic Therapy

Angiogenesis is important to meet the huge demand for oxygen and nutrients by tumor cells, thus, anti-angiogenic therapy using angiogenic inhibitors is a promising anti-cancer therapeutic strategy. Conventional chemotherapeutic agents, for instance, epirubicin, elicits inhibitory activity on angiogenesis by inducing non-specific vascular toxicity (168). On the other hand, hypericin-mediated photodynamic therapy exerts its antitumor activity by targeting the tumor vasculature (169). Several small-molecule inhibitors of VEGFR such as apatinib are employed in angiogenesis-targeting therapy for NPC patients (170, 171). The inhibition of angiogenesis could enhance the effectiveness of standard chemoradiotherapy against NPC. Combination of VEGF inhibitor bevacizumab with chemotherapy promoted microvasculature maturation, enhanced immune infiltration and exhibited promising tumor response (172). Combination therapy of apatinib with cisplatin showed a synergistic effect in inhibition of tumor growth, repression of VEGFR-2 expression and reduction in microvascular density in preclinical models (173). On the other hand, combining apatinib and radiation enhances the anti-angiogenic effect and increases hypoxia in tumor tissues, leading to an anti-tumor effect (174). Endostatin, an endogenous angiogenesis inhibitor is another anti-tumor agent tested in clinical trials. Endostar, a recombinant endostatin, sensitized NPC towards radiation therapy by induction of endothelial cell and tumor cell apoptosis and repression of radiation-induced pro-angiogenic factors (175). Phase II multicentre randomized controlled combining Endostar therapy with standard chemoradiation reported an improved remission rate of cervical lymph node metastasis, with a slight improvement in objective response rate (121). To sum, anti-angiogenic agents targeting VEGF and VEGFR can enhance the effectiveness of chemoradiotherapy through inhibition of blood vessels formation, normalization of blood vessels, which restore vascular function, improve tumor perfusion, and drug delivery, and activation of immune response (176).

Currently, anti-angiogenic therapy faces the challenge of the development of resistance, which leads to limited survival benefits. The resistance is likely due to hypoxic events as a consequence of vascular depletion, resulting in the promotion of cancer invasion and metastasis, activation of alternative pro-angiogenic signalling pathways, VEGF-independent vascular mimicry, and increased recruitment of pro-angiogenic cells (176, 177). Studies unveiled upregulation of several proangiogenic factors, including VEGF, TNF-α, IFN-α, and basic fibroblast growth factor (bFGF), following hypericin-mediated photodynamic therapy. This indicates the need of combination therapies such as photodynamic therapies with angiogenesis inhibitors to enhance the efficacy of treatment (169, 178). Other challenges include toxicity effects, which include haemorrhage, hypertension, and thrombosis (79). Several strategies direct targeting the tumor vessels are introduced to increase the effectiveness of the therapy and minimise the side effects. Nanoparticles might serve as vectors for the delivery of anti-angiogenic drugs to the target site (79). Given the high effectivity for DNA enzyme (DNAzyme) to cleave targeted sequence with high specificity, DNAzyme also serves as a potential therapeutic agent for anti-angiogenic therapy. DNAzyme targeting VEGFR-1 mRNA significantly downregulated VEGFR-1, inhibited angiogenesis and altered the vascular permeability. No toxicity effect was observed in vivo, indicating anti-VEGFR-1 DNAzyme as potential drug candidates for further clinical evaluation (179).



Targeting Hypoxic Condition in Nasopharyngeal Carcinoma

The increased oxygen demand by the highly proliferative and metabolically active tumor cells with inadequate oxygen supply from the impaired vasculature leads to hypoxia, a condition that mediates tumor progression, metastasis, and therapeutic resistance. This tumor-specific event has been studied extensively for the development of anti-tumor therapy. Several strategies targeting hypoxia are employed, which include a cytotoxic approach with hypoxic selectivity. In the hypoxic TME, hypoxia-activated prodrugs such as tirapazamine are preferentially activated into cytotoxic drugs and eliminate hypoxic tumor cells with high selectivity. The second approach direct inhibits hypoxia-inducible proteins. HIF-1α siRNA and PX-478 directly target HIF-1α and elicit anti-tumor activity. Hypoxia-modifying therapy improves the hypoxic condition in tumors by increasing the blood oxygen level through blood transfusion, carbogen, and nicotinamide treatment (76).

The combination of hypoxia-targeting therapy and radiotherapy exhibited a synergistic effect. Topotecan is reported to enhance the radiosensitivity of tumors by inhibiting topoisomerase I and subsequently downregulating the expression of HIF-1α target genes (180, 181). Nanotechnology is also employed to enhance the therapeutic efficacy of hypoxia-targeting therapy. In a preclinical study, nanoparticle delivering siRNA targeting HIF-1α significantly suppressed tumor growth in in vivo animal models of NPC (182). In recent studies, hypoxia-responsive nanoparticles have been designed for the selective release of drugs in the hypoxic tumor environment, thereby prolonging the bioavailability and improving the effectiveness of the drug (183). These nanomedicines are still in the early phase, their mechanism, delivery efficacy and safety in human bodies remain to be studied.



Targeting Chemokines and Cytokines

Chemokines and cytokines are potential targets for the development of diagnostic biomarkers or therapeutic strategies. CCL5, also known as RANTES (regulated upon activation, normal T-cell expressed and presumably secreted), is a pro-angiogenic chemokine that can be detected in NPC patients’ plasma with 90.07% sensitivity and 56.34% specificity. Increased screening efficacy was observed when combining CCL5 with EBV viral capsid antigen (VCA-IgA) or EBV DNA assay. Inhibition of the CCL5 receptor, CCR5 with its antagonist maraviroc could suppress CCL5-associated migration of NPC cells (184, 185). Leukaemia inhibitory factor (LIF), a member of the IL-6 type cytokine family, is remarkably increased in the TME and NPC patients’ serum. Secreted by tumor cells and inflammatory infiltrates, LIF mediates the mTOR pathway in NPC, which leads to tumor growth and enhanced radioresistance. Elevated serum LIF in NPC patients is predictive of local recurrence and radiosensitivity. The blockade of the LIF signalling pathway through a LIF antagonist, soluble LIF receptor, or mTOR inhibitor, rapamycin, could sensitize NPC towards irradiation (186, 187).

The development of anti-tumor therapeutics targeting chemokines or their receptors need to consider [1] the optimal dosage of drugs with concern on their safety and efficacy; [2] evaluation of synergism effect when combined with conventional therapy and immunotherapy; [3] development of drugs with high affinity and high specificity; and [4] identification of tumor-specific targets, with minimal effects on non-tumor-associated cells.



Clinical Applications of Exosomes

Tumor-derived exosomes are involved in a wide range of biological and pathological processes as well as intercellular crosstalk and thus are promising targets for the development of biomarkers and anti-cancer therapies. Exosomes are highly stable and can be detected in patients’ body fluids, such as urine, saliva, cerebrospinal fluid, and serum, and hence can be used in liquid biopsies as non-invasive biomarkers (96). Sera exosome concentrations have clinical significance and prognostic value in NPC patients, whereby a positive correlation between tumor lymph node metastasis and shorter disease-free survival was observed in NPC patients.

Nasopharyngeal brush or swab is a less invasive alternative for the collection of tumor tissue samples when compared to the conventional biopsy method. Elevation of EBV miRNAs, including mir-BART1-5p, mir-BART5, mir-BART6-5p, mir-BART17-5p, were reported in nasopharyngeal brush samples from NPC patients. miR-BART1-5p shows potential as a diagnostic indicator of NPC, with 93.5% sensitivity and 100% specificity, its expression level positively correlated with tumor progression (188).

In addition, miR-BART7 and miR-BART13 are significantly elevated in plasma specimens from NPC patients, the combination of both markers offers a 90% prediction of NPC. Furthermore, the level of miR-BART7 is associated with metastatic progression. Diminished levels of miR-BART7 and miR-BART13 were reported after radiotherapy, suggesting their potential as biomarkers for the monitoring of therapeutic efficacy (189). Post-treatment detection of circulating miR-BART17-5p is a potential biomarker of a poor prognosis (190). Plasma EBV-miR-BART7-3p showed 96.1% sensitivity and 96.7% specificity, whereas miR-BART13-3p has a sensitivity of 97.9% and specificity of 96.7% for the detection of NPC. miR-BART7-3p is a potential prognostic biomarker, whereby prominent levels of pre-treatment miR-BART7-3p in plasma indicated a higher risk of distant metastasis whereas post-treatment miR-BART7-3p is associated with short DMFS and OS (191, 192). Significant upregulation of miR-1301-3p was detected in the exosomes from early-stage NPC patients’ plasma, indicating their potential application as diagnostic biomarkers in early-stage NPC (193).

Upregulation of circulating exosomal circRNA circMYC is correlated with increase cell proliferation and resistance to radiotherapy in NPC patients. Circulating circMYC is a potential biomarker for the differentiation of radiosensitive and radioresistant patients with 90.24% sensitivity and 94.51% specificity (103). The detection of exosomal cyclophilin A (CYPA) combined with EBV VCA-IgA could increase the accuracy of diagnosis, indicating the utility of exosomal CYPA as a potential non-invasive biomarker for the diagnosis of NPC (194).

Besides serving as biomarkers, exosomes are potential vehicles for the delivery of cancer drugs to the target molecules. iRGD-tagged exosomes targeting αvβ3 integrin-positive NPC cells containing antagomir-BART10-5p and antagomir-18a showed remarkable anti-angiogenic efficacy in in vitro and in vivo NPC models (110). Exosomes are also employed as vehicles for tumor antigen in cancer vaccines, however, to our knowledge, exosome vaccines have not been tested specifically in NPC yet (195).

While exploiting exosomes as therapeutic and diagnostic tools, there are some challenges that need to be addressed. These include [1] time and cost consumption; [2] unsatisfactory yield, purity, and quality, which could affect [3] the sensitivity and specificity of assays, [4] absence of endogenous control for miRNA quantification, and [5] limited sample size in current studies, which affect the reliability of these studies (196, 197). On the other hand, several problems need to be considered when using exosomes as therapeutic vehicles or targets: [1] enhancing the specificity of therapy to prevent undesirable adverse events; [2] prolonging the half-life of exosomes after administration into the body; [3] effective and safe therapeutic dose of exosomes; [4] effective drug loading into the exosomes; [5] cost and time effectiveness in the production of bioengineered exosomes (93, 196).

Overall, exosomes play a pivotal role in the interplay communication between EBV-infected NPC cells and stromal cells, which contribute to the construction of the TME that favours tumor progression, development, invasion, and metastasis. Further investigations should consider [1] understanding the mechanisms underlying cellular crosstalk via exosomes, including the biogenesis and internalization of exosomes; [2] development of standard methods for scalable isolation and purification of exosomes; [3] large-scale clinical studies for the evaluation of exosome as reliable cancer biomarkers.



Cancer-Associated Fibroblasts

The vast influence of CAFs on tumor development and progression made them promising therapeutic targets. Several strategies for CAF-directed anti-cancer therapies have been tested in preclinical settings, but only a few studies are focusing on CAFs in NPC (198). Disulfiram/copper exhibited anti-tumor activity by targeting both cancer cells and CAFs. It could induce apoptosis and inactivate CAFs by inhibiting the expression of α-SMA (199). Treatment with CAF inhibitor, for instance, Tranilast, inhibits CAFs from activating the NF-κB pathway, thus sensitizing NPC cells to irradiation (67). The targeting of CAFs is challenging as they demonstrate complexity in intercellular signaling, phenotype and source and lack of specific surface marker (198). Thus, further understanding of CAFs, with regards to their different phenotype and respective protumorigenic or tumor suppressive properties in TME is required for CAF-targeting therapies.



NF-κB Signaling Pathway

The NF-κB signaling pathway is constitutively activated in 90% of EBV-associated NPC by EBV oncoproteins and genetic mutations. This pathway plays a pivotal role in the intercellular communication and regulation of immune cells in the TME, which renders it a promising target for anti-cancer therapy against NPC (200–202). Strategies targeting the NF-κB signaling pathway include anti-inflammatory compounds such as aspirin, inhibition of IκB kinase (IKK) and proteasome inhibition (130, 203, 204). Acting as an NF-κB inhibitor, aspirin reverses LMP1-induced EMT by suppressing NF-κB-exosomal secretion of LMP1 and promoting miR-203 expression (130). Inhibition of lung metastasis by aspirin is also observed in mouse models. PS1145, an inhibitor of IKK, could abrogate the NF-κB signaling pathway and subsequently inhibit the production of pro-inflammatory cytokine and cell proliferation. PS1145 significantly inhibits the tumor growth of NPC in in vitro cell lines and in vivo xenograft models (203). Bortezomib, a proteasome inhibitor, targeting STAT1 and NF-κB, could relieve the immune tolerance in NPC (204). Vitexin, a natural flavonoid glycoside targeting NF-κB, displayed promising anti-tumor activity against NPC in preclinical studies (205). Restoration of Ras-like estrogen-regulated growth inhibitor (RERG), an NF-κB inhibitor, by 5-Aza-2’-deoxycytidine and trichostatin A attenuated ERK/NF-κB signaling pathway, resulting in the inhibition of tumor growth and angiogenesis in vivo. Therefore, RERG might be employed as a target molecule in cancer therapy (206).

Whilst translating these bench findings into bedside application, several issues need to be addressed. As the NF-κB signaling pathway regulates multiple physiological processes, the development of therapeutic tools should consider developing drug delivery strategies with high specificity to prevent undesirable adverse events. It is reported that the NF-κB complex p50/p50/Bcl3 is prevalent in NPC but seldom found in a normal cell. Thus, Bcl3 inhibitors may represent promising therapeutic agents against NPC (202, 207). Other than that, the route of administration and dosage of NF-κB inhibitors should consider their bioavailability and safety.




Concluding Thoughts

The advances in multi-omics technology allow researchers to unravel the complex intercellular communication in the NPC microenvironment, which contributes to the growth, development, progression, and metastasis of this malignancy. Nevertheless, there is a lack of thorough studies on the players in the NPC microenvironment, particularly, B-cells, NK cells, cancer stem cells and the ECM. Of note, spindle-shaped NPC cells predominantly located at the invasive margin of the tumor site display stem cell-like properties and are significantly associated with EMT. Further studies targeting these neoplastic spindle cells might shed light on the understanding of the mechanism underlying tumor cell dissemination, and thus facilitating future development of predictive biomarker and preventive medicine for NPC metastasis (72, 208, 209). Other than that, it is suggested that future studies look into the spatial heterogeneity of the NPC microenvironment to gain further insights into tumor heterogeneity and discover new opportunities for the development of theragnostic tools (210).

Several anti-cancer drugs targeting TME have been tested in clinical trials, however, several pre-clinical and clinical barriers remain to be overcome. Preclinically, models for cancer drugs are inadequate to visualize the complexity of TME. Cell and tissue-engineered models with 3-dimensional co-culture systems could be utilized to recapitulate the cellular organization, growth kinetics, cellular heterogeneity, intra- and intercellular interactions in vitro to improve translation and reduce animal testing (211). Clinically, given the inter-patient heterogeneity in genetic and epigenetic factors, responses towards drugs are highly variable among individuals. Thus, an optimal combination of therapeutic strategies should be designed based on the integration of individual information on TME landscape, genomic and molecular profile to ensure precision, safety, and effectiveness of cancer therapies, which ensure better health outcomes of NPC patients. Moreover, to reduce the adverse events of therapeutic and enhance therapeutic efficacy, strategies to improve specificity in targeting, delivery, and release of drugs against TME should be considered. These include the engineering of nanoparticles or exosomes with specific ligands as vehicles for the delivery of drugs into the target cells. Several delivery systems which could enhance the effectiveness of delivery have been developed, which include arginine-modified hydroxyapatite nanoparticles and fusion-based NPC-specific lipid nanoparticles (212, 213).

On the other hand, there is a need for the discovery of tumor-specific molecules as targets for the specific delivery of therapeutic agents or disease diagnosis via liquid biopsy. The biomarker should have high specificity, sensitivity, accuracy, precision, and reliability, inexpensive and timely. While diagnostic biomarkers allow the early detection of NPC, prognostic biomarkers will predict the disease progression of patients and facilitate the development of prophylactic drugs. Advancement in molecular technologies, together with enormous databases integrating molecular and clinical data sets, will accelerate the research findings and their translation into clinical use.

In conclusion, the NPC microenvironment consists of cellular and acellular players which serve as targets for the development of therapeutic, diagnostic, and prognostic tools. Despite that, most of them are only tested in preclinical or early phases of clinical studies. Hence, large-scale clinical studies should be considered to evaluate the reliability of TME components as diagnostic tools, and guidelines or standards should be developed to ensure safe clinical use of therapeutic tools.
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Hepatocellular carcinoma (HCC) is one of the deadliest tumors in the world and is notorious for poor prognosis. There is mounting evidence that pseudouridine performs key functions in the initiation and progression of several cancers. A previous study demonstrated that Pseudouridine 5’-phosphatase (PUDP) may be a novel prognostic biomarker in colorectal cancer. However, in the past, we have paid little attention to PUDP and we are still not clear about its function and role in cancer. In this study, a pan-cancer analysis of PUDP expression and prognosis was performed firstly using The Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression (GTEx) data and we found that PUDP may be a potential oncogene for HCC. Then the most potential upstream microRNA contributing to PUDP was identified as let-7c-5p through expression analysis, correlation analysis, and survival analysis. Subsequently, the result of single cell RNA sequencing (scRNA-seq) demonstrated that PUDP was significantly highly expressed on malignant cells. In addition, there are significantly positive correlations between PUDP and tumor immune cell infiltration, biomarkers of immune cells, and immune checkpoint expression, especially with tumor-promoting immune cells such as T cell regulatory (Treg), Myeloid-derived suppressor cell (MDSC), cancer-associated fibroblast (CAF). Moreover, we found the methylation level of three loci was positively correlated with PUDP expression and four loci were negatively correlated. 15 pairs of HCC and normal adjacent tissues from HCC patients who were treated at our center were used to verify the results of the bioinformatics analysis and the results of experiments are similar to the bioinformatics analysis. Our study demonstrated that HCC patients with high PUDP expression are less likely to benefit from immunotherapy, and in addition, we explored the relationship between PUDP and anticancer drugs. Finally, we explored the clinical relevance of PUDP, identified PUDP as an independent risk factor for HCC patients and constructed a prognostic model, used International Cancer Genome Consortium (ICGC) data to do external validation. Collectively, our study demonstrated that high expression of PUDP suggested a poor prognosis and low response to immunotherapy, providing new insight into the treatment and prognosis of HCC.
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Introduction

Hepatocellular carcinoma(HCC) is a highly aggressive and inflammation-associated cancer, accounts for 70%-85% of the total liver cancer burden (1). The incidence and the mortality of HCC respectively ranks 6th, 3rd worldwide and the new cases of HCC were estimated that up to 906,000 and 830,000 related deaths occur each year (2). The initiation and progression of HCC depend on lots of risk factors, such as alcohol abuse, hepatitis B virus infection, obesity, and immune microenvironment (2–5). In recent years, significant advances have been made in the diagnosis, treatment, and prognosis of HCC, such as the PD-L1 inhibitor atezolizumab, combined with the anti-angiogenic agent bevacizumab, which has achieved success in the first-line treatment of advanced HCC, however, treatment outcomes for HCC patients remain unsatisfactory (6). Therefore, it is necessary for us to find new and effective prognostic biomarkers.

Pseudouridine 5’-phosphatase (PUDP), also called HDHD1 or HDHD1A, encodes a member of the haloacid dehalogenase-like (HAD) hydrolase superfamily, was a phosphatase specifically involved in dephosphorylation of pseudouridine 5’-phosphate (7). Pseudouridylation, the most common type of RNA epigenetic modification in biosome, and was discovered to play a critical role in the translation control of stem cells with implications for development and disease (8). According to the latest findings, Pseudouridylation alters splicing, while genes that control essential processes, such as metabolism, cell proliferation and apoptosis, are globally altered in HCC through alternative splicing (9, 10). Furthermore, pseudouridine was reported may be a potential biomarker for kidney disease, which is characterized by a decline in kidney function and the occurrence of chronic kidney disease (11). Some pseudouridine metabolism-related enzymes, such as dyskerin pseudouridine synthase 1(DKC1), have been reported that correlate with the prognosis of HCC patients (12). Past researches revealed that the expression level of PUDP may be a prognostic biomarker for colorectal cancer and demonstrated that the overexpression of PUDP conferred 2-deoxyglucose(2DG) resistance in HeLa cells, suggesting that it may be a conserved regulator of 2DG resistance and could interfere 2DG-based chemotherapies (13, 14). However, the biological function of PUDP remains poorly understood and a thorough study on the expression, prognosis, and mechanism of PUDP in HCC is absent.

In this study, the expression level of PUDP in pan-cancer was analyzed firstly. According to the results of survival analysis and expression analysis, PUDP was identified to be linked with the prognosis of HCC patients. Then, we incorporated 711 HCC samples and 475 normal tissues from The Cancer Genome Atlas (TCGA) database, GSE39791 and GSE25097 to analyze the differential expression of PUDP in HCC patients. And we verified the differential expression of PUDP by using qPCR, it was also validated in the level of protein using the HPA database. Next, the regulation of microRNAs(miRNAs) with PUDP was explored in HCC. We also did the mutation and correlation analysis between PUDP and common immune checkpoint in HCC. In addition, we analyze the response of immunotherapy for high PUDP expression patients and low PUDP expression patients. Subsequently, we demonstrated the correlation between PUDP expression and immune infiltration, clinical staging, clinical prognosis, and sensitivity to anticancer drugs. Finally, the prognostic model was constructed using data from the TCGA database and was validated using data from the International Cancer Genome Consortium (ICGC). In summary, our findings suggest that PUDP is an independent risk factor and may be a novel prognostic biomarker for HCC patients.



Materials and Methods


Ethics Statement

Tumor samples were collected from the tumor tissue bank of Xijing Hospital. The samples were stored in liquid nitrogen before use and were collected in accordance with the ethical standards of the 1964 Declaration of Helsinki. This study was approved by The Xijing Hospital’s Ethics Committee.



Data Download, Process, and Analysis

The mRNA expression data of 33 cancer types were downloaded from TCGA official website (https://portal.gdc.cancer.gov/) and then were used to perform the differential expression analysis for PUDP in 33 cancer types by using R package “limma” (15). HCC RNA sequencing data (GSE25097 and GSE39791) came from Gene Expression Omnibus(GEO) database and were used to analyze the differential expression of PUDP in HCC patients after normalization. GSE25097 includes the data of 268 HCC tumor tissues and 243 normal tissues. GSE39791 includes the 72 HCC tumor tissues and paired adjacent non-tumor tissues. The baseline information of HCC patients in the TCGA database is shown in Table 1.


Table 1 | Baseline information of HCC patients from the TCGA database.





Differential Expression and Survival Analysis

Besides the differential expression analysis for PUDP in 33 cancer types using the data from the TCGA database, we also analyzed the expression level of PUDP in pan-cancer by using TIMER2.0 (http://timer.cistrome.org/), ONCOMINE (https://www.oncomine.org/resource/main.html) and GEPIA (http://gepia.cancer-pku.cn/). Kaplan-Meier(K-M) survival analysis was performed by using the R package “survminer” (https://cran.r-project.org/web/packages/survminer/index.html) and R package “survival” (https://cran.r-project.org/web/packages/survival/index.html). We then summarized the results of the K-M analysis and did separate K-M analyses for HCC and Pancreatic adenocarcinoma (PAAD).



The Protein Expression Level for PUDP in HCC Patients

The Human Protein Atlas (HPA, https://www.proteinatlas.org/), a Swedish-based program, aims to figure all the human proteins. Data from the HPA database is freely available for all researchers and we downloaded the immunohistochemistry images of PUDP expression from the HPA database.



qPCR

In accordance with the manufacturer’s protocol, we extracted total RNA from HCC samples with the TRIzol reagent (Ambion). β-Actin was used as an internal control to normalize mRNA expression. The primer sequences for PUDP were GCAATGACAACTGATAAAGCGAGATG (Forward primer 5’-3’), GCTAACAAGGAGTGCTCATCAAAAAC (Reverse primer 5’-3’) and the primer sequences for β-actin were CTCCATCCTGGCCTCGCTGT (Forward primer 5’-3’), GCTGTCACCTTCACCGTTCC (Reverse primer 5’-3’). The pathological stage for most HCC samples were stage II and stage III.



Identification of Differentially Expressed Genes

According to the expression of PUDP in HCC patients, high and low PUDP expression groups were divided based on median value. Then we analyzed the significantly differentially expressed genes(DEGs) between the high and low expression groups by using the R package “DESeq2” (16). The results were displayed in the form of a volcano map and heat map. The threshold value for significant DEGs was adjust P-value<0.05 and |Log fold change(FC) |≥2.0.



Enrichment Analysis of PUDP

We used the “clusterprofiler” package to do Gene Ontology(GO) enrichment and Kyoto Encyclopedia of Genes and Genomes(KEGG) analysis (17). The threshold values were identified with corrected P<0.01 and a false discovery rate(FDR) <0.05. Gene set enrichment analysis (GSEA) was performed using the gene set “c2.cp.v7.2.symbols.gmt” which were downloaded from the Molecular Signatures Database (MSigDB, http://software.broadinstitute.org/gsea/msigdb/index.jsp).



ScRNA-Seq Analysis

Single-cell RNA sequencing (scRNA-seq) demonstrated the distribution and expression of PUDP in HCC patients. Data of scRNA sequencing were obtained from GSE125449 and Tumor Immune Single-cell Hub (TISCH) was used to perform analysis (18).



Mutation and Correlation Analysis of PUDP With Common Immune Checkpoints

We analyzed the mutation status and correlation of PUDP with common immune checkpoints in HCC using cBioPortal for Cancer Genomics (http://www.cbioportal.org) (19, 20). The results of the correlation analysis between PUDP and four common immune checkpoints of HCC are presented in the form of scatter plots.



Correlation of PUDP With the Infiltration of Immune Cells

We used the Timer2.0 website to analyze the infiltration relationship between PUDP and 6 types of immune cells (21). Besides, we explored the immune infiltration distribution between different somatic copy number variations(sCNA) status of the PUDP with T cell regulatory.



Prediction of the Immunotherapeutic Response

Tumor Immune Dysfunction and Exclusion (TIDE) algorithm was used to predict the potential immunotherapeutic response using TCGA RNA sequencing data and the corresponding clinical information of HCC patients (22).



Candidate MiRNA Prediction

StarBase (http://starbase.sysu.edu.cn/), an open-source database, identifies millions of miRNA-ncRNA, miRNA-mRNA, RBP-RNA, and RNA-RNA interactions from multi-dimensional sequencing data (23). StarBase predicts miRNA-mRNA interactions by multiple prediction tools such as PITA, RNA22, miRmap, DIANA-microT, miRanda, PicTar and TargetScan. Those that meet the screening of more than two prediction tools are considered as potential upstream regulatory miRNAs of PUDP.



DNA Methylation Analysis

We estimated and visualized DNA methylation of PUDP in HCC by using the MEXPRESS web server (https://mexpress.be) (24, 25). MEXPRESS focuses on correlation analysis and visualization using information such as gene expression profiles, DNA methylation sites, and clinical data from the TCGA database. The predesignated methylation probes for each gene were taken into consideration.



Correlations of the Expression Levels of PUDP With Anticancer Drug Sensitivity and Clinical Stage

The CellMiner database (https://discover.nci.nih.gov/cellminer/home.do) which is an open database, was performed to analyze the relationship between 23,101 chemical compounds, including 218 drugs approved by FDA and 574 drugs tested by clinical trials, and the expression level of PUDP (26). R package limma and R package impute (http://www.bioconductor.org/packages/release/bioc/html/impute.html) were used in the analysis (27).



Establishment and Validation of the Clinical Prognostic Model

The clinical information of 337 HCC patients such as sex, age, clinical stage, and the expression level of PUDP were downloaded from the UCSC Xena website (http://xena.ucsc.edu/) to establish the prognostic model. The LIRI-JP cohort data which were downloaded from the ICGC database (https://dcc.icgc.org/) were used to perform external validation.

Risk score of HCC patients was performed by Cox regression analysis and R package “rms”, R package “survival” were used to construct the nomogram. Harrell’s concordance index(C-index) and calibration curve were used to do internal validation of the prognostic model.



Statistical Analysis

For K-M survival analysis, the log-rank test was utilized. The receiver operating characteristic (ROC) curve and the area under the curve (AUC) were conducted using R package “survival ROC” and “pROC” (28, 29). In calculating the relationship between immune cells, co-expressed genes, and the expression level of PUDP, we used the Spearman statistical method. All statistical analyses were performed by R software, version 4.1.0.




Results


PUDP Expression Profiles in Pan-Cancer

We first analyzed the differential expression of PUDP between tumor and adjacent non-tumor tissues in pan-cancer and used different data sources and databases to ensure the reliability of the results that we analyzed. In a pan-cancer analysis using the Timer2.0 database, we found that PUDP was significantly up-regulated expressed in 11 types of tumors (Figure 1A). We then used the Oncomine database to perform differential expression analysis of PUDP in tumor and normal tissues (Figure 1B). In addition to using the database analysis, we downloaded RNAseq data from TCGA and GTEx and transformed them into the form of log2, and the results are shown in Figure 1C. We finally used the GEPIA database to do an interactive bodymap on the expression of PUDP in various human organs. Red represents expression in tumor tissues, green represents expression in normal tissues, and the shade of color represents the degree of expression (Figure 1D). The results of the analysis showed that PUDP is differentially expressed in most tumors and adjacent non-tumor tissues, but whether they all have a prognostic value according to the expression level of PUDP remains unknown.




Figure 1 | The differential expression of PUDP in Pan-Cancer. We used Timer2.0, Oncomine database to identify the differential expression of PUDP in Pan-Cancer, and performed differential expression analysis using data from TCGA and GTEx, and finally used the GEPIA database to show an interactive bodymap of PUDP expression in humans. (A) Using Timer2.0 database to identify the differential expression of PUDP; (B) Using Oncomine database to identify the differential expression of PUDP; (C) Using data from TCGA and GTEx to identify the differential expression analysis of PUDP; (D) An interactive bodymap of PUDP in human using GEPIA database. *P < 0.05, **P < 0.01, ***P < 0.001; ns, no significant difference in statistics.





Relationship Between PUDP Expression and Prognosis in Pan-Caner

Using gene expression and clinical data from the TCGA, survival analysis was performed to analyze the relationship between PUDP expression and prognosis. We summarized the results of analyses and found that PUDP had a significant prognostic value in PAAD and HCC, with a p-value less than 0.001 in both (Figure 2A). Employing OS, DSS, and PFI as outcome endpoints, we determined the predictive value of PUDP in HCC and PAAD (Figures 2B–G). The results demonstrated that PUDP had a significant prognostic value in HCC regardless of which of OS, DSS, PFI was used as the outcome endpoint, while hazard ratio (HR) value greater than 1 suggested that it was a risk factor. Our findings demonstrated that high PUDP expression correlates a poor prognosis of HCC patients.




Figure 2 | Survival analysis in Pan-Cancer and exploring the prognostic value in PAAD and HCC of PUDP. (A) The prognostic value of PUDP in Pan-Cancer; (B–D) Prognosis analysis of PUDP in HCC; (E–G) Prognosis analysis of PUDP in PAAD.





The Analysis of Differential Expression of PUDP in HCC

In our previous analysis, we found that PUDP may be a novel prognostic biomarker for HCC. Then, we used two datasets, GSE39791 and GSE25097, as well as the HPA database, to re-identify the differences of PUDP expression between HCC tissues with adjacent non-tumor tissues at the mRNA and protein levels. The results demonstrated that PUDP has a significant differential expression on the level of mRNA and protein between HCC tissues and adjacent non-tumor tissues (Figures 3A–D). Finally, we collected tumor and paired adjacent non-tumor tissues from 15 HCC patients from the tumor tissue bank of Xijing Hospital for qPCR assay, and again verified this differential expression on mRNA level (Figure 3E). All the above analyses suggested that there was a significant difference in the expression of PUDP in HCC tissues and adjacent non-tumor tissues.




Figure 3 | Exploring the expression of PUDP in HCC. (A) The expression of PUDP in normal liver tissues on the level of protein; (B) The expression of PUDP in HCC tissues on the level of protein; (C) Expression analysis of PUDP using GSE39791; (D) Expression analysis of PUDP using GSE25097; (E) The result of qPCR. *P < 0.05, **P < 0.01, ***P < 0.001.





Identification of DEGs Associated With PUDP Expression in HCC

According to the expression profile of PUDP, we separated HCC patients into two groups: high PUDP expression and low PUDP expression, with the low PUDP expression group serving as the reference group for DEGs analysis. We found that 453 genes were upregulated and 48 genes were downregulated with a strict cut-off of p<0.05 and |Log fold change(FC) |≥2.0 (Figure 4A). We took the top 5 up-regulated and down-regulated genes according to the size of LogFC values and plotted the correlation heat map (Figure 4B). We then analyzed the correlation of PUDP with Wnt7B and SMR3A in patients with HCC (Figures 4C, D). The results suggested that PUDP had a strong positive correlation with Wnt7B, while a strong negative correlation with SMR3A.




Figure 4 | Identification of the DEGs between PUDP high and low expression groups in HCC. (A) Volcano map of DEGs that 453 genes were upregulated and 48 genes were downregulated; (B) Correlation heat map of the top 5 up- and down-regulated genes with PUDP; (C) Correlation of PUDP and Wnt7B in patients with HCC; (D) Correlation of PUDP and SMR3A in patients with HCC. (*p < 0.05, ***p < 0.001).





Enrichment Analysis of PUDP in HCC

We performed a functional enrichment analysis of the PUDP. The results of the molecular function of GO analysis demonstrated that PUDP was closely associated with substrate-specific channel activity, channel activity, passive transmembrane transporter activity, and antigen binding. And GO analysis showed that the PUDP was closely associated with biological processes such as protein activation cascade, complement activation, humoral immune response mediated by circulating immunoglobulin and complement activation, classical pathway (Figures 5A, B). The results of KEGG functional analysis suggested that PUDP mainly affects the neuroactive ligand-receptor interaction, bile secretion (Figures 5C, D).




Figure 5 | Enrichment analysis of PUDP. (A, B) The results of GO analysis; (C, D) The results of KEGG analysis.



Furthermore, the GSEA of DEGs revealed that the enrichment of DEGs were correlated with the NABA MATRISOME, REACTOME CELL CYCLE CHECKPOINTS, REACTOME CELL CYCLE MITOTIC, REACTOME CELL CYCLE, AND REACTOME M PHASE (Supplementary Figures 1A, B).



ScRNA Analysis of PUDP Expression on Different Cells of HCC

We utilized the HCC scRNA sequencing results from the GSE125449 dataset to investigate the expression of PUDP in different cells of HCC. Our work indicated that in HCC, PUDP was expressed in exhausted CD8 T cells (CD8Tex), monocytes or macrophages, endothelial cells, fibroblasts, malignant cells, hepatic progenitor cells, and especially in malignant cells with significantly high expression (Supplementary Figure 2). The findings suggested that PUDP expression is related to the tumor microenvironment in HCC.



Immune Infiltration and Drug Sensitivity Analysis of PUDP

In recent years, with the advancement of research, it has become a consensus that the tumor immune microenvironment affects tumor progression. We analyzed the tumor purity of PUDP in HCC and its correlation with multiple immune cells. We found that PUDP showed a strong positive association with B cell, T cells regulatory (Tregs), CD8+ T cell, CD4+ T cell, Myeloid-derived suppressor cell (MDSC), macrophage, neutrophil, dendritic cell and cancer associated fibroblast (CAF) (Figures 6A–D). Surprisingly, there is a strong positive correlation between PUDP and Tregs, MDSC, and other immune cells that promote tumor progression. The sCNA information was derived from copy number segmentation profiles at the gene level. The alteration status for reference is high amplification. The results showed that the distribution of Tregs infiltration differed depending on the PUDP’s sCNA status (Figure 6E).




Figure 6 | Exploring the relationship between the expression of PUDP and immune infiltration in HCC. (A) The correlation of PUDP and 6 common types of immune cells in HCC; (B) The correlation of PUDP and Tregs in HCC; (C) The correlation of PUDP and MDSC in HCC; (D) The correlation of PUDP and cancer associated fibroblast; (E) Tregs infiltration distribution between different sCNA status of the PUDP.



Moreover, we used the CellMiner database to investigate the relationship between PUDP and sensitivity to various anticancer chemotherapeutic drugs (Supplementary Figure 3). The results revealed a significant positive correlation between PUDP expression and sensitivity to tic10, nelarabine. It could shed new light on the clinical treatment of HCC.



Correlation of PUDP Expression With Immunotherapy Response and Immune Checkpoints

In recent years, with the progression of immunotherapy, the prognosis of HCC patients has been improved, but some patients do not benefit from immunotherapy, so how to accurately distinguish which patients can benefit from immunotherapy is an urgent problem. Two distinct mechanisms of tumor immune escape: tumor-infiltrating cytotoxic T lymphocyte (CTL) dysfunction and CTL rejection by immunosuppressive factors were assessed by TIDE employing a set of gene expression markers. High TIDE scores are related with poor immune checkpoint blockade therapy (ICB) efficacy and short survival after ICB therapy. We used the TIDE algorithm to assess the responsiveness of the different PUDP expression groups to immunotherapy. The group with high PUDP expression had higher scores, suggesting that high PUDP expression patients with HCC may be less responsive to immunotherapy and not benefit from immunotherapy (Supplementary Figure 4).

In addition, we analyzed the molecular subtypes and immune subtypes of PUDP in HCC, and the results suggested that in HCC, the molecular subtypes of PUDP were mainly concentrated in iCluster:3, and the immune subtypes were mainly C1, C2, C3, C4 (Supplementary Figure 5).

We also explored the correlation between PUDP and immune checkpoints mutation in HCC. The general landscape of PUDP and immune checkpoint alteration in HCC was compactly visualized, including inframe mutation, missense mutation, amplification, and deep deletion (Figure 7A). The detailed relationship between PUDP and common immune checkpoints in HCC was individually presented as indicated in Figures 7B–E.




Figure 7 | The relationship between PUDP and immune checkpoint genes. (A) Mutations in PUDP and common immune checkpoint genes in HCC. (B–E) Correlation analysis of PUDP with PD-1, PD-L1, CTLA-4, TIGIT respectively.





Analysis of PUDP Expression With Clinical Correlation and Methylation Modifications

We explored the clinical relevance of PUDP expression in HCC and found that the degree of PUDP expression was clinically significantly correlated with patient gender, and its prevalence was seen in primary HCC compared to the recurrent tumor and solid tissue normal. Meanwhile, we found that the methylation level of three loci on the X chromosome was positively correlated with PUDP expression, with probe ID: cg10858432, cg17878951, and cg26547788, respectively. And there were four loci on the X chromosome whose methylation levels were significantly and negatively correlated with the expression levels of PUDP, whose probe IDs were cg20214316, cg11024551, cg03043405, cg19788004 (Figure 8). Subsequently, we incorporated common clinical indicators and performed a logistic regression analysis with PUDP as the independent variable, PUDP low expression as the reference, and the detailed results are shown in Table 2. We also did subgroup K-M analysis in an attempt to find the detailed correlations between PUDP expression and clinical indicators. The results demonstrated that the association between high PUDP expression and prognosis was more pronounced in male than in female, while high PUDP expression indicates the poor prognosis in the early stage of HCC, and in addition, the association between elevated PUDP and prognosis was more statistically significant in patients without vascular invasion (Supplementary Figure 6).




Figure 8 | Correlations between PUDP expression and methylation modifications and the correlation of PUDP with clinical indicators.




Table 2 | The relationship between PUDP and clinical indicators.





Exploring Predicted Upstream MiRNAs of PUDP

There are widely accepted that miRNAs perform an important function in the regulation of gene expression and the development of malignancies. To determine whether PUDP was regulated by miRNAs, upstream miRNAs were predicted firstly and eventually we discovered 19 miRNAs that may potentially bind to PUDP. Using the cytoscape software, a miRNA-PUDP regulatory network was created to better visualization (Figure 9A). In HCC, PUDP was most strongly connected with let-7c-5p and miR-106a-5p, as shown in Figure 9B. Based on the mechanism of effect of miRNA in the regulation of target gene expression, let-7c-5p may be the promising candidate. Subsequently, the expression correlation analysis and survival analysis of let-7c-5p were performed. Let-7c-5p was significantly downregulated in HCC, as shown in Figures 9C, D, and its expression had significant correlation with patients’ prognosis. Finally, let-7c-5p expression and prognostic value in HCC were identified. All of these studies indicate let-7c-5p as the most promising PUDP regulatory miRNA in HCC.




Figure 9 | Prediction and analysis of upstream miRNAs of PUDP. (A, B) Potential upstream miRNAs that regulate the expression of PUDP; (C) Expression analysis of let-7c-5p in HCC; (D) Correlation analysis of let-7c-5p expression and prognosis of HCC patients.





Clinical Staging and Cox Regression Analysis

As the tumor progresses, whether there are differences in PUDP expression between patients with different clinical stages remains unknown, so we further explored the correlation between the expression of PUDP with different clinical stages, and the results showed that the expression of PUDP was significantly correlated with the pathologic stage and histologic grade (Figures 10A, B). It indicates that PUDP was significantly higher in patients with early-stage HCC and PUDP was differentially expressed in different staging HCC patients, suggesting that it may be a prognostic biomarker. To further explore the impact of the expression of the PUDP on HCC patient prognosis, Cox regression analyses were used and we found that the PUDP was an independent risk factor in HCC patients (P =0.031) (Figures 10C, D).




Figure 10 | Expression of PUDP in different clinical stages and Cox regression analysis. (A) The expression of PUDP in different pathologic stages; (B) The expression of PUDP in different histologic grades; (C, D) Univariate and multivariate Cox regression analysis.





Development of a Prognostic Model Based on PUDP Expression Profile

We incorporated the risk score and OS into the model to plot the risk factor diagram (Figure 11A). Then we constructed the nomogram to predict HCC patients’ OS (Figure 11C). C-index and the calibration curves were used as internal validation for the nomogram and C-index was performed to assess the discriminatory power of the nomogram (PUDP: 0.696 (0.668-0.724). Furthermore, the results of the calibration curves showed a good fit between the nomogram-predicted 1-, 3-, and 5-OS and the actual observed values (Figure 11D). We also used the ROC curve for evaluation, with an AUC value of 0.788 (Figure 11B). In addition, ICGC-JP dataset was employed as an external validation to assess the prognostic model’s accuracy and stability (Supplementary Figure 6).




Figure 11 | Construction of a prognostic model for HCC patients. (A). Risk factor correlation diagram; (B) ROC curve analysis; (C) A nomogram combining common clinical indicators with PUDP expression to predict 1-, 3-, and 5-prognosis survival; (D) Calibration curves of the nomogram, each curve was repeated 1000 times.






Discussion

HCC is one of the most prevalent malignancies in the world, and the vast majority of patients with HCC do not have a good prognosis. The results of a randomized study that included 600 untreated HCC patients showed that the overall median survival was 9 months, and the principal cause of death was tumor progression (30). Thus, it is urgent for us to find new and effective prognostic biomarkers.

In recent years, RNA modifications have gradually become the new frontier of cancer research. Common RNA modifications include N6-Methyladenosine, m6A methyltransferases, 5-Methylcytosine, Pseudouridine, etc (31). Pseudouridylation, in particular, is known to be the most abundant modification in total RNA from human cells, but the effect of Pseudouridylation is still poorly understood. Previous studies have shown that RNA pseudouridine modification could affect the prognosis of glioma patients by enriching tumour-infiltrating immune cells such as macrophages M0 and Tregs (32). Dyskerin pseudouridine synthase 1 (DKC1), a gene located on the X chromosome, is associated with the progression of multiple diseases (33–36). A previous study demonstrated that elevated levels of reactive oxygen species (ROS) in HCC regulate cytoplasmic protein-disulfide isomerase-associated 3 (PDIA3) levels, leading to HCC cell survival through upregulation of DKC1. Similar to DKC1, PUDP is also involved in the pseudouridine process and is located on the X chromosome. However, we are still unclear about the biological function of PUDP. In the present study, we systematically investigated the possible mechanisms and biological functions of PUDP in the development of HCC.

Pan-cancer expression analyses of PUDP were performed firstly and we found that PUDP was significantly highly expressed in most tumor tissues. It suggested that PUDP may be involved in the development of tumors. Investigations of the correlation between PUDP expression level and tumor patients’ prognosis were explored and the results demonstrated PUDP was significantly negatively correlated with OS in patients with HCC and PAAD. Especially in HCC patients, high PUDP expression was strongly negatively correlated with OS, DSS, and PFI of patients. For exploring the expression of PUDP in HCC patients, we included two GEO datasets (GSE39791, GSE25097) to perform expression analysis and tumor tissues with paired non-tumor tissues from 15 HCC patients from the tumor tissues bank of Xijing Hospital for qPCR to detect their RNA expression levels, and finally used the HPA database to identify the protein expression of PUDP in HCC patients. All of the results showed that the expression level of PUDP was significantly increased in HCC tissues compared with normal tissues.

To further investigate the role of PUDP in HCC, we divided the HCC patients into PUDP high expression group and PUDP low expression group, and identify the DEGs between the two groups. Co-expression genes are involved in the development of multiple cancers, for example, high expression of SMR3A suggests poor prognosis in patients with head and neck squamous cell carcinoma, and WNT7B promotes gastric cancer progression and metastasis (37, 38). We also found that co-expression genes are mainly involved in antigen binding, neuroactive ligand-receptor interaction, bile secretion pathways.

In recent years, with in-depth research, it has become a consensus that the tumor immune microenvironment is involved in tumor progression. In order to investigate the relationship between PUDP and tumor immune microenvironment, we analyzed the correlation between PUDP and common immune cells in HCC. First, we analyzed the scRNA sequencing data of HCC patients (GSE125449), which showed that PUDP was expressed on CD8Tex, Mono/macrophages, endothelial, fibroblasts, malignant, hepatic progenitor cells, especially on malignant cells with significantly high expression.

Then, we explored the correlation between the expression level of PUDP and various immune cells such as Tregs, CD8+ T cells, MDSCs, CD4+ T cells, macrophages, and CAFs et al. Interestingly, we found that the expression of PUDP was significantly positively correlated with the expression of Tregs, MDSCs, CAFs. Tregs, one subset of T lymphocytes that regulate the immune response according to suppressing the effector T lymphocytes (39, 40). Tregs have been shown to promote tumor development, for example, in non-alcoholic steatohepatitis (NASH) -associated HCC, Tregs interact with neutrophil extracellular traps (NETs) to inhibit immune surveillance to exert oncogenic effects in the early stage of NASH, while in HBV-associated HCC, specifically blocking the infiltration of Tregs could enhance the anti-tumor immunity and Tregs expression correlated with sorafenib resistance and HBV load titers (41, 42). In cancer, the differentiation of myeloid cells is often altered, producing a cohort of immature myeloid cells called MDSCs that have strong immunosuppressive activity and impaired function as antigen-presenting cells (APCs) (43). MDSCs impede dendritic cell function, inhibit T-cell tumor invasion, and reduce the efficacy of current immune checkpoint treatments. Drug-resistant HCC cells have been found to perform the cancer stem cell (CSC) characteristics, which can boost MDSC proliferation and immunosuppressive activity by preferentially secreting IL-6 (44). In the HCC tumor microenvironment, activated hepatic stellate cells (HSCs) are the major source of CAFs and the crosstalk between activated HSC/CAF and tumor cells is associated with tumor cell proliferation, migration, metastasis, and chemoresistance (45). Given that more than 80% of HCC tumors develop in the setting of cirrhosis, which in turn is associated with a large number of activated fibroblasts due to the presence of chronic inflammation, CAFs are known to be critical to the development and progression of HCC and have a significant impact on the clinical outcome of patients (46). According to our findings, PUDP is strongly and positively correlated with a range of tumor-promoting immune cells such as Tregs, MDSCs, and CAFs, suggesting that PUDP may influence the progression and prognosis of patients with HCC by interacting with immunosuppressive cells in the tumor microenvironment. For the mutation of PUDP in HCC patients, we have studied, and the results showed that the mutation form of PUDP in HCC patients existed mainly in amplification, deep deletion.

Furthermore, immunotherapy success is dependent not only on sufficient immune cell infiltration in the TME, but also on enough expression of immune checkpoints. Therefore, the relationship between PUDP and immune checkpoints was analyzed and the results showed that PUDP was significantly and positively correlated with the expression of TIGIT, PD-1, PD-L1, CTLA-4, and other immune checkpoint genes, and the highest correlation was with the expression of the PD-1 gene (r=0.301, p <0.001). Despite the remarkable clinical success of immune checkpoint blockade therapy, most patients do not benefit from immunotherapy (47–49). It is, therefore, crucial to accurately distinguish which patients can benefit from immunotherapy. Using the TIDE algorithm, we found that patients with high PUDP expression were less likely to benefit from ICB. For the first time, we analyzed the correlation between PUDP and therapeutic sensitivity to anticancer drugs. The expression of the PUDP gene was significantly positive with tic10, Nelarabine and negative with AZD-1480, Dovitinib, ITRI-260. Previous studies demonstrated that Dovitinib inhibits the metastasis and invasion of HCC through the antiangiogenic mechanism, and overcomes sorafenib resistance (50, 51).

It has been well documented that miRNAs were involved in the regulation of gene expression (52–54). PITA, RNA22, miRmap, microT, miRanda, PicTar, and TargetScan were used to predict the upstream regulatory miRNAs of PUDP. 19 miRNAs were finally obtained. In HCC, the majority of miRNAs have been found to function as tumor suppressor, for example, upregulated let-7a-5p could prevent HCC progression (55). In the end, the most potential upstream tumor suppressor miRNA for PUDP was identified as let-7c-5p after correlation analysis, expression analysis, and survival analysis. Previous studies demonstrated that sponging let-7c-5p could promote proliferation and migration of HCC (56, 57).

In addition, the relationship between the expression of PUDP and clinical indicators in HCC patients was analyzed using the MEXPRSS database and TCGA HCC cohort. The results revealed that high PUDP expression was common in primary HCC, and there were gender differences. The results of subgroup K-M analysis showed that high PUDP expression in male compared to female was more significant in the prognosis of patients with HCC. We also performed a subgroup K-M analysis for clinical staging and clinical-grade. The results demonstrated high expression of PUDP in the early stage of HCC could indicate a poor prognosis. By incorporating PUDP expression with common clinical indicators, Cox regression analyses were performed, identifying high PUDP expression was an independent risk factor for HCC patients.

This study still has some areas for improvement. First, we lack a prospective clinical cohort study to explore the detailed correlation between PUDP expression and the prognosis and clinical stage of patients with HCC. Second, although based on the previous studies, we can speculate that PUDP expression in serology is consistent with changes in expression in tissues, however, we lack serological data to validate. Finally, the prevalence of COVID-19 has made access to the laboratory very difficult, thus lacking validation of the detailed mechanisms of PUDP in vitro and vivo.



Conclusion

In summary, our findings suggested that PUDP was highly expressed in most tumors and high expression of PUDP indicated the poor prognosis and low response to immunotherapy in HCC. The most potential upstream miRNA of PUDP was identified as let-7c-5p. Mechanistically, we found that PUDP has a strong positive correlation with tumor-promoting immune cells such as Tregs, MDSCs, CAFs. Moreover, there are significantly positive correlations between the PUDP expression and immune checkpoint. These findings enhanced our understanding of PUDP and suggested that PUDP may exert oncogenic effects by the enrichment of tumor immune cell infiltration and expression of immune checkpoints. Finally, the prognostic model was constructed by the data from TCGA and validated by the data from ICGC.
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VSIR is a critical immunomodulatory receptor that inhibits T cell effector function and maintains peripheral tolerance. However, the mechanism by which VSIR participates in tumor immunity in the pan-cancer tumor microenvironment remains unclear. This study systematically explored the prognostic and immune profile of VSIR in the tumor microenvironment of 33 cancers. We compared the expression patterns and molecular features of VSIR in the normal and cancer samples both from the public databases and tumor chips. VSIR level was significantly related to patients’ prognosis and could be a promising predictor in many tumor types, such as GBM, KIRC, SKCM, READ, and PRAD. Elevated VSIR was closely correlated with infiltrated inflammatory cells, neoantigens expression, MSI, TMB, and classical immune checkpoints in the tumor microenvironment. Enrichment signaling pathways analysis indicated VSIR was involved in several immune-related pathways such as activation, proliferation, and migration of fibroblast, T cell, mast cell, macrophages, and foam cell. In addition, VSIR was found to widely express on cancer cells, fibroblasts, macrophages, and T cells in many tumor types based on the single-cell sequencing analysis and co-express with M2 macrophage markers CD68, CD163 based on the immunofluorescence staining. Finally, we predicted the sensitive drugs targeting VSIR and the immunotherapeutic value of VSIR. In sum, VSIR levels strongly correlated with the clinical outcome and tumor immunity in multiple cancer types. Therefore, therapeutic strategies targeting VSIR in the tumor microenvironment may be valuable tools for cancer immunotherapy.
Keywords: VSIR, immunotherapy, macrophages, t cells, tumor microenvironment
INTRODUCTION
The emergence of new diagnostic methods and therapeutic strategies over the past few decades has significantly improved the quality of life and survival in patients with advanced cancers (Davis et al., 2017; Arnold et al., 2019). The 5 year relative survival was more than 60% for all cancers combined based on the global cancer epidemiological survey calculated by the National Cancer Control Indicators. Cancer mortality has steadily declined from its peak in 1991–2018, with an overall decrease of more than 30% (Siegel et al., 2020). However, the prognosis in patients with malignant cancers remains far from satisfactory. For example, the 5-year survival rate was high for cancer of the prostate (95%), melanoma (92%), and female breast cancer (91%). In comparison, it was low for cancers of the pancreas (11%), lung cancer (19%), liver cancer (20%), and central nervous system (CNS) tumors (22%) (Bach et al., 2020). In addition, the number of new diagnostic cancer cases and cancer-related deaths are still high. For example, a recent study indicated that there would be more than 1.8 million new cancer cases and nearly 600,000 million cancer deaths expected in the United States in 2021 (Siegel et al., 2021).
Cancer cells are located in a complex and dynamic ecosystem called the tumor microenvironment (TME). TME consists of cancer cells, non-malignant cells, blood vessels, extracellular matrix (ECM), various cytokines, and growth factors (Baghban et al., 2020; Yang et al., 2022). Both factors decided the tumor formation and development, including genetic variation and the rearrangement of the components of the TME through interconnections (Jahanban-Esfahlan et al., 2017). Increasing evidence revealed that tumor immunity regulated by infiltrated inflammatory cells in the TME plays an essential role in the whole process of tumorigenesis and metastasis (Vitale et al., 2019; Lim et al., 2020; Sahai et al., 2020; Zhang et al., 2021c; Ping et al., 2021). Significantly, the specific antibodies that block immune checkpoints secreted by immune infiltrates have become a novel weapon in fighting cancer and have achieved good results in preclinical studies (Dyck and Mills, 2017; Zhang et al., 2018; He and Xu, 2020). For example, programmed death 1 (PD-1) and the cytotoxic T-lymphocyte-associated antigen 4 (CTLA-4) are the top two crucial immune checkpoints that are mainly produced by activated T cells in the TME (Gao et al., 2020; Zhang et al., 2021a). Both play an essential role in negatively mediating T cell immune function during different stages of T-cell activation in tumor immunity. The regulation of PD-1 and CTLA-4 levels in the TME has significantly affected the immunotherapy response and therapeutic effect (Qin et al., 2019). Therefore, discovering and understanding the in-depth mechanisms of new immune checkpoints could prolong the survival time of cancer patients and improve their quality of life.
V-Set Immunoregulatory Receptor (VSIR), also known as VISTA, C10orf54, PD-1H, B7H5, GI24, PP2135, SISP1, is a type 1 transmembrane protein that comes from the immunoglobulin superfamily (Yoon et al., 2015). Two potential protein kinase C binding sites and proline docking residues construct the VSIR cytoplasmic tail domain, indicating that VSIR can act as a receptor or ligand in cellular progress (Le Mercier et al., 2015). Multiple cell types can express VSIR, such as cancer cells, neutrophils, monocytes, macrophages, dendritic cells (D.C.s), and T cells in humans and mice (Flies et al., 2011; Lines et al., 2014). Previous studies have found that VSIR is widely involved in various physiological and pathological processes, including regulating peripheral tolerance, inducing T cell activation and differentiation, and mediating tumor immunity (ElTanbouly et al., 2019; Hosseinkhani et al., 2021). Thus, growing evidence indicated that VSIR might be a promising target for tumor immunotherapeutic intervention in the TME.
To date, most evidence has focused on the suppressive effect role of VSIR in the immune system and the ability to regulate antitumor immunity. However, the mechanisms of VSIR in tumor immunity regulation remain controversial. There are also compelling studies that do not support the value of VSIR as an immunotherapy target. VSIR plays both negative and positive roles in tumor immunity. Upregulated VSIR on the tumor-infiltrating myeloid cells has been found to promote tumor growth through suppressing T cell immunity (Mulati et al., 2019). The specific antibody that neutralizes VSIR can effectively suppress tumor growth in mouse models (Le Mercier et al., 2014). A previous study indicated that higher VSIR levels are related to better clinical prognosis in epithelioid mesothelioma cancer (Muller et al., 2020), non-small-cell lung cancer (Villarroel-Espindola et al., 2018), and esophageal adenocarcinoma (Villarroel-Espindola et al., 2018). However, Lawrence F. Kuklinski et al. found that increased VSIR was associated with unfavorable DSS in primary cutaneous melanoma (Kuklinski et al., 2018).
Therefore, in this study, we systematically investigated the predictive value of VSIR in pan-cancer using large-scale RNA-sequencing (RNA-seq) data from the public databases. We also explored the relationship between VSIR and immune infiltration in different cancer TME. Meanwhile, the co-expression of VSIR on infiltrated inflammatory cells was studied from both online databases and tumor chip data. In addition, we evaluated the immunotherapy value of VSIR in pan-cancer from various immunotherapy cohorts. Finally, we predicted many sensitive small molecule drugs based on VSIR expression from the public databases.
MATERIALS AND METHODS
Data Collection and Collation
We obtained the RNA-seq data from the TCGA (pan-cancer) (https://portal.gdc.cancer.gov/), GETX (normal control) (https://gtexportal.org/home/), and CCLE (cancer cell lines) (https://sites.broadinstitute.org/ccle/) datasets. In addition, the single-cell sequencing data were downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/), including invasive breast carcinoma (BRCA, GSE75688, and GSE118389), cholangiocarcinoma (CHOL, GSE125449), colon adenocarcinoma (COAD, GSE81861), head and neck squamous cell carcinoma (HNSC, GSE103322), liver hepatocellular carcinoma (LIHC, GSE125449), bladder cancer (BLCA, GSE145137), kidney renal clear cell carcinoma (KIRC, GSE121636 and GSE171306), ovarian serous cystadenocarcinoma (OV, GSE118828), prostate adenocarcinoma (PRAD, GSE137829), skin cutaneous melanoma (SKCM, GSE72056), stomach adenocarcinoma (STAD, GSE183904). Besides, the single-cell sequencing data of glioblastoma multiforme (GBM, SCP50, and SCP393) was downloaded from the Single Cell Portal platform (http://singlecell.broadinstitute.org); the single-cell sequencing dataset of LUAD was downloaded from the BioProject (PRJNA591860).
Identification of Relevant Features
The mutant genetic aspects of VSIR were analyzed by the GSCA(Liu et al., 2018) (http://bioinfo.life.hust.edu.cn/GSCA/) and CBIOPORTAL (https://www.cbioportal.org/) databases. The Kaplan-Meier (KM) analysis with log-rank test was used to calculate the disease-specific survival (DSS) and overall survival (OS) of pan-cancer patients (Lanczky and Gyorffy, 2021). We explored the immune characteristics of VSIR through TIMER 2.0 (Li et al., 2017) (https://cistrome.shinyapps.io/timer/) and R package (immunedeconv). The gene set variation analysis (GSVA) based on Gene Ontology (GO) terms and the gene set enrichment analysis (GSEA) based on Kyoto Encyclopedia of Genes and Genomes (KEGG) and HALLMARK gene sets were used to identify the enriched signaling pathways related to VSIR. The TIDE (http://tide.dfci.harvard.edu) and TISMO (http://tismo.cistrome.org) websites were selected to evaluate the immunotherapy value of VSIR. The involvement of VSIR in diseases and aid systematic drug target identification and prioritization was identified from the OPEN TARGET platform (https://www.targetvalidation.org/). The GSCA database was used to predict sensitive drugs based on VSIR expression. The GSCA data contains over 750 small-molecule drugs from GDSC and CTRP for 10,000 genomic data across 33 cancer types.
Single-Cell Sequencing Analysis
The single-cell sequencing data of BRCA was integrated using the R package Seurat. Quality control was conducted by the R package (Seurat) (Butler et al., 2018). Principal component analysis (PCA) was used for dimension reduction. FindClusters function was used to cluster cells. The R package, infercnv, and copykat were applied to explore the identification of tumor cells. The UMAP function was used for the visualization of dimensionality reduction. Vlnplot, Dimplot, and Featureplot were used for visualizing VSIR expression.
Immunofluorescence Staining
We obtained the tissue microarray from the Outdo Biotech company (HOrg-C110PT-01, total number of cases: 69 cases, total points: 110 points, Shanghai, China). The tissue microarray was approved by the Ethics Committee. Each tumor/normal tissue has three to eight cores (diameter 1.5 mm). The primary Abs were VSIR (Rabbit, 1:200, Proteintech, China), CD68 (Rabbit, 1:3000, AiFang biological, China), CD163 (Rabbit, 1:3000, Proteintech, China), CD8 (Mouse, 1:3000, Proteintech, China). The secondary antibody was horseradish peroxidase-conjugated secondary antibody incubation (GB23301, GB23303, Servicebio, China), and the tyramide signal amplification was TSA (FITC-TSA, CY3-TSA, 594-TSA, and 647-TSA (Servicebio, China)). Multispectral images were analyzed, and positive cells were quantified at single-cell levels by Caseviewer (CV 2.3, CV 2.0) and Pannoramic viewer (PV 1.15.3) image analysis software. Negative control procedures included the omission of the primary antibody.
Statistical Analysis
We calculated the optimal cutoff of VSIR using the R package (survminer). Student’s t-test and Kruskal-Walli’s test were performed to compare VSIR expression in the tumor and normal samples. In addition, the log-rank test was used to explore the survival differences between VSIR-high and VSIR-low groups regarding OS and DSS. All tests were two-sided, and p < 0.05 was statistically significant.
RESULTS
VSIR Expression and Mutation Characteristics in Normal and Cancer Samples
First, to comprehensively describe the expression profile of VSIR in normal and cancer specimens, we download the RNA-seq data from three public databases. It was found that VSIR is expressed in 31 normal tissues in the GTEx database, among which the top five tissues with the highest VSIR content are blood, spleen, nerve, lung, and adipose tissue (Figure 1A). Results from the CCLE database showed the differential expression profile of VSIR in 38 tumor cell lines, among which the top three cell lines enriched by VSIR are AML, giant cell tumor, and upper aerodigestive (Figure 1B). We also compared the VSIR levels in the tumor samples and counterparts based on the GTEx and TCGA databases (Figure 1C). VSIR is significantly upregulated in the tumor than normal samples in GBM, STAD, CHOL, LIHC, pancreatic adenocarcinoma (PAAD), brain lower-grade glioma (LGG), kidney renal clear cell carcinoma (KIRC), and acute myeloid leukemia (LAML) (P<0.001). On the contrary, VSIR is significantly decreased (P<0.001) in the tumor than normal samples in OV, THYM, SKCM, PRAD, BRCA, esophageal carcinoma (ESCA), cervical squamous cell carcinoma (CESC), uterine corpus endometrial carcinoma (UCEC), bladder urothelial carcinoma (BLCA), lymphoid neoplasm diffuse large B-cell lymphoma (DLBC), lung adenocarcinoma (LUAD), kidney chromophobe (KICH), thyroid carcinoma (THCA), lung squamous cell carcinoma (LUSC), rectum adenocarcinoma (READ), and uterine carcinosarcoma (UCS) (P<0.001). These results were also verified through immunofluorescence staining (Figure 1D). In addition, we found that VSIR levels in the normal samples were higher than in cancer samples in upper tract urothelial cancer (UTUC) and Penile squamous cell carcinoma (PSCC), while laryngeal squamous cell carcinoma (LSCC) samples had higher VSIR expression than normal samples. Interestingly, PRAD samples with higher Gleason scores 8) have more VSIR than lower Gleason scores (6). Together with previous studies, these results help to illustrate the variable role of VSIR in different cancer types.
[image: Figure 1]FIGURE 1 | Expression profiles of VSIR in the normal and tumor tissues. VSIR levels in the 31 human tissues (A) and tumor cell lines (B). VSIR levels in the tumor and normal samples were analyzed by the R language (C). VSIR expression was revealed by immunofluorescence staining (D). ***p < 0.001, NS: no significant differences.
Meanwhile, we analyzed the mutation profiles of VSIR in pan-cancer using the cBioportal and GSCA datasets (Supplementary Figure S1). The results indicated that the top two cancers with the highest mutation levels are SKCM and STAD, with a mutation frequency above 4% (Supplementary Figures S1A, B). A total of 90 mutation sites (including seventy-five missenses, nine truncating, three splices, two fusions, and one inflame) were detected between amino acids 0 and 311 (Supplementary Figure S1C). We also summarized the survival profile between gene set copy number variation (CNV) groups in pan-cancer (Supplementary Figure S1D; Supplementary Table S1). There is a significant correlation between the survival time of LGG patients and gene set CNV (P<0.0001). The survival difference between gene set mutant (deleterious) and broad type in pan-cancer was also revealed in Supplementary Figure S1E; Supplementary Table S2.
Prognostic Value of VSIR in Pan-Cancer
Next, we clarified the predictive value of VSIR in pan-cancer based on the KM analysis. VSIR was closely related to OS (Figure 2A) and DSS (Figure 2B) of multiple cancers. High VSIR levels are associated with longer OS than low VSIR levels in CESC, DLBC, SARC, kidney renal papillary cell carcinoma (KIRP), HNSC, KIRC, mesothelioma (MESO), and SKCM (Figure 2C; P<0.05). High VSIR expression, however, is related to shorter OS than low VSIR levels in GBM, KICH, LUSC, PAAD, LAML, LIHC, THCA, testicular germ cell tumor (TGCT), THYM, READ, OV, uveal melanoma (UVM), and UCEC (Figure 2C; P<0.05). In addition, we also found that elevated VSIR is associated with longer DSS in CHOL, KIRC, KIRP, MESO, PRAD, SARC, SKCM, and THCA (Supplementary Figure S2; P<0.05). On the contrary, elevated VSIR is related to shorter DSS in GBM, LIHC, OV, PAAD, TGCT, UCEC, and UVM (Supplementary Figure S2; P<0.05).
[image: Figure 2]FIGURE 2 | Prognostic value of VSIR in pan-cancer. Survival analysis of VSIR on OS (A) and DSS (B) in pan-cancer described by the forest plot. K. M. analysis of VSIR on OS (C).
Immune Characteristics of VSIR in Pan-Cancer TME
Then, we explored the immune features of VSIR in the tumor microenvironment among these cancers. We found that VSIR levels are positively related to immune score (Supplementary Figure S3), estimate score (Supplementary Figure S4), and stromal score (Supplementary Figure S5) in almost all cancers. Especially BLCA, BRCA, and CESC are the top three cancers most related to immune and estimate scores (P<0.001); BLCA, BRCA, and COAD are the top three cancers most related to stromal score (P<0.001). Furthermore, it was found that VSIR expression is most positively correlated with immune infiltrates (B cell, CD4+, and CD8+ T cells, DCs, macrophages, and neutrophils) in ACC, BRCA, and CHOL (Supplementary Figure S6A; P<0.05). In addition, we also studied the relationship between VSIR expression and other infiltrated inflammatory cells in pan-cancer using six latest algorithms, including EPIC (Figure 3A), TIMER (Figure 3B), MCP-counter (Figure 3C), quanTIseq (Figure 3D), CIBERSORT (Supplementary Figure S6B), and xCell (Supplementary Figure S6C). VSIR expression was positively related to various infiltrated inflammatory cells in most cancer types. Increased VSIR kept a significant correlation with B cell, T cell, macrophages, neutrophils, NK Cells and monocytes in BLCA, BRCA, COAD, CESC, LGG, GBM, HNSC, KICH, KIRC, LIHC, LUAD, PAAD, PCPG, READ, SKCM, STAD, TGCT, and UCEC (P<0.05).
[image: Figure 3]FIGURE 3 | Correlation between VSIR and infiltrated inflammatory cells analyzed by the immunedeconv algorithm. Immune cell infiltration analyzed by the EPIC (A), TIMER (B), MCP-counter (C), quanTIseq (D) algorithms. *p < 0.05, **p < 0.01, ***p < 0.001.
Moreover, we demonstrated signaling pathways related to VSIR expression based on GOBP terms. A series of immune-related signaling pathways closely related to VSIR were discovered in pan-cancer, such as activation of lymphocytes involved in immune response, infiltrated inflammatory cells (fibroblast, T cell, mast cell, macrophages, and foam cell) activation, proliferation, and migration (Figure 4A; P<0.05). Based on the KEGG gene set, the top three negative enriched pathways were chemokine signaling, cytokine-cytokine receptor interaction, and cell adhesion molecules CAMs (Figure 4B; P<0.001); the top four positive enriched pathways were Parkinson’s disease, Alzheimer’s disease, oxidative phosphorylation, and Huntington’s disease (Figure 4C; P<0.001). This result indicated that VSIR might play a crucial role in CNS diseases through various immune-related pathways. Based on the HALLMARK gene set, the top three negative enriched pathways were inflammatory response, complement, and IL-6/JAK/STAT3 signaling (Figure 4D; P<0.001); the top four positive enriched pathways were unfolded protein response, DNA repair, MYC targets V1, and oxidative phosphorylation (Figure 4E; P<0.001).
[image: Figure 4]FIGURE 4 | Functional pathways analysis of VSIR in pan-cancer. Enrichment pathways analysis of VSIR from the GSVA algorithm (A). Top three negative (B) and top four positive (C) enrichment pathways of VSIR from the KEGG terms. Top three negative (D) and top four positive (E) enrichment pathways of VSIR from the HALLMARK terms.
Meanwhile, we calculated the relationship between VSIR expression and other immune checkpoints using Sangerbox (Supplementary Figure S7A) and immunedeconv (Supplementary Figure S7B) algorithms. Results indicated that VSIR levels significantly positively correlated with these immune checkpoints in many cancers, especially in BRCA, COAD, LIHC, SKCM, PRAD, TGCT, and UVM (P<0.05). SIGLEC15, IDO1, CD274, HAVCR2, PDCD1, CTLA-4, LAG3, and PDCD1LG2 are transcripts related to immune checkpoints. We found that VSIR was closely correlated with these markers in most cancers, especially in BRCA, COAD, LUAD, LUSC, PAAD, PRAD, and SKCM (P<0.05). VSIR levels in COAD are positively correlated with microsatellite instability (MSI) (P<0.0001), while negatively related to MSI in HNSC, LUSC, MESO, PCPG, READ, PRAD, SKCM, STAD, and TGCT (Supplementary Figures S8A, C; P<0.05). VSIR levels are positively correlated with tumor mutation burden (TMB) in COAD, SARC, UVM, and THYM(P<0.01), while negatively related to TMB in DLBC, GBM, LAML, LIHC, LUAD, LUSC, PRAD, SARC, SKCM, STAD, and THCA (Supplementary Figures S8B, D; P<0.05). VSIR levels are closely related to expressions of mismatch repair system genes (MMRs) in many cancers, such as BRCA, KIRC, LGG, and LIHC (Supplementary Figure S8E; P<0.01). VSIR was associated with neoantigen numbers in BRCA, STAD, THCA, BLCA, and PRAD (Supplementary Figure S9; P<0.05).
Furthermore, to comprehensively clarify the predictive value of VSIR in pan-cancer, we merged all the cancer datasets we used in this study and divided them into two groups regarding VSIR expression, prognostic role, and association with tumor immunity (Figure 5; Supplementary Figures S10). Results showed that low expression of VSIR correlates with longer OS and predicts a better prognosis in pan-cancer (Figure 5A; P<0.001). In the group with high VSIR expression, high immune score (Figure 5B; P<0.001), estimate score (Figure 5C; P<0.001) and stromal score (Figure 5D; P<0.001) indicate poor outcome in pan-cancer. We also explored the immune infiltrates in the TME based on VSIR levels in pan-cancer. A large number of immune cell types were found to upregulate in the VSIR high expression group, such as activated B cell, T cells, eosinophil, mast cell, macrophage, monocyte, NK cell and neutrophil (Figure 5E; P<0.0001). High scores are also associated with unfavorable prognosis in LGG (Figure 5F; P<0.01), favorable prognosis in KIRC (Figure 5G; P<0.05), unfavorable prognosis in TGCT (Figure 5H; P<0.05), unfavorable prognosis in UVM (Figure 5I; P<0.05). These results revealed that the extent to which VSIR correlates with immune cell infiltration can be used to explain prognostic outcomes.
[image: Figure 5]FIGURE 5 | Role of VSIR in pan-cancer regarding VSIR expression, prognostic role, and association with tumor immunity. Survival analysis of VSIR in pan-cancer based on VSIR levels (A), immune score (B), estimate score (C), stromal score (D). Immune infiltrates in pan-cancer based on VSIR levels (E). Survival analysis of VSIR regarding expression and score in LGG (F), KIRC (G), TGCT (H) and UVM (I). ****p < 0.0001.
Co-Expression of VSIR With Tumor and Inflammatory Cells
To fully clarify the role of VSIR in the TME in pan-cancer, we used single-cell sequencing analysis to observe the co-expression of VSIR with tumor and inflammatory cells in BLCA (Figure 6A), CHOL (Figure 6B), HNSC (Figure 6C), KIRC (Figure 6D), LUAD (Figure 6E), GBM (Figure 7A), BRCA (Supplementary Figure S11A), COAD (Supplementary Figure S11B), LIHC (Supplementary Figure S11C), and STAD (Supplementary Figure S11D). VSIR was found to co-expression with cancer cells and various inflammatory cells, such as T cells, B cells, regulatory T cells (Tregs), macrophages, M2 macrophages, cancer-associated fibroblasts (CAFs), monocytes, microglial cells, and astrocytes. Our previous enrichment pathway analysis indicated that VSIR might play an important role in CNS diseases, so we focused on the part of VSIR in BGM (Figure 7). We performed and defined three cell states using pseudotime trajectory analysis, in which VSIR expression increased as pseudotime increased (Figure 7B). VSIR was most expressed in state three compared with states 1 and 2 (Figure 7C). G.O. enrichment analysis revealed that as pseudotime increased, the top 10 signaling pathways enriched by upregulated genes are shown in Figure 7D. The top 10 signaling pathways enriched by downregulated genes are shown in Figure 7E. The top 100 downregulated and upregulated genes with the increase in pseudotime are shown in Figure 7F.
[image: Figure 6]FIGURE 6 | Single-cell sequencing analysis of VSIR in the TME. The relationship between VSIR levels and cancer cells and stromal cells in BLCA (A), CHOL (B), HNSC (C), KIRC (D), LUAD (E).
[image: Figure 7]FIGURE 7 | Immune characteristics of VSIR in the TME in GBM. Immune features of VSIR in the TME were explored by the single-cell sequencing analysis (A) and pseudotime trajectory analysis (B, C). GO enrichment analysis revealed pathways based on the upregulated genes (D) and downregulated genes (E). In addition, the top 100 downregulated and upregulated genes increase pseudotime (F).
We also observed the co-expression of VSIR with T cells (CD8), macrophages (CD68), and M2 macrophages (CD163) in GBM (Figure 8A), LSCC (Figure 8B), THCA (Figure 8C), UTUC (Figure 8D), BLCA (Figure 8E), CESC (Figures 8F,G), PSCC (Figure 8H), and TGCT (Figure 8I) using multiplex immunofluorescence staining (Figure 8J). VSIR was found to co-expression with CD163+ cells in these cancers, including GBM, LSCC, BLCA, CESC, PSCC, and TGCT. In addition, VSIR was found to co-expression with CD8+ in LSCC and PSCC.
[image: Figure 8]FIGURE 8 | Triple immunofluorescence analyzes the co-expression of VSIR on T cells, macrophage, and M2 macrophage. The co-expression of VSIR with CD8+, CD68+, and CD163 + cells in LGG and GBM (A), LSCC (B), THCA (C), UTUC (D), BLCA (E), CESC (F, G), PSCC (H), TGCT (I). Immunofluorescence staining of CD8, CD68, CD163, VSIR and DAPI (J).
Immunotherapy Value of VSIR in Pan-Cancer
Finally, we predicted the immunotherapy value of VSIR in pan-cancer based on the public databases. Biomarker relevance of VSIR was calculated by comparing it with standardized biomarkers based on their predictive power of response outcomes and OS of human immunotherapy cohorts. VSIR alone had an AUC of more than 0.5 in seven of 25 immunotherapy cohorts (Figure 9A). VSIR has the similar predictive value with B. Clonality (AUC >0.5 in seven immunotherapy cohorts). However, the predictive value of VSIR was lower than the MSI score, CD274, TIDE, IFNG, and CD8, which respectively gave AUC values above 0.5 in 13, 21, 18, 17, 18 immunotherapy cohorts. Interestingly, VSIR was found to significantly predict immunotherapy response in 15 murine immunotherapy cohorts based on in vivo studies (Figure 9B) and five murine cytokine treatment cohorts based on in vitro studies (Figure 9C). We then predicted sensitive small molecules and drugs based on VSIR levels through the public databases. The expression of each gene in the gene set was performed by Spearman correlation analysis with the small molecule/drug sensitivity (IC50). The positive correlation means that the gene is resistant to the drug and the negative correlation means that the gene is sensitive to the drug. Many sensitive drugs negatively correlated with VSIR expression were found based on the GDSC database. The top three drugs are sunitinib, WZ-1-84, and gefitinib (Figure 9D and Supplementary Table S3; p < 0.0001). Many resistant drugs positively correlated with VSIR expression were found based on the CTRP database. The top three drugs are belinostat, necrosulfonamide, and marinopyrrole A (Figure 9E and Supplementary Table S4; p < 0.0001).
[image: Figure 9]FIGURE 9 | Immunotherapeutic value of VAIR in pan-cancer. The predictive value of VSIR in 25 immunotherapy cohorts (A). Immunotherapy response of VSIR in murine immunotherapy cohorts based on in vivo studies (B) and in vitro studies (C). Correlation between VSIR expression and drug sensitivity from the GDSC (D) and CTRP (E) datasets.
DISCUSSION
In this paper, we discussed the expression profile and prognostic value of VSIR in pan-cancer. VSIR levels are higher in the tumor than normal samples in GBM, STAD, CHOL, LIHC, PAAD, LGG, KIRC, and LAML, while being lower in OV, THYM, SKCM, PRAD, BRCA, ESCA, CESC, UCEC, BLCA, DLBC, LUAD, KICH, THCA, LUSC, READ, UCS. Meanwhile, we found that VSIR has an excellent predictive value in these cancers, which will provide new directions for future research on the function of VSIR in tumor immunity in these cancers.
Tumor-infiltrating inflammatory cells play a vital role in the progress of tumor formation, growth, metastasis, and recurrence. For example, As an indispensable component for mediating immune homeostasis, Tregs play essential roles in tumor immunity by inhibiting the activation and differentiation of CD4+ helper T cells and CD8+ cytotoxic T cells (Newton et al., 2016). In the progress of tumor immune response, Tregs differentiated from ordinary T cells can secrete TGF-β, IL-10, and IL-35, which suppress antitumor immunity and promote the formation and progression of tumors (Li et al., 2020). Recently, attempts to target CAFs for benefit have become a promising way to improve cancer therapy. CAFs regulate cancer metastasis through a series of complex mechanisms, including rebuilding the ECM, inducing growth factors, influencing drug resistance and immunotherapy response, remodeling the interactions with cancer cells, and infiltrating inflammatory cells (Sahai et al., 2020). In this study, we clarified the correlation between VSIR expression and infiltrated immune cells in the TME among these cancers through public databases, single-cell sequencing analysis, and multiplex immunofluorescence staining. Tumor-associated macrophages (TAMs) regulate inflammation and initiate, facilitate, or inhibit cancer development by affecting other immune cells and producing various factors, including nitric oxide, VEGF, EGF, and TGF-β(Zhang et al., 2021b; Duan and Luo, 2021; Zhang N. et al., 2021). VSIR plays a key role in reprogram and restrain macrophage inflammatory differentiation by regulating factors that mediate macrophage tolerance and inflammation during immune response. Anti-VSIR antibody treatment was found to induce mediators involved in both M2 macrophages polarization (up-regulated IL-10, miR-221, A20 and IRG1) and suppress mediators of M1 macrophages polarization (down-regulated IRF5 and IRF8) (ElTanbouly et al., 2020). scRNA-seq technology analysis indicated that macrophages derived from VSIR−/- mice and macrophages derived from WT mice exhibit heterogeneity in certain subtypes and have different functions. Especially, the expression levels of Hspb1, Cebpb, Gm8797, Bag3 and interferon-stimulated gene Ifit1 were upregulated in the macrophages from VSIR−/- mice skin lesions compared to WT controls (Qie et al., 2020). Increasing studies have found that according to different subtypes (anti-tumorigenic neutrophils and pro-tumorigenic neutrophils), tumor-associated neutrophils (TANs) play diametrically opposite effects in tumor immunity (Galli et al., 2020). It was found that VSIR maintains a close relationship with these inflammatory cells in most cancers, especially with T cells, CAFs, macrophages, M2 macrophages, Tregs, neutrophils, monocytes, microglial cells, and astrocytes. VSIR was found to engage in several immune-related signaling pathways, such as regulating the activation, proliferation, and migration of fibroblast, T cell, mast cell, macrophages, and foam cell. In addition, the co-expression of VSIR on M2 macrophages and T cells was also detected in our tumor chip.
The B7 protein is expressed on activated antigen-presenting cells and can bind to classical immune checkpoints on T cells, such as CD28, PD-L1, and CTLA-4 (Chaudhri et al., 2018; Du et al., 2018). Structural analysis revealed similar functional domains between VSIR and B7 family members, containing a conserved IGV-like fold. Phylogeny and protein sequence analysis show that VSIR is also partially homologous to PD-1 and CTLA-4 (Nowak et al., 2017). Thus, the VSIR signaling pathway has increasingly become a promising immunotherapy target in anti-cancer treatment in recent years. Although the VSIR antagonist’s monotherapy did not show any effect based on preclinical studies, the combination of VSIR and CTLA-4 or PD-1 significantly reduced the number of tumor-recruiting T cells, thereby inducing antitumor responses against squamous cell carcinoma (Kondo et al., 2016). In addition, studies have found that patients who show resistance to PD-1/CTLA-4-targeting therapies may benefit from VSIR blockade (Kong et al., 2021). Moreover, CA-170, an orally administered dual inhibitor of VISTA and PD-L1, has shown clinical efficacy in phase I and II clinical trials in several advanced solid tumor types (Sasikumar et al., 2021). This paper comprehensively explored the relationship between VSIR and other immune checkpoints. We found that VSIR exhibited a close positive correlation with these immune checkpoints in most cancers, especially with LAIR1, HAVCR2, SIGLEC15, IDO1, CD274, HAVCR2, PDCD1, CTLA-4, LAG3, and PDCD1LG2. In addition, we discovered that VSIR expression is positively associated with the immune score, estimate score, and stromal score in these cancers. In addition, to fully clarify the immune aspects of VSIR in pan-cancer, we merged all the samples we used in this study and divided them into two groups based on VSIR levels and scores. We detected increased expression of a large number of infiltrating immune cells in the VSIR high expression group, including activated B cells, T cells, eosinophils, mast cells, macrophages, monocytes, NK cells and neutrophils. In the high VSIR expression group, patients with high immune, estimate and stromal score had poorer outcome in pan-cancer, especially in LGG, TGCT, and UVM. These results re-emphasize that irrespective of the difference in levels of its expression, VSIR is significantly associated with tumor immunity across different cancers. MMRs are a group of particular genes that identify genetic error pairs and initiate repair (Tamura et al., 2019). We found that VSIR levels are closely related to mutations of mismatch repair system genes (MMRs) in several cancers, such as BRCA, KIRC, LGG, and LIHC. Tumor neoantigens, including antigens produced by cancer cells and antigens produced by mutant proteins, have been considered a new approach to cancer immunotherapy (Zhang Z. et al., 2021). VSIR was associated with neoantigen numbers in BRCA, STAD, THCA, BLCA, and PRAD. Taking these data together, we speculate that VSIR plays a pivotal role in tumor immunity by affecting the functions of many inflammatory cells and can be used as a novel immunotherapy target in the process of tumor treatment in the future.
The past few decades have witnessed exciting breakthroughs that help us understand tumor immunity’s specific mechanisms and pathways (Ventola, 2017). However, even with these advances, cancer immunotherapy still has limitations. For example, obstacles such as the inability to predict immunotherapy efficacy and patient response, the lack of sensitive drugs and development of treatment resistance, and the difficulty in finding the optimal biomarkers are still the main factors hindering the benefit of cancer patients. Therefore, in the last of this paper, we identified the therapeutic value of VSIR in 25 immunotherapy cohorts through the public databases. We found that VSIR alone had predictive value in seven of 25 immunotherapy cohorts. Furthermore, in several immunotherapy cohorts, VSIR has the similar predictive value with B. Clonality. However, the predictive value of VSIR was lower than the MSI score, CD274, TIDE, IFNG, and CD8 in more than 10 immunotherapy cohorts. Of note, we found VSIR can predict immunotherapy response in 15 murine immunotherapy cohorts based on in vivo studies and five murine immunotherapy cohorts based on in vitro studies. Furthermore, a series of sensitive small molecules and drugs were found based on the GDSC and CTRP database, further increasing the benefits of targeting the highly expressed VSIR in the TME in tumor immunotherapy. The top five sensitive drugs were sunitinib, WZ-1-84, gefitinib, afatinib, and sorafenib based on the VSIR expression from the GDSC database. The top three drugs positively correlated with VSIR expression were LY-2183240, vincristine, and entinostat, which means VSIR is resistant to these drugs. For example, afatinib, gefitinib, and sunitinib are EGFR inhibitors, which have been confirmed by many clinical trials, which can significantly inhibit the growth, metastasis and angiogenesis of various cancers, and increase the apoptosis of tumor cells. Especially for patients with the NSCL, HNSC, MESO, KIRC, leukemia, and KIRC, these drugs can significantly benefit them and prolong the time of tumor recurrence (George et al., 2009; Bang et al., 2011; Rizzo and Porta, 2017; Deeks and Keating, 2018). Excitingly, our results indicated that elevated VSIR levels are associated with better outcome than low VSIR levels in CESC, DLBC, SARC, KIRP, HNSC, KIRC, MESO, and SKCM. These data provide a new perspective for us to expand the therapeutic range of these drugs and develop new targeted drugs for those tumors whose prognosis is correlated with VSIR expression.
It should be noted that in cancer types with high infiltration of M2 macrophages and high expression of VSIR, patients with the corresponding cancers were associated with decreased survival, which might also partly explain the observation that VSIR behaves similarly in some cancers. Likewise, in cancer types with weakened activation of immune response and high expression of VSIR, patients with the corresponding cancers were almost uniformly associated with decreased survival. Notably, in cancer types with the negative correlation between VSIR and TMB, patients with the corresponding cancers were also associated with decreased survival. Taken together, VSIR was likely to induce an immune suppressive microenvironment in some cancers, which could lead to the tumor progression and decreased survival of patients.
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Background: Lung adenocarcinoma (LUAD) accounts for the majority of lung cancers, and the survival of patients with advanced LUAD is poor. The extracellular matrix (ECM) is a fundamental component of the tumor microenvironment (TME) that determines the oncogenesis and antitumor immunity of solid tumors. However, the prognostic value of extracellular matrix-related genes (ERGs) in LUAD remains unexplored. Therefore, this study is aimed to explore the prognostic value of ERGs in LUAD and establish a classification system to predict the survival of patients with LUAD.
Methods: LUAD samples from The Cancer Genome Atlas (TCGA) and GSE37745 were used as discovery and validation cohorts, respectively. Prognostic ERGs were identified by univariate Cox analysis and used to construct a prognostic signature by Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis. The extracellular matrix-related score (ECMRS) of each patient was calculated according to the prognostic signature and used to classify patients into high- and low-risk groups. The prognostic performance of the signature was evaluated using Kaplan–Meier curves, Cox regression analyses, and ROC curves. The relationship between ECMRS and tumor immunity was determined using stepwise analyses. A nomogram based on the signature was established for the convenience of use in the clinical practice. The prognostic genes were validated in multiple databases and clinical specimens by qRT-PCR.
Results: A prognostic signature based on eight ERGs (FERMT1, CTSV, CPS1, ENTPD2, SERPINB5, ITGA8, ADAMTS8, and LYPD3) was constructed. Patients with higher ECMRS had poorer survival, lower immune scores, and higher tumor purity in both the discovery and validation cohorts. The predictive power of the signature was independent of the clinicopathological parameters, and the nomogram could also predict survival precisely.
Conclusions: We constructed an ECM-related gene signature which can be used to predict survival and tumor immunity in patients with LUAD. This signature can serve as a novel prognostic indicator and therapeutic target in LUAD.
Keywords: lung adenocarcinoma, extracellar matrix, prognostic signature, tumor micoenvironment, immunotharapy
INTRODUCTION
With approximately 1.8 million new cases diagnosed annually, lung cancer remains the primary cause of cancer-related death globally (Ferlay et al., 2015). Non-small-cell lung carcinoma is the main histological type of lung cancer, and LUAD is the most common subtype. The reported 5-years survival rate of non-small-cell lung cancer patients across all stages of the disease is 26% (American Cancer Society, 2017). The rising incidence of lung cancer and poor survival of patients call for robust biomarkers to predict patient outcomes.
The extracellular matrix (ECM) is defined as the acellular component of tissues that can provide biochemical and biophysical support for cells. ECM genes can be broadly divided into core- and matrisome-related molecules. The major components of the ECM include collagens, glycoproteins, proteoglycans, and other molecules, such as hyaluronan and galectin. As a fundamental component of organisms, the ECM is essential for organ development and cell communication. The ECM is also an important constituent of solid tumors and can be altered through time and space to create a microenvironment that facilitates oncogenesis and progression (Peng et al., 2017; Pearce et al., 2018; Mierke, 2019; Cox, 2021). Alterations in the components or organization of the ECM can modulate a series of signaling pathways that regulate cell proliferation, differentiation, migration, and other behaviors (Nebuloni et al., 2016; Peng et al., 2017; Fattet et al., 2020). Some studies have revealed the prognostic role of ECM-related genes in cancer. An ECM-associated gene signature has been found to correlate with patient outcomes in early-stage non-small-cell lung cancer (Lim et al., 2017). Downregulation of lumican and decorin has been shown to be related to poor prognosis in breast malignancies (Troup et al., 2003).
Immunotherapy is an emerging and effective therapy for lung cancer, but the main challenge in immunotherapy is the low response rate of patients. Recent years have seen explosive growth in studies exploring approaches to predicting and augmenting the response to immunotherapy. Pancancer analysis has revealed that transforming growth factor (TGF)-β-associated ECM genes are reliable predictors of immunotherapy response (Chakravarthy et al., 2018).
Although ECM is significant in tumorigenesis and can be a potent indicator of survival, no attempt has been made to comprehensively explore the prognostic role of ECM-associated genes in LUAD. Therefore, this study aimed to explore the prognostic value of ERGs in LUAD and develop a classification system, based on the expression level of ERGs, to predict the survival of patients with LUAD.
MATERIALS AND METHODS
Data Acquisition and Differential Analysis
Transcriptional data were obtained from TCGA-LUAD dataset, GSE37745, GSE32863, and GSE43458. ERGs were identified from the Gene Ontology website (http://geneontology.org/) with the key word “extracellular matrix.” The list of ERGs is provided in Supplementary Table 1. The package “edgeR” was used to preprocess the expression data in TCGA (Robinson et al., 2010; McCarthy et al., 2012; Chen et al., 2016), including discarding genes with expression less than five in all samples and normalizing the expression data. Genes that met the filtering criteria of adjusted p value (false discovery rate) < 0.05 and |log2 fold change| >2.0 were considered dysregulated ERGs.
Identification of Prognostic Extracellular Matrix-Related Genes and Construction of a Prognostic Signature
To screen prognostic genes from the differentially expressed ERGs, univariate Cox regression analysis was conducted with the “survival” package (Therneau et al., 2000). As a common machine learning method, LASSO Cox regression analysis can properly handle multicollinearity and is frequently applied to construct prognostic signatures (Gui and Li, 2005; Wang and Liu, 2020). Thus, LASSO regression analysis was performed with the “glmnet” package to screen prognostic genes further and create a prognostic signature that was presented as a formula (Friedman et al., 2010). The ECMRS of each sample was calculated using regression coefficients and mRNA levels of prognostic ERGs in the formula. The classification of patients into high-risk and low-risk groups was based on the median ECMRS.
Validation of the Prognostic Signature
The discovery cohort was randomly divided into two subsets (N1 = 240, N2 = 239) to test the prognostic potential of the signature. The prognostic performance of the signature was further evaluated in the entire discovery cohort (N = 479) and external testing cohort (GSE37745, N = 196). Kaplan–Meier survival curves were generated to compare overall survival (OS) between the high- and low-risk patients based on the log-rank test. Next, univariate and multivariate Cox regression analyses were conducted to assess the effects of ECMRS on OS by using the “survival” packages (Therneau et al., 2000). ROC curves were created to evaluate the power of the signature in OS prediction with the “timeROC” package (Blanche et al., 2013).
Evaluation of Association Between ECMRS and Clinicopathological Variables
The difference in ECMRS among patients stratified by clinical parameters was evaluated to elucidate the effect of ECMRS on cancer progression. Moreover, the survival probability of LUAD patients stratified by clinicopathological variables was assessed using Kaplan–Meier curves to explore whether the prognostic value of our signature changed with clinical parameters.
Assessment of the Relationship Between ECMRS and Immunophenotypes
ESTIMATE is an algorithmic tool that can calculate tumor purity and the abundance of cells in the TME, including immune cells and stromal cells (Yoshihara et al., 2013). Here, the ESTIMATE algorithm was run to obtain the immune score, stromal score, and ESTIMATE score of each patient with the “estimate” package. Immune cells infiltrating the TME of TCGA-LUAD were identified from TIMER (Li et al., 2016; Li et al., 2020a) (http://timer.comp-genomics.org/). ssGSEA was performed using the R package “GSVA” to further identify the related immune processes of the signature in both TCGA and GEO cohorts (Subramanian et al., 2005; Hänzelmann et al., 2013). The relationship between the prognostic signature and immune checkpoint gene expression was also explored. Comparison of all these results between the low- and high-risk patients was done using Wilcox test.
Visualization of the Prognostic Signature
To visualize our prognostic signature, a nomogram was established based on ECMRS for survival prediction by using the “rms package.” Additionally, calibration curves at 3 and 5 years were created to show the predictive accuracy of the nomogram.
Validation of the Prognostic Extracellular Matrix-Related Genes
Differential expression analysis was performed in GSE43458 [N (Normal) = 30, N (Tumor) = 80] and GSE32863 [N (Normal) = 58, N (Tumor) = 58] with the “limma” package to verify whether the ERGs in the signature were also differentially expressed in other datasets (Ritchie et al., 2015; Phipson et al., 2016). The Human Protein Atlas (HPA) database is a tool developed to map the proteome of human tissues and cancers (https://www.proteinatlas.org/) (Uhlén et al., 2015; Uhlen et al., 2017). Immunohistochemistry images of LUAD and normal lung tissues were acquired from the HPA database to validate the protein expression of the prognostic ERGs. The effects of these ERGs on the survival of patients with LUAD were validated using Kaplan–Meier plotter (http://kmplot.com/analysis/) (Győrffy, 2021).
Clinical Specimen Collection
Human lung adenocarcinoma tissues and paired peritumoral lung tissues were collected from 12 patients who underwent surgical resection at the Thoracic Surgery Department of Wuhan Tongji Hospital between March 2021 and August 2021. Written informed consent was obtained from all the 12 patients. All patients were histopathologically diagnosed with LUAD and had not received any antitumor therapy before surgery.
RNA Extraction and qRT–PCR
Fresh LUAD tissues and peritumoral lung tissues were frozen in liquid nitrogen and stored at -80°C until RNA extraction. After thawing the tissues, total RNA was extracted using TRIzol reagent (Takara, Otsu, Japan) according to the manufacturer’s protocol. cDNA was synthesized using Hiscript@ Q RT SuperMix (Vazyme, Nanjing, China) and used for quantitative polymerase chain reaction detection with SYBR Green SuperMix (Vazyme, Nanjing, China). Quantitative reverse transcription polymerase chain reaction was performed under the following conditions: 95°C for 60 s, 40 cycles of 95°C for 5 s, and 50°C–60°C for 15 s mRNA levels were normalized to the expression of endogenous GAPDH. The primer sequences are provided in Supplementary Table 2.
RESULTS
Dysregulated Extracellular Matrix-Related Genes of Lung Adenocarcinoma
The workflow of the study is displayed in Figure 1. The expression data of 539 LUAD tissues and 59 normal lung tissues were downloaded and analyzed. A total of 189 dysregulated ERGs were identified in LUAD from 953 ERGs, with 119 upregulated genes and 70 downregulated genes (Figures 2A, B).
[image: Figure 1]FIGURE 1 | Work flow of this study.
[image: Figure 2]FIGURE 2 | Analysis of differentially expressed ERGs (A) Volcano plot of differentially expressed ERGs, showing the FDR and log2-fold change of each gene (B) The heatmap shows the distribution of 189 differentially expressed ERGs between LUAD and normal lung tissues. ERGs = extracellular matrix-related genes; FDR = false discovery rate; LUAD = lung adenocarcinoma.
Construction of a Prognostic Signature
The differentially expressed ERGs were subjected to univariate Cox regression analysis to obtain 37 prognostic genes (Table 1). The prognostic ERGs were further screened by LASSO regression analysis, and a prognostic signature was constructed based on these prognostic ERGs. The final signature was fit with eight key prognostic genes (FERMT1, CTSV, CPS1, ENTPD2, SERPINB5, ITGA8, ADAMTS8, and LYPD3). Among these prognostic genes, FERMT1 (hazard ratio (HR) = 1.041, p < 0.001), CTSV (HR = 1.024, p = 0.010), CPS1 (HR = 1.003, p = 0.001), ENTPD2 (HR = 1.100, p < 0.001), SERPINB5 (HR = 1.024, p < 0.001), and LYPD3 (HR = 1.013, p < 0.001) were indicators of poor prognosis, whereas survival was positively affected by ITGA8 (HR = 0.860, p = 0.003) and ADAMTS8 (HR = 0.771, p = 0.002) (Table 1). The predictive signature was created as a formula, and the ECMRS of each patient was estimated with regression co-efficient and mRNA levels of the prognostic ERGs in the formula (Supplementary Table 3). The median ECMRS was set as the threshold to classify patients into high and low-risk groups (Supplementary Table 4-5).
TABLE 1 | Results of univariate cox regression analysis in the TCGA cohort.
[image: Table 1]Validation of the Prognostic Signature in The Cancer Genome Atlas and Gene Expression Omnibus
The predictive power of the ECMRS was verified in the discovery cohort and GSE37745. Table 2 presents the clinical characteristics of the discovery cohort and GSE37745. Patients with low ECMRS were likely to live longer in both the discovery cohort (Figure 3A) and GSE37745 (Figure 3B). The results of univariate Cox regression analysis demonstrated that survival was adversely affected by ECMRS in the TCGA cohort (HR = 24.717, p < 0.001) (Figure 3C) and GSE37745 (HR = 5.246, p = 0.015) (Figure 3F). Consistent with the univariate Cox regression analysis, the results of multivariate Cox regression analysis also suggested that the adverse impact of ECMRS on prognosis in the discovery cohort (HR = 24.457, p value <0.001) (Figure 3D) and GSE37745 (HR = 4.854, p = 0.030) (Figure 3G) was independent of age, sex, and disease stage. ROC curves for 1, 3, and 5 years were plotted to evaluate the predictive power of our signature. The areas under the curve (AUCs) for 1, 3, and 5 years were 0.681, 0.658, and 0.625, respectively, in the TCGA cohort (Figure 3E). The AUCs for 1, 3, and 5 years were 0.564, 0.607, and 0.598, respectively, in the GEO cohort (Figure 3H). The results of Kaplan–Meier curves and Cox regression analysis in the two subsets of the TCGA cohort (Figure 4) were consistent with these results in the entire discovery cohort and GSE37745. 95% Confidence interval (CI) of the AUCs in the TCGA and GEO cohorts are displayed in Supplementary Figure 1.
TABLE 2 | Clinicopathological parameters of TCGA cohort and GEO cohort.
[image: Table 2][image: Figure 3]FIGURE 3 | Validation of the prognostic signature in the entire TCGA and GEO cohorts (A) Kaplan–Meier survival curve of the high- and low-risk groups in the entire TCGA cohort (B) Kaplan–Meier survival curve of the high- and low-risk groups in the GEO cohort (C) Univariate Cox regression analysis of clinicopathological variables and ECMRS in the entire TCGA cohort (D) Multivariate Cox regression analysis of clinicopathological variables and ECMRS in the entire TCGA cohort (E) ROC curves of one‐, three‐ and five‐ years in the entire TCGA cohort indicating the predictive ability of ECMRS (F) Univariate Cox regression analysis of ECMRS and clinicopathological variables in the GEO cohort (G) Multivariate Cox regression analysis of ECMRS and clinicopathological variables in the GEO cohort (H) ROC curves of one‐, three‐ and five‐ years in the GEO cohort indicating the predictive ability of ECMRS. TCGA = The Cancer Genome Atlas; GEO = Gene Expression Omnibus; ECMRS = extracellular matrix-related score.
[image: Figure 4]FIGURE 4 | Validation of the prognostic signature in the two subsets of the TCGA cohort (A) Kaplan–Meier survival curve of the high- and low-risk groups in subset one of the TCGA cohort (B) Kaplan–Meier survival curve of the high- and low-risk groups in subset two of the TCGA cohort (C) Univariate Cox regression analysis of clinicopathological variables and ECMRS in subset one of the TCGA cohort (D) Multivariate Cox regression analysis of clinicopathological variables and ECMRS in subset one of the TCGA cohort (E) ROC curves of one‐, three‐ and five‐ years in subset one of the TCGA cohort indicating the predictive ability of ECMRS (F) Univariate Cox regression analysis of ECMRS and clinicopathological variables in subset two of the TCGA cohort (G) Multivariate Cox regression analysis of ECMRS and clinicopathological variables in subset two of the TCGA cohort (H) ROC curves of one‐, three‐ and five‐ years in subset two of the TCGA cohort indicating the predictive ability of ECMRS. TCGA = The Cancer Genome Atlas; GEO = Gene Expression Omnibus; ECMRS = extracellular matrix-related score.
The Extracellular Matrix-Related Score Was Related to Clinical Variables
The difference in ECMRS in patients stratified by clinicopathological features was evaluated to show the connection between the prognostic signature and progression of LUAD (Figure 5). The results demonstrated that ECMRS was related to sex (p < 0.001), T stage (p < 0.001), N stage (p = 0.0073), and M stage (p = 0.027). Male patients and patients in the advanced tumor, node, and metastasis (TNM) stage had higher ECMRS. Survival curves of patients stratified by clinicopathologic features suggested that survival time was longer in patients with low ECMRS than in those with high ECMRS, and the prognostic value of the signature was not affected by clinical parameters (Figure 6).
[image: Figure 5]FIGURE 5 | (A–F) The difference in ECMRS between patients stratified by clinicopathological variables. ECMRS = extracellular matrix-related score.
[image: Figure 6]FIGURE 6 | (A–L) Kaplan–Meier survival curves of overall survival between high- and low-risk groups in patients stratified by clinicopathological variables (age, sex, stage, T stage, N stage, M stage).
The Prognostic Signature can Affect Tumor Immunity
The ECM is a vital determinant of antitumor immunity in solid tumors. Here, we speculated that our prognostic signature was associated with tumor immunity in patients with LUAD. To verify this speculation, we obtained the immune score, stromal score, and ESTIMATE score of each patient and found that the low-risk patients had significantly higher ESTIMATE score (p < 0.001) (Figure 7A), immune score (p < 0.001) (Figure 7B), and stromal score (p < 0.001) (Figure 7C) than the high-risk patients, which meant that the low-risk patients had higher degree of infiltration of antitumor immune cells and lower tumor purity in the TME than high-risk patients. Although the immune score was higher in patients with low ECMRS than in those with high ECMRS, the fraction of each immune component between the two groups remains unknown. Therefore, fractions of tumor-infiltrating immune cells in patients with LUAD were acquired from TIMER to evaluate their relationship with ECMRS. Patients with low ECMRS had higher degree of infiltration of CD8+ T cells (p < 0.001), CD4+ T cells (p < 0.001), B cells (p < 0.001), neutrophils (p < 0.001), macrophages (p < 0.001), and dendritic cells (DCs) (p < 0.001) than those with high ECMRS (Figure 7D). Next, to confirm the difference in immune cells present in the TME between the low- and high-risk patients and to identify the immune processes involved in the prognostic signature, ssGSEA was conducted in TCGA and GSE37745. The ssGSEA results suggested that patients with low ECMRS had more B cells, dendritic cells, macrophages, neutrophils, and mast cells in the TME than those with high ECMRS in both the TGGA (Figure 7E) and GEO cohorts (Figure 7G). The low-risk patients also had higher expression of chemokine receptors and human leukocyte antigen, and stronger response to antigen-presenting cell co-stimulation and interferon than the high-risk patients in both the TCGA cohort (Figure 7F) and GSE37745 (Figure 7H).
[image: Figure 7]FIGURE 7 | Differences in immune cells and immune functions between the high- and low-risk groups (A-C) ESTIMATE score, immune score, and stromal score between the high- and low-risk groups (D) Infiltration degree of immune cells between the high- and low-risk groups in TCGA cohort based on TIMER (E) Fraction of immune cells between the high- and low-risk groups based on ssGSEA in the TCGA cohort (F) Immune functions between the high- and low-risk groups based on ssGSEA in the TCGA cohort (G) Fraction of immune cells between the high- and low-risk groups based on ssGSEA in the GEO cohort (H) Immune functions between the high- and low-risk groups based on ssGSEA in the GEO cohort. TCGA = The Cancer Genome Atlas; GEO = Gene Expression Omnibus; *p < 0.05; **p < 0.01; ***p < 0.001.
We also illustrated the relationship between ECMRS and the expression of key immune checkpoint genes. Patients with low ECMRS had higher expression of PD-L1, CTLA4, TIM3, and BTLA (Figures 8A, B, D) than those with low ECMRS, whereas no significant difference was observed in the expression of PD-1 between the two groups (Figure 8C). Among the immune checkpoint genes that were associated with ECMRS, the expressions of BTLA (HR = 0.852, p = 0.0232) (Figure 8E), CD47 (HR = 0.874, p = 0.0535) (Figure 8F), and CTLA4 (HR = 0.845, p = 0.0178) (Figure 8G) were associated with survival. High expression of CTLA4, BTLA, and CD47 was observed in low-risk patients and was positively related to survival duration, which confirmed our finding that ECMRS is an indicator of poor survival in patients with LUAD.
[image: Figure 8]FIGURE 8 | Differences in the expression of immune checkpoint genes between the high- and low-risk groups (A) Box plots show the difference in the expression of immune checkpoint genes between the high- and low-risk group (B–D) Violin plots show the difference in the expression of PD-L1, PD-1, and CTLA4 between the high- and low-risk groups (E–G) Survival curves of BTLA, CD47, and CTLA4 in TIMER. *p < 0.05; **p < 0.01; ***p < 0.001.
Establishment of a Nomogram
A nomogram was constructed to visualize the prognostic signature, providing a reference for clinical applications (Figure 9A). Calibration curves at 3 and 5 years indicated that the nomogram could accurately predict OS (Figures 9B,C).
[image: Figure 9]FIGURE 9 | Nomogram and calibration plots of the prognostic signature (A) Nomogram based on eight prognostic ERGs predicting the overall survival probability of patients with lung adenocarcinoma (B,C) The three- and five-years calibration plots of the nomogram. ERGs = extracellular matrix-related genes.
Validation of the Prognostic Extracellular Matrix-Related Genes in Clinical Specimens and Multiple Databases
To assess the differential expression of the prognostic ERGs, polymerase chain reaction was conducted in 12 paired LUAD and peritumoral lung tissues collected at our institute. ITGA8 and ADAMTS8 were downregulated in tumor tissues, whereas FERMT1, CTSV, CPS1, ENTPD2, SERPINB5, and LYPD3 were upregulated in tumor tissues (Figure 10).
[image: Figure 10]FIGURE 10 | Validation of the prognostic ERGs in clinical specimens by qRT-PCR (A–H) Differential expression of the prognostic ERGs between lung adenocarcinoma tissues and paired adjacent normal lung tissues.ERGs = extracellular matrix-related genes; * p < 0.05; **p < 0.01; ***p < 0.001.
Differential expression of the prognostic ERGs was also validated in the GSM43458 and GSM32863 datasets (Supplementary Figure 2), which is consistent with the polymerase chain reaction results. The immunohistochemistry images of ENDPT2 , FERMT1 , SERPINB5, ITGA8, ADAMTS8 and CPS1 were collected from HPA, which further verified differential expression of these prognostic genes between LUAD and normal lung tissues (Supplementary Figure 3). However, ADAMTS8 were not detected in both LUAD and normal lung tissues, which may be attributed to its low expression. The prognostic value of the eight genes was validated using the Kaplan–Meier plotter. Patients with high expression of ITGA8 or ADAMTS8 survived longer than those with low expression of ITGA8 or ADAMTS8, whereas high expression of FERMT1, CTSV, CPS1, ENTPD2, SERPINB5, and LYPD3 was associated with shorter survival duration (Supplementary Figure 4).
DISCUSSION
The ECM is a fundamental component of the TME, and its alterations can affect the phenotypes and immune environment of cancer cells. Perturbation of the biochemical and mechanical properties of the ECM can affect cell behavior through transmembrane receptors, such as integrins and syndecans. Desmoplastic response is common in solid tumors and is characterized by excessive deposition of ECM proteins, which has been suggested to be a feature of poor prognosis (Sundqvist et al., 2020). Cancer cells have to migrate through the ECM to spread to other parts of the body; therefore, metastasis can be affected if the biophysical properties of the ECM, such as deformability or stiffness, are changed. Remodeled and stiffened ECM has been shown to promote the dissemination of cancer cells (Han et al., 2016; Miroshnikova et al., 2017). Furthermore, the ECM is a reservoir for cytokines and controls their distribution and interaction with cells (Huleihel et al., 2016). In addition, ECM can serve as a protective shield against host antitumor immunity in solid tumors, thereby impeding the infiltration of lymphocytes and reducing the efficacy of immunotherapy. Changes in TME and tumor behavior can be fully reflected by perturbations in the ECM. Thus, ECM-related biomarkers have enormous potential for prognostication.
In this study, eight key prognostic ERGs (FERMT1, CTSV, CPS1, ENTPD2, SERPINB5, ITGA8, ADAMTS8, and LYPD3) were identified by stepwise statistical analyses to construct a prognostic signature for patients with LUAD. Among these genes, ITGA8 and ADAMTS8 were downregulated in LUAD tissues and functioned as tumor suppressor genes, whereas the remaining genes were oncogenes. Although only few studies have highlighted the functions of these eight genes in the development of LUAD, their vital function in other cancers has been delineated by numerous studies. FERMT1 encodes the kindlin-1 protein, which mediates integrin activation and cell adhesion. Evidence has shown that kindlin-1 facilitates integrin-mediated TGF-β activation (Rognoni et al., 2014). Upregulation of FERMT1 promotes the progression of gastric cancer (Fan et al., 2020). Liu et al. found that FERMT1 was overexpressed in colon adenocarcinoma, promoting epithelial-mesenchymal transition and metastasis (Liu et al., 2017). Yan et al. found that FERMT1 is overexpressed in esophageal cancer and facilitates the proliferation of cancer cells (Yan et al., 2019). Cathepsin V (CTSV/CTSL2) is a cysteine proteinase that can degrade some constituents of the ECM and has been found to be related to the malignancy of tumor cells and the prognosis of patients with breast cancer (Toss et al., 2020; Wang et al., 2020). Carbamoyl-phosphate synthetase 1 (CPS1) not only serves as a crucial catalyst in the urea cycle but also functions in the progression of cancer. Studies have demonstrated that CPS1 is downregulated in hepatocellular carcinoma and that its decline could lead to poor survival (Ridder et al., 2021). CPS1 has also been identified as a biomarker of progression in colorectal cancer (Palaniappan et al., 2016). ENTPD2 was found to be elevated in hepatocellular carcinoma, indicating an unfavorable prognosis for patients. Additionally, ENTPD2 has been proven to impede the differentiation of myeloid-derived suppressor cells, which can induce immunosuppression in hepatocellular carcinoma. Inhibition of ENTPD2 could augment the efficacy of immunotherapy (Chiu et al., 2017). A disintegrin and metalloproteinase with thrombospondin motifs 8 (ADAMTS8) is a secreted protein that functions in the degradation of the ECM. Similar to matrix metalloproteinases, adamalysins are enzymes that can cause degradation and crosslinking of the ECM. SERPINB5 belongs to the serpin superfamily which can regulate degradation of structural elements of the ECM such as collagens and hyaluronan. SERPINB5 has been reported to mediate invasion of cancer cell and identified as an oncogene in multiple tumors (Chang et al., 2018; Atay, 2020). ADAMTS8 has been reported to function as a tumor suppressor gene in various solid tumors (Zhao et al., 2018; Li et al., 2020b; Wu et al., 2020). In our study, ADAMTS8 was downregulated in LUAD tissues and correlated with favorable outcomes, which is consistent with previous findings. ITGA8 belongs to the ITGA subfamily of integrins. Apart from mediating cell-cell and cell-ECM adhesion, integrins also play a pivotal role in signal transduction and modulate various cellular processes (Zhang and Wang, 2012). ITGA8 has been proven to be correlated with favorable outcomes in patients with basal-like and HER2+ breast cancer and colon cancer (Gong et al., 2019; Rojas et al., 2021).
The effect of the prognostic signature developed in this study on survival was independent of age and disease stage. Although age, disease stage, and ECMRS are all contributing factors to OS, the HR of ECMRS in univariate and multivariate Cox regression analysis was far greater than that of age and disease stage, which indicated the superiority of ECMRS as a stratification tool for survival in LUAD. Till date, the TNM staging system is the major tool used for prediction of the survival of patients with LUAD. However, with in-depth understanding of tumor behavior and updating of antitumor treatment, the TNM staging system is unable to meet clinical demands. The prognostic signature developed in this study may therefore be applicable as a supplement to the TNM staging system.
Immune checkpoint inhibitors (ICIs) are effective antitumor therapies. However, only 40–45% of non-small-cell lung carcinoma patients achieve remission after administration of ICIs (Borghaei et al., 2015; Garon et al., 2015; Larkin et al., 2015), indicating that most patients cannot benefit from ICIs. In solid tumors, dense ECM can serve as a protective shield against host antitumor immunity. Excessive matrix crosslinking can prevent immune cells and immunotherapeutic drugs from reaching the TME (Henke et al., 2019). Therefore, the expression of ERGs may affect tumor immunity to some extent. Indeed, the prognostic signature developed in our study was shown to predict tumor immunity in LUAD. Patients with low ECMRS had higher degree of immune cell infiltration, including CD8+ T cells, CD4+ T cells, and macrophages. Thus, our prognostic signature can serve as a useful tool to predict tumor immunity, and targeting the genes in the signature may collaborate with ICIs to exert antitumor efficacy.
Our research has a few limitations. First, the prognostic signature was retrospectively constructed and validated in TCGA and GEO databases; therefore, a prospective cohort study is needed to verify our findings. Second, the mechanism underlying the signature has not been explored, and in vivo and in vitro experiments should be conducted to elucidate the mechanism of the prognostic ERGs in oncogenesis and tumor immunity.
In conclusion, we constructed a gene signature and developed a scoring system based on the expression of prognostic ERGs which can predict the survival and tumor immunity of patients with LUAD. Our study contributes to dissection of the ECM in LUAD and identifies promising prognostic indicators and potential therapeutic targets for patients with LUAD.
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The outcomes of some breast cancer patients remain poor due to being susceptible to recurrence, metastasis and drug resistance, and lactate metabolism has been described as a hallmark of cancer and a contributor to cancer progression and immune escape. Hence, it is worthy of seeking potentially novel biomarkers from lactate metabolism relevant perspectives for this particular cohort of patients. In this context, 205 available lactate metabolism-related genes (LMGs) were obtained by a search of multiple genesets, and the landscape of somatic mutation, copy number variation, and mRNA expression levels was investigated among these genes. Crucially, 9 overall survival-related LMGs were identified through univariate Cox regression analysis in The Cancer Genome Atlas (TCGA) and Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) databases. Subsequently, a prognostic signature, defined as Lactate Metabolism Index (LMI), was established with 5 OS-related LMGs using Least Absolute Shrinkage and Selection Operator (LASSO) Cox hazard regression analysis in TCGA training set, and then validated in two external cohorts (METABRIC and GSE96058). From the comprehensive results, breast cancer patients with high LMI had considerably poorer survival probability across all cohorts, and the degree of clinical features tended to be more severe as the LMI value increased. Furthermore, a prognostic nomogram incorporating LMI, age, and AJCC stage was constructed and demonstrated great prediction performance for OS of breast cancer patients, which was evaluated by the calibration plot and the decision curve analysis. Moreover, the potential effect of different LMI values on levels of immune checkpoints, tumor-infiltrating immune cells, and cytokines were explored ultimately, and patients with higher LMI values might gain an immunosuppressive tumor microenvironment that contributed to immune escape of breast cancer and inferior prognosis. Collectively, all findings in the study indicated the potential prognostic value of LMI in breast cancer, providing further implications for the role of lactate metabolism in breast cancer prognosis, tumor immune microenvironment, and immunotherapy.
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Introduction

Owing to high morbidity and corresponding mortality in women, breast cancer (BC) has consistently received extensive attention worldwide (1). Also, with the development of comprehensive therapy strategies, outcomes for patients with breast cancer have extremely improved. However, the outcomes of some patients are still poor due to being susceptible to recurrence, metastasis, and drug resistance (2). Thus, there is still a need to find novel and effective biomarkers to identify this subgroup of patients with breast cancer.

In recent years, it is becoming increasingly evident that lactate metabolism plays a critical role in tumor progression and has been a hallmark of cancer (3). Previous studies have shown that lactate has prognostic and predictive utility in several cancer types. For example, a higher lactate level was correlated with worse outcomes in cervical cancer (4). In head and neck squamous cell carcinoma, lactate was found to be inversely correlated with overall and disease-free patient survival and positively correlated with radioresistance (5, 6). For breast cancer, it has been reported that elevated intratumoral lactate levels were an adverse prognostic factor in breast cancer (7). Furthermore, raised intratumoural lactate levels were related to HER2 addiction status and trastuzumab susceptibility in HER2-positive breast cancer (8). Despite this, a comprehensive review of the influence of lactate on breast cancer was still lacking.

It is commonly accepted that the tumor microenvironment (TME), which included not only the surrounding stromal and immune cells but also the changes of metabolites and signaling molecules, has emerged as a major regulator to drive cancer development and progression (9). Lactate, produced by cancer cells, was secreted into the extracellular space and then functioned as a contributor to facilitating tumor immune escape (10). Specifically, lactate accumulation could directly inhibit the cytotoxic functions of T cells and innate lymphocytes such as natural killer (NK) and natural killer T (NKT) cells (11–13), induce a tolerogenic DC phenotype promoting regulatory T-cell (Treg) polarization (14), and cause accumulation and polarization of myeloidderived suppressor cells (MDSCs) and M2-tumor-associated macrophages (TAMs) (10, 15). Because of this immunosuppressive role, lactate played a negative role in the efficacies of immunotherapy. High lactate dehydrogenase (LDH) level was identified as an independent biomarker for predicting therapeutic response to immune checkpoint inhibitors (ICIs), including anti-PD-1 and anti-CTLA-4 therapy, in patients with melanoma, non-small cell lung cancer, and esophageal squamous cell carcinoma (16–18). However, a 2020 meta-analysis of ICIs in metastatic breast cancer did not find a utility for LDH in predicting response to these treatments (19). To further explore the immune-related role of lactate metabolism in breast cancer, a landscape assessment of the relationship between lactate metabolism and TME and ICIs therapy remains necessary.

In the current study, we aimed to screen out prognostic lactate metabolism-related genes (LMGs) and identify a prognostic signature based on LMGs for predicting the outcomes of patients with BC. In addition, the utility of the signature applied in the clinic was completely evaluated. Subsequently, the potential correlation between the signature and the landscape of TME was systematically dissected. The comprehensive analysis might provide more detailed insights into the cancer research about lactate metabolism and immunotherapy.



Materials and Methods


Data Collection and Acquisition of Lactate Metabolism-Related Genes

The public transcriptome expression matrices and detailed clinical data of BC were collected from The Cancer Genome Atlas (TCGA) database1 (113 normal breast samples and 1,109 BC samples), the Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) database2 (1,904 BC samples), and GSE96058 in the Gene Expression Omnibus (GEO) database3 (3,409 BC samples), respectively. Besides, 1,082 BC patients of TCGA were selected as the training set, while 1,903 BC samples of METABRIC and 3,409 BC patients were chosen as external validation sets after excluding patients without overall survival information. In total, 284 lactate metabolism-related genes were acquired from the Molecular Signature Database v7.5.1 (MSigDB)4. Furthermore, 205 overlapping LMGs were screened out for further analyses after intersecting the above 284 LMGs with the total genes in TCGA-BRCA, METABRIC, and GSE96058 datasets (Supplementary Figure S1).



Investigation of Somatic Mutation, Copy Number Variation Frequency and Differentially Expressed Genes Among LMGs

We obtained the information on the somatic mutation and copy number variation (CNV) of BC from TCGA-BRCA in the UCSC Xena database5. The somatic mutation frequency of 205 LMGs was analyzed by the R package “maftools” (20) and visualized in an oncoplot waterfall plot. Additionally, the CNV frequency of LMGs was calculated and visualized in a bi-directional column chart. The differentially expressed genes (DEGs) of LMGs were identified after comparing the normal breast samples and BC samples in TCGA-BRCA dataset with the threshold set to |log2FC| >1 and false-discovery rate (FDR) <0.05 using the “edgR” R package (21). A heatmap and a volcano plot of these significant DEGs were shown subsequently.



Identification of Overall Survival-Associated LMGs

To elucidate the underlying prognostic significance of 205 LMGs in BC, overall survival (OS)-associated LMGs were identified through univariate Cox hazard regression analysis with p < 0.05 in the TCGA-BRCA (n = 1,082) and METABRIC (n = 1,903) cohorts, respectively (Supplementary Tables S1, S2). Moreover, the overlapping OS-associated LMGs were extracted to further research. Meanwhile, the expression levels and the location on chromosomes of those eligible LMGs were illustrated by the “RCircos” R package (22), and the correlation characteristics among these LMGs were demonstrated in a correlation matrix plot.



Construction and Validation of Lactate Metabolism-Correlated Prognostic Signature

Least Absolute Shrinkage and Selection Operator (LASSO) Cox regression analysis was performed in the training cohort to construct the statistical prognostic signature utilizing the candidate OS-related LMGs. Next, 5 optimal LMGs were dug out to establish the prognostic model for BC patients, while the expression levels and prognostic significance of each signature-contained LMG were depicted, respectively. In according with the predictive prognostic signature, Lactate Metabolism Index (LMI) could be calculated for each BC patient by employing the following formula:

	

To make data and plots more intuitionistic, a linear transformation was carried out to adjust the LMI in each dataset using the following formula:

	

Afterwards the BC patients in each cohort could be separated into the high- and low-LMI groups by the cutoff of the median LMI value. Principal component analysis (PCA) was carried out to evaluate the classification accuracy of the signature. To discover the feasibility of the signature, a K-M analysis of OS was executed between the high- and low-LMI groups in three datasets separately.



Integrated Dissection of LMI and Clinical Parameters in Patients With BC

To decipher the availability of LMI applied in actual clinical issues further, boxplots with the Kruskal test were exhibited to compare the distribution of adjusted LMI value in various degrees of diverse clinicopathologic parameters available in the three datasets. Besides, heatmaps were shown to unveil the relevance between each signature-included LMGs’ expression level and several clinical indicators, comprising of LMI, T stage, N stage, AJCC stage, PAM50 subtypes, and survival status in the training set in addition to LMI, tumor size, positive nodes, PAM50 subtypes, AJCC stage, and survival status in two validation datasets.



Establishment and Evaluation of Lactate Metabolism-Correlated Clinical Nomogram

Subsequently, it was delineated whether the LMI was an independent prognostic predictor in BC by univariate and multivariate Cox regression analyses. Based on the results above, a lactate metabolism-correlated clinical nomogram that integrated LMI, age, and AJCC stage in TCGA-BRCA was established through the “rms” and “regplot” R packages (23). To assess the satisfactory predictive discrimination of nomogram, the calibration curve (24) and the decision curve analysis (DCA) plot were portrayed for BC patients.



Clarification of Different Biological Functions Within Two LMI Groups

“GSVA” R package (25) was employed to clarify the different biological functions and signaling pathways between high- and low-LMI groups in the training set. “c2.cp.kegg.v7.5.1.symbols.gmt” [KEGG] was retrieved from MSigDB as the reference molecular signature database and the pathways with adjusted p-values <0.05 were considered significant. Ultimately, the most significant pathways were displayed in a heatmap.



Potential Implications for Immunotherapy and Tumor-Immune Microenvironment Landscape Estimation Based on LMI

To verify the potential implications for immunotherapy based on LMI, the expression levels of several immunologic checkpoints, comprising PD-1, PD-L1, CTLA4, CD96, VSIR, and TIGIT, were compared between the high- and low-LMI groups using the Wilcox test.

To dissect the TME landscape between the two LMI subgroups, the ESTIMATE algorithm (26) was implemented to calculate the estimate scores, immune scores, and stromal scores for further predicting tumor purity and analyzing the TME. Moreover, the CIBERSORT deconvolution algorithm (27) was utilized to estimate the abundance of 22 tumor immune-infiltrating cell types in the training set.

Likewise, to investigate the correlation between LMI signature and cytokines in TME, several essential cytokines were picked out to make a comparison between high- and low LMI subgroups in expression levels, including IL-1B, IL-2, IL-6, IL-10, IL-18, TNF, IFNG, GZMA, and GZMB.



Cell Lines and Cell Culture

Human breast cancer cell lines were purchased from the American Type Culture Collection. All cell lines were cultured following standard guidelines. All cell lines were maintained without antibiotics in an atmosphere of 5% CO2 and 99% relative humidity at 37°C. Cell lines were passaged for fewer than 6 months and were authenticated by short tandem repeat analysis. No mycoplasma infection was found for all cell lines.



RNA Isolation and Quantitative Real-Time PCR Analysis

Total RNA of cells was obtained with RNA-Quick Purification Kit (ES-RN001, Shanghai Yishan Biotechnology Co., Shanghai, China). The quantitative real-time PCR (qRT-PCR) plate was employed from NEST (402301, Wuxi NEST Biotechnology Co., Jiangsu, China). The primer sequences are shown in Supplementary Table S3. RNA levels were determined by qRT-PCR in triplicate on a Bio-Rad CFX96 using the SYBR Green method (RR420A, Takara, Mountain View, CA, USA). The RNA levels were normalized against β-actin RNA using the comparative Ct method.



Statistical Analysis

All statistical analyses were completed via R software (Version 4.0.2, http://www.R-project.org). The discrepancy in the expression level of signature-encompassed LMGs in normal breast and BC samples, ESTIMATE algorithm-calculated scores, checkpoints, and cytokines in the low- and high-LMI groups were detected by the Wilcox test. The comparison of each Kaplan–Meier (KM) curve that occurred in this study was accomplished by the log-rank test. Also, Kruskal tests were performed to discover the differences in adjusted LMI values in various clinical parameters. Univariate and multivariate Cox regression analyses were employed to screen out the OS-related LMGs and the independent prognostic indicators of OS for BC. The correlation matrix plot was portrayed under Spearman’s correlation test. Statistical significance was confirmed as p-value <0.05, and all p-values were bilateral.




Results


Identification of Prognostic Lactate Metabolism-Related Genes in Breast Cancer

Initially, we assessed the global alterations of 205 LMGs in somatic mutation and copy number variation (CNV). As shown in Figure 1A, the top 10 genes with the highest somatic mutation rates were included in the heatmap, with the highest mutation frequency distributed in TP53. For frequency of CNV, the result showed that there were common CNV mutations among LMGs, and the top 20 genes in amplified and deleted CNV status separately were displayed in Figure 1B. Additionally, to investigate the differential expression of these LMGs, we compared their mRNA expression levels between 1082 tumor samples and 113 normal breast samples with the threshold of |log2FC| > 1 and FDR <0.05, and the results were demonstrated through a heatmap (Figure 1C) and a volcano plot (Figure 1D). Furthermore, to identify prognostic LMGs in breast cancer for the following research, the univariate Cox regression analyses were conducted to screen out OS-related genes in both TCGA and METABRIC datasets (Figure 1E). In total, 25 and 79 significant OS-related genes were obtained respectively and 9 overlapping genes (RPS14, MECP2, OCRL, RRM2B, GOT2, AIFM1, SDHA, SLC19A1, and CYC1) were included for further analysis after taking intersecting of the results above (Figure 1F). Moreover, the location of chromosomes and expression level of the 9 genes were illustrated by a Circos plot (Figure 1G). Finally, a correlation network plot was used to unravel the correlation features among 9 eligible FMGs (Figure 1H).




Figure 1 | Identification of prognostic LMGs in BC patients. (A) The somatic mutation frequency of LMGs in the TCGA-BRCA cohort. (B) The prevalent CNV frequency of LMGs in the TCGA-BRCA cohort. (C) Heatmap of differentially expressed genes among LMGs. (D) Volcano plot exhibiting DEGs in LMGs. (E) OS-related LMGs in TCGA-BRCA and METABRIC datasets, respectively. (F) The Veen diagram to detect 9 common prognostic LMGs. (G) The Circos plot illustrating the locations on chromosomes and expression levels of the 9 candidate LMGs. (H) The correlation matrix plot containing 9 prognostic LMGs.





Construction and Validation of Lactate Metabolism-Relevant Prognostic Signature for Patients With Breast Cancer

By performing the LASSO Cox regression analysis with 9 candidate genes in breast cancer patients of TCGA-BRCA training dataset, 5 pivotal genes were unearthed to establish the prognostic signature, Lactate Metabolism Index, namely LMI (Figures 2A, B), including RPS14, SLC19A1, CYC1, RRM2B, OCRL. Besides, the investigation of expression levels and survival capability of every signature-contained gene was further conducted by boxplots (Figure 2C) of mRNA expression levels and KM survival curves of OS (Figure 2D). From the results, we found that mRNA expressions of SLC19A1, CYC1, RRM2B, and OCRL were clearly elevated in breast cancer, while RPS14 expression was considerably decreased. Additionally, the RNA expression levels of SLC19A1 and RPS14 were validated in human breast cancer cell lines  (Supplementary Figure S2), the result of which demonstrated that SLC19A1 was significantly promoted in breast cancer cell lines including MDA-MB-231, T47D, and SK-BR-3 while RPS14 declined significantly in BC cell lines comparing with breast epithelial cell line MCF10A. And for the survival analyses of OS, high expressions of SLC19A1, CYC1, RRM2B, and OCRL and downregulation of RPS14 were significantly related to more unfavorable OS in breast cancer, which further confirmed the validity of selected genes. Eventually, the prognostic signature was established as follows: LMI = Expression of SLC19A1 * 0.010382 − Expression of RPS14 * 0.000045 + Expression of CYC1 * 0.000408 + Expression of RRM2B * 0.000005 + Expression of OCRL * 0.006258.




Figure 2 | Establishment of lactate metabolism-related signature in BC. (A) LASSO Cox regression analysis. (B) Partial likelihood deviance for the LASSO regression to screen out 5 optimal prognostic LMGs. (C) Boxplots showing the mRNA expression levels of 5 signature-contained LMGs in the training cohort. (D) KM survival curves of OS based on expression levels of 5 LMGs in the training cohort. **p < 0.01; ***p < 0.001.





Validation of Signature Based on 5 LMGs

To further verify the prognostic value of LMI in breast cancer, patients of the TCGA-BRCA training set and two validation sets (METABRIC and GSE96058) were then independently segregated into high-LMI and low-LMI subgroups according to the median value of LMI in each dataset (Figure 3A). As expected, we found that the number of deaths increased with LMI increasing in both the training and validation cohorts (Figure 3B). Meanwhile, PCA was applied to demonstrate the distribution patterns of the two subgroups in two-dimensional graphs (Figure 3C). Finally, the KM curves for the OS of breast cancer patients showed that patients with high LMI had considerably poorer survival probability across all cohorts (Figure 3D), which proved the predictive accuracy of LMI in the prognoses of breast cancer.




Figure 3 | Evaluation and validation of the feasibility of LMI in training set and validation sets. (A) Distribution of the patients’ adjusted LMI score. (B) BC patients’ OS time along with their LMI score. (C) PCA analyses of high- and low-LMI groups. (D) KM curves for the OS of BC patients between high- and low-LMI groups.





Assessment of the Correlation Between LMI and Clinicopathological Characteristics in BC Patients

Further evaluation of the relationship between LMI and various clinicopathological factors in breast cancer patients was also conducted. In the TCGA-BRCA training cohort (Figure 4A), prominent discrepancies were found between LMI and clinical characteristics, including survival status, T, N, AJCC stage, and PAM50 subtypes. Similarly, conspicuous differences were also observed in validation cohorts, containing survival status, tumor size, positive nodes, stage, and PAM50 subtypes in the METABRIC set (Figure 4B) and survival status, tumor size, positive nodes, and PAM50 subtypes in the GSE96058 set (Figure 4C). Notably, as the LMI levels were higher, the degree of clinical features tended to become more severe, which was displayed in both the training and validation sets and reconfirmed the predictive value of LMI in breast cancer. Meanwhile, heatmaps were used to demonstrate the correlation analyses between LMI-contained genes and clinicopathological features in TCGA-BRCA (Figure 4D), METABRIC (Figure 4E), and GSE96058 (Figure 4F) sets.




Figure 4 | Systematic dissection of LMI and clinical parameters in BC patients. The boxplots to illustrate the correlation between LMI and different clinicopathological characteristics of BC patients in TCGA-BRCA (A), METABRIC (B) and GSE96058 (C), respectively. Correlation heatmaps of signature-included LMGs and clinicopathological features in datasets of TCGA-BRCA (D), METABRIC (E) and GSE96058 (F) separately. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.





Development and Validation of a Prognostic Nomogram Based on LMI Signature

Concerning whether LMI signature could be an independent prognostic predictor for breast cancer patients, univariate and multivariate Cox regression analyses were performed in the TCGA dataset. And the results illuminated that age, T stage, N stage, AJCC stage and LMI were significantly linked to OS in the univariate Cox analysis (Figure 5A), while only age, AJCC stage and LMI were still independent prognostic factors in the multivariate Cox analysis (Figure 5B). Next, a clinicopathologic nomogram, which contained LMI, age and AJCC stage, was developed to predict individual OS of 2-, 3- and 5-years (Figure 5C). Moreover, the calibration plot was portrayed to confirm the predictive consistency of the nomogram, which displayed great fitness (Figure 5D). And decision curve analysis (DCA) showed that the nomogram attained a greater clinical net benefit than any single clinical feature (Figure 5E). Collectively, the prognostic nomogram based on LMI signature has excellent prediction performance for OS of breast cancer patients.




Figure 5 | Construction of a prognostic nomogram containing LMI signature in the training set. (A) Univariate Cox regression analysis of age, T stage, N stage, AJCC stage, PAM50 subtypes, and LMI for OS. (B) Multivariate Cox regression analysis of age, T stage, N stage, AJCC stage, and LMI for OS. (C) Nomogram for the prediction of 2-, 3-, and 5-year survival probability. (D) The calibration plot to assess the consistency of predicted and actual OS based on the nomogram.(E) Decision curve analysis (DCA) for evaluating clinical utility of the nomogram.





Verification of Different Biological Functions Between Two LMI Groups

To clarify the different biological functions and signaling pathways between high- and low-LMI groups in the training set, “GSVA” enrichment analysis was exploited to detect that there are substantial differences in the metabolic pathways and immune-related pathways in the two LMI subgroups of BC (Figure 6A). For instance, ether lipid metabolism, cytokine cytokine-receptor interaction, and arachidonic acid metabolism were primarily enriched in the high-LMI group, while selenoamino acid metabolism, pyrimidine metabolism, B-cell receptor signaling pathway, T-cell receptor signaling pathway, and natural killer cell-mediated cytotoxicity were considerably enriched in the low-LMI group.




Figure 6 | Potential implications for immunotherapy and TME landscape estimation between the high- and low-LMI groups. (A) Results of GSVA in TCGA-BRCA cohort to delineate the enriched pathways. (B) Differences of ESTIMATE score, immune score, stromal score, and tumor purity. (C) Expression levels of immune checkpoints. (D) Violin plots to display the proportions of 22 immune infiltrating cells in total BC patients. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.





Underlying Implications for Immunotherapy and TME Landscape Estimation Based on LMI

As the aforementioned result unveiled the immune-related pathways with significant differences between the high- and low-LMI groups, considerable attention was paid to the TME landscape and characteristics of the two LMI subgroups. ESTIMATE algorithm was utilized to calculate the stromal score, immune score, and ESTIMATE score to evaluate and quantify the TME, the results of which unraveled that the low-LMI group of BC obtained the higher ESTIMATE score, stromal score, and immune score together with the diminished tumor purity than the high-LMI group (Figure 6B). Furthermore, the comparison of expression levels of the candidate immune checkpoints within the two LMI groups manifested that PD-1, CTLA4, CD96, VSIR, TIGIT except PD-L1 were significantly augmented in the low-LMI group (Figure 6C), which hinted that BC patients with lower LMI might acquire a more enhanced response to immunotherapy targeting the checkpoints above. Aiming to estimate the distribution of immune infiltrating cells in the TME of BC in various LMI groups, the CIBERSORT algorithm was performed to disclose that CD8+ T cells, gamma delta T cells, resting NK cells, resting dendritic cells, and neutrophils were notably enriched in TME of the low-LMI group while macrophages M0 and M2 were markedly strengthened in the high-LMI group (Figure 6D). Collectively, the results above shed light on that BC patients of the lower LMI could attain an immune-activated TME, while BC patients of the higher LMI might gain an immunosuppressive TME that contributed to the immune escape of tumor cells and a worse prognosis.

Additionally, it is well established that cytokines play a crucial role in the immune TME. Therefore, the boxplots in TCGA-BRCA dataset show that the expression levels of IL-2, IL-6, IL-18, TNF, IFNG, GZMA, and GZMB were promoted in the low-LMI group (Figure 7A). Likewise, in the METABRIC dataset, IL-1B, IL-6, IFNG, and GZMA were enhanced in the low-LMI group (Figure 7B). Meanwhile, IL-1B, IL-2, IL-6, IL-10, IL-18, IFNG, GZMA, and GZMB were elevated in BC patients of the low-LMI group (Figure 7C).




Figure 7 | Investigations of TME cytokines. Expression levels of IL-1B, IL-2, IL-6, IL-10, IL-18, TNF, IFNG, GZMA, and GZMB in TCGA-BRCA (A), METABRIC (B), and GSE96058 (C) datasets. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.






Discussion

Despite great improvement in breast cancer treatment, some patients still have inferior outcomes after systemic therapy measures. In order to distinguish this target population, the identification of novel and valid biomarkers is needed. As considerable studies reveal that lactate has a vital role in tumorigenesis and progression, lactate metabolism has drawn increasing attention in recent years (3). For breast cancer, tumor lactate has been indicated as an unfavorable biomarker and was related to HER2 status and trastuzumab susceptibility (7, 8). However, additional data and more studies were required to support this conclusion. To provide more direct evidence for the important finding, our study integrated mRNA expression profiles of lactate metabolism-related genes and clinical variables of breast cancer patients from three independent databases to construct a predictive signature and then validate its efficacy.

In search of the most effective LMGs to establish the signature, we initially performed univariate Cox regression analyses of OS in breast cancer patients of both TCGA and METABRIC databases. Nine obtained genes were then further optimized with LASSO Cox regression analysis in TCGA-BRCA, and 5 pivotal genes were enrolled to establish the prognostic signature, namely LMI, including RPS14, SLC19A1, CYC1, RRM2B, and OCRL. The ribosomal protein S14 (RPS14), which was identified to be associated with the cancer-prone 5q-syndrome, was also found to negate c-Myc functions and promotes the proliferation and metastasis of estrogen receptor-positive breast cancer cells (28, 29). However, the result diverged from the findings shown in Figure 2, which may have resulted from different subtypes of breast cancer. Solute carrier family 19 member 1(SLC19A1), as the first known transporter of cGAMP and other CDNs (30), has been suggested to exert influence on cancer immunotherapy (31). Our study indicated that high expression of SLC19A1 was related to poorer survival in breast cancer, and therefore, the effects and potential functions of SLC19A1 on breast cancer initiation and progression warrant further investigation. Cytochrome c1 (CYC1), an important subunit of mitochondrial complex III, was found to be upregulated in breast cancer and might be a predictive factor assisting future patient diagnosis (32, 33), which was consistent with the results of our study. Ribonucleotide reductase M2B (RRM2B), also known as p53R2, was believed to play essential roles in DNA repair, mtDNA synthesis, and protection against oxidative stress (34) and has been reported to be associated with tumorigenesis of several cancer types, including colorectal cancer (35), hepatocellular carcinoma (36), esophageal squamous cell carcinoma (37), and breast cancer (38). As an unfavorable factor indicated in the present study, we suggested intensive research on the role of RRM2B in breast cancer. As for OCRL, the role in cancer remained to be further elucidated by experiments.

Based on the above five selected genes, a prognostic signature was established and was named LMI. To explore the prognostic value and clinical relevance of LMI, we proceeded with the following investigation. From the result of survival analyses, high LMI levels were confirmed to predict worse overall survival probability in breast cancer patients of three datasets independently. Besides, patients of each dataset were clarified into subgroups according to different clinical features, including survival status, T stage or tumor size, N stage or positive nodes, AJCC stage, PAM50 subtypes, and LMI levels of various subgroups were then compared. In general, increasing LMI value was associated with larger tumors, more metastasis lymph nodes, and a more severe AJCC stage. Nevertheless, the results of the three different cohorts were not in complete agreement with each other, and naturally, a much larger cohort should be required to confirm these findings in prospective studies. Furthermore, the LMI signature was identified as an independent prognostic indicator when adjusted for several vital clinical variables, such as age, T stage, N stage, AJCC stage, and PAM50 subtypes in the training set, through univariate and multivariate Cox regression analyses. Finally, a prognostic nomogram, which incorporated LMI value, age, and AJCC stage, was developed for predicting the OS rate of breast cancer patients in TCGA-BRCA. Calibration plots and DCA plots were also applied to assess the practicability of the prognostic nomogram, which exhibited good fitness and the potential clinical feasibility. Moreover, to investigate LMI-related molecular functions, GSVA results revealed that tumor metabolism-related signaling pathways were highly enriched in the high-LMI group, such as ether lipid metabolism, cytokine cytokine-receptor interaction, and arachidonic acid metabolism pathways, while immune-related functions were highly enriched in the low-LMI group, like B-cell receptor signaling pathway, T-cell receptor signaling pathway, and natural killer cell-mediated cytotoxicity pathways. Certainly, further studies should be warranted to elucidate clearly the complete and detailed mechanisms involved in this process.

As lactate metabolism has become a hotspot in cancer research due to its important role in TME (12), we further explored the TME landscape estimation based on LMI. Above all, ESTIMATE results presented that LMI was negatively correlated with estimate score, immune score, and stromal score but positively with tumor purity, suggesting that LMI signature could serve as a novel and potential immune indicator in breast cancer. Meanwhile, cancer immunotherapy has now become one of the pillars in the treatment of various cancer, including breast cancer (39). However, tumor-induced immune suppression, to which lactate metabolism has contributed to some extent, has been a major barrier to the effective responses of immune therapy until the present time (40). Thus, it remains especially important to find reliable biomarkers that could be used to precisely identify breast cancer patients for immunotherapy. After comparing the expression levels of common immune checkpoints between high- and low-LMI groups in breast cancer, we found that expressions of PD-1, CTLA4, CD96, VSIR, and TIGIT except PD-L1 were significantly upregulated in the low-LMI group, which hinted that breast cancer patients with lower LMI value might have had a better immunotherapy response. To some extent, the results were consistent that high lactate has contributed to immune invasion and suppressed antitumor immune responses. Subsequently, the landscape of tumor-infiltrating immune cells between high- and low-LMI groups was estimated and the result disclosed that CD8+ T cells, gamma delta T cells, resting NK cells, resting dendritic cells, and neutrophils were notably enriched in the TME of the low-LMI group while macrophages M0 and M2 were markedly strengthened in the high-LMI group. Increased lactate has been confirmed as a major contributor to acidosis in the TME, and accordingly decreased extracellular pH has been verified to weaken functions of CD8+ and CD4+ lymphocytes, including activation, cytotoxicity, chemotaxis, motility, and proliferation (41). As well as inhibiting effector T cell function, lactate concentrations in the TME favor immunosuppressive Treg development (42). As will be discussed, lactate can directly suppress the cytotoxic functions of DCs, natural killer (NK), and natural killer T (NKT) cells (12, 14). For tumor-associated macrophages (TAMs), lactate-driven TAM polarization is a vital mechanism of immune escape for cancer cells (40). Taken together, breast cancer patients with high-LMI value have unfavorable immunotherapy responses due to the deficiency of effective antitumor immune cells and the enrichment of immunosuppressive cells. In addition, cytokines, which are present in the TME, have an essential role in cancer pathogenesis and cancer therapy (43). Generally, host-derived cytokines can suppress tumor progression and tumor cells can exploit host-derived cytokines to promote development (44). Through evaluating the expression levels of several cytokines in three datasets, we concluded that IL-6, IFNG, and GZMA were highly expressed in the low-LMI group.

Strikingly, the present study provided a comprehensive analysis of LMGs in breast cancer and constructed an effective LMI signature which has implications for future studies of breast cancer immune treatment. Nevertheless, there remain some limitations that should be contemplated. All the conclusions should be further supported by experimental data.



Conclusion

To conclude, our research established a reliable clinical signature of LMI rooted in lactate metabolism-related genes for BC patients. Additionally, the signature was unraveled as an independent prognostic factor, and a nomogram with high usability embodying LMI was generated. The latent connotations between LMI and tumor immune microenvironment were unveiled. In a nutshell, our study might support crucial preclinical significance in cancer research about lactate metabolism and immunotherapy.
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2′,5′-oligoadenylate synthase (OAS) is a class of enzymes induced by interferons and mainly encoded by the OAS1, OAS2, and OAS3 genes, which activate the potential RNA enzymes to degrade viral mRNA, inhibit viral protein synthesis and promote apoptosis in virus-infected cells. OAS3 is associated with breast cancer prognosis. However, the expression and prognosis of OAS3 and tumour-infiltrating lymphocytes in pan-cancer remain unknown. In the present study, we have systematically investigated and confirmed the role of OAS3 in tumour immune infiltration, immune escape, tumour progression, response to treatment, and prognosis of different cancer types using various bioinformatics methods. The findings suggest that OAS3 is aberrantly expressed in almost all TCGA cancer types and subtypes and is associated with tumour staging, metastasis, and prognostic deterioration in different tumours. In addition, OAS3 expression is associated with the prognosis and chemotherapeutic outcomes of various cancers. In terms of immune-infiltrating levels, OAS3 expression is positively associated with the infiltration of immunosuppressive cells. These findings suggest that OAS3 is correlated with prognosis and immune-infiltrating levels.
Keywords: OAS3, pancancer analysis, biomarker, tumour microenvironment, prognosis carcinoma
INTRODUCTION
The development and progression of malignancy is a complex process involving several stages (Yang et al., 2019). Malignant tumours are heterogeneous and result from an accumulation of distinct genetic and epigenetic alterations (Lin et al., 2015). Several studies have suggested that genetic and epigenetic alterations can be functionally associated with carcinogenesis (Toyota and Suzuki, 2010; Coppedè et al., 2014; Grady et al., 2021). The tumor microenvironment (TME) is a complex cellular ecosystem in which tumor, stroma, and immune cells interact dynamically through secreted factors and physical interactions in a dynamic extracellular matrix (Grauel et al., 2020). The complexity of TME results in an interplay of various cellular signalling systems in which tumour cells infiltrate immune cells, making them dysfunctional, and hence unable to initiate any anti-tumour immune action (Jiang et al., 2015; Thommen and Schumacher, 2018). In addition, the immunosuppressive cellular component of TME may inhibit T-cell responses, antibody production and the induction of cytotoxic T lymphocytes, promoting tumour growth, impairing the immune response, and leading to treatment resistance (Liu and Cao, 2016; Monteran and Erez, 2019). Bioinformatics can accurately capture cell-type-specific profiles and cell–cell interactions at the tissue level, resulting in relevant genomic differences in the diagnosis, staging, prognosis, and therapeutic responses among various tumours.
2′-5′-oligoadenylate synthetase (OAS), an interferon-induced antiviral enzyme, is composed of OAS1, OAS2, OAS3, and OASL. OAS3 plays a critical role in antiviral action and signal transduction, and high OAS3 expression is associated with the poor prognosis of patients with breast cancer (Zhang and Yu, 2020). Owing to the complexity of tumorigenesis, pan-cancer analysis of the expression patterns of target genes and assessment of their correlation with clinical prognosis and potential molecular mechanisms are of great importance. In this study, we performed a pan-cancer analysis to examine the expression profiles of OAS3 in different cancer tissues and identify its underlying molecular mechanisms in the clinical prognosis of tumours.
MATERIALS AND METHODS
Data Collection and Evaluation of OAS3 Expression in Pan-Cancer
RNA sequence data, survival data, and clinicopathologic characteristics of the 33 cancers were obtained from the UCEC online database (https://xena.ucsc.edu/), which was obtained from the TCGA database (Tomczak et al., 2015). Using the rma function in the R package, the whole dataset was filtered, and missing and duplicate results were removed and converted to log2 (TPM + 1). OAS3 sequencing data were obtained from the GTEx Project and Broad Institute CCLE database to analyse differences between tumours and adjacent normal tissues. In addition, 36 patients with liver hepatocellular carcinoma (LIHC), 30 patients with lung adenocarcinoma (LUAD), and 30 patients with kidney renal papillary cell carcinoma (KIRP) were recruited from the First Affiliated Hospital of Zhengzhou University and Jiading District Central Hospital Affiliated Shanghai University of Medicine as the validation cohort. The basic clinical characteristics of patients are shown in Table 1, Table 2, and Table 3. All patients provided written informed consent for the data to be included in the study. The study flowchart is presented in Figure 1.
TABLE 1 | Basic clinical characteristics of LIHC patients in validation cohort.
[image: Table 1]TABLE 2 | Basic clinical characteristics of LUAD patients in validation cohort.
[image: Table 2]TABLE 3 | Basic clinical characteristics of KIRP patients in validation cohort.
[image: Table 3][image: Figure 1]FIGURE 1 | Flowchart of the study. This image was drawn by Figdraw (www.figdraw.com).
Prognostic Significance of OAS3
We used four prognostic indicators (including overall survival [OS], disease-specific survival [DSS], disease-free survival [DFS], and disease progression-free survival [PFS]) and investigated the relationship between OAS3 expression and the prognosis of patients with 33 cancers using forest plots. Survival results were summarised using “forestplot” (R package). Patients were divided into high and low OAS3 expression groups based on the median OAS3 expression. Kaplan–Meier survival analysis was conducted using the R packages “survminer” and “survival” to examine differential survival outcomes between the two groups.
Correlation Analysis of OAS3 Expression With Microsatellite Instability and Tumour Mutational Burden
Tumour mutational burden (TMB) is defined as the total number of mutations per million bases in the coding region of the exons of genes encoding specific tumour cell proteins, including insertions, substitutions, deletions, and other forms of mutations (Alexandrov et al., 2013). It is also an emerging biomarker for tumour immunotherapy prediction and may help to predict the benefits of immunotherapy in certain tumours. Microsatellite instability (MSI) is characterised by a genetic change. During the proliferation of normal cells, an intact DNA mismatch repair (MMR) system detects replication errors in microsatellite sequences in a timely manner and corrects them quickly so that the sequences are replicated with high fidelity, thus maintaining microsatellite stability. Owing to defective DNA MMR during tumorigenesis in certain tumours, errors in microsatellite sequence replication cannot be detected promptly, leading to the insertion or deletion of repetitive units and changes in microsatellite sequence length, eventually leading to MSI (Ellegren, 2004). Several clinical trials, retrospective studies and meta-analyses have confirmed that MSI is strongly associated with tumour prognosis (Petrelli et al., 2019). In this study, gene mutation data of 33 cancer types were obtained from TCGA database of UCSC Xena. TMB was calculated for each sample using R. The correlation of OAS3 expression with TMB and MSI was analysed via Spearman’s correlation test, and the R package “fmsb” was used to visualise the results.
Correlation Analysis of OAS3 Expression With TME
TME is critical for the regulation of cancer development and therapy (Zhou et al., 2019). It contains stromal, tumour, and immune cells (Luo and Vögeli, 2020). The number of stromal and immune cells in TME affects many aspects of cancer growth and development. The “ESTIMATE” R package was used to assess immune infiltration (based on the ImmuneScore, StromalScore, and ESTIMATEScore) using the transcriptome data (Chen et al., 2021a). Subsequently, we analysed the association between OAS3 and TME using R.
Analysis of Tumour Immune Cell Infiltration
We used TIMER2, Xcell, CIBERSORT, and ImmuCellAI to analyse the correlation between OAS3 expression and infiltration of various immune cell types. The TIMER2 database contains information on 32 cancers and 10,897 tissues from TCGA database, which allows systematic analysis of the correlation between one or more tumours and immune cell infiltration as well as the correlation between the expression of relevant genes in tumour tissues and the prognosis, mutation and copy number of patients (Ju et al., 2020). ImmuCellAI (http://bioinfo.life.hust.edu.cn/web/ImmuCellAI/) is a powerful and unique method for accurately screening tumour immune function using 24 different types of immune cells, including T cells (Huang et al., 2021). Furthermore, the XCell algorithm was used to examine several features of tumours, including the composition of infiltrating immune cells, based on the gene expression data (Schulze et al., 2020). In addition, the CIBERSORT algorithm was used to identify immune cell infiltration signatures using the R package “cibersort” (Wu et al., 2020).
Correlation of OAS3 Expression With Immune Checkpoint-Related Genes and Immune Neoantigens
Immune checkpoints refer to a subset of inhibitory signalling pathways involved in the immune response (Yuan et al., 2020). Abnormal expression of immune checkpoint-related genes is associated with tumorigenesis (Liu et al., 2021a). We examined the association of OAS3 with 47 immune checkpoint-associated genes in 33 cancers using Pearson correlation analysis. Neoantigens are abnormal proteins derived from “nonsynonymous mutations” from biological events such as point mutations, deletion mutations, and gene fusions and are specific to tumour cells (Liao and Zhang, 2021; Xu et al., 2021). The immune activity of tumour neoantigens can be used to design and synthesise neoantigen vaccines according to the conditions of the bulge of the swollen cell; these vaccines can be used to immunise patients to achieve therapeutic effects (Chen et al., 2021b). We counted the number of neoantigens in each tumour sample and used Spearman’s correlation test to investigate the relationship between OAS3 and the number of antigens.
Correlation of OAS3 Expression With the Expression of DNA MMR Genes, RNA Methylation-Related Genes and DNA Methyltransferase
MMR is a critical post-replicative DNA repair process, which is essential for maintaining genomic integrity (Popp and Bohlander, 2010). Defects in the MMR system lead to genetic instability referred to as MSI (Alhopuro et al., 2012). DNA methylation is a chemical modification of DNA that can change genetic performance without changing the DNA sequence (Alhopuro et al., 2012). RNA methylation is one of the most important post-transcriptional epigenetic RNA modifications (Tian et al., 2021). The most commonly used RNA modifications are m6A, m1A, and m5C, which play a key role in the progression of cancers, including growth and invasion (Mcelhinney et al., 2020). In this study, we examined the relationship between OAS3 expression and the abovementioned genes using the R package “RColorBrewer”.
Correlation of OAS3 Expression With Drug Sensitivity
The relationship between OAS3 and IC50 of drugs was analysed based on the GDSC2 data. In addition, we compared the drug sensitivity of the OAS family using the Cancer Therapeutics Response Portal 21 (CTRP, http://portals.broadinstitute.org/ctrp/). The likelihood of an immunotherapy response was estimated using the TIDE algorithm (Khanna et al., 2019; Yang et al., 2020).
Quantitative Real-Time PCR
Total RNA was extracted from the target tissue samples and thoroughly ground in a mortar under liquid nitrogen. To lyse the cells, 1 ml of Trizol reagent (Life Technology, Grand Island, NY, United States) was added and the sample was incubated for 15 min at room temperature on a shaker. To assess the mRNA expression level, the RevertAid First Strand cDNA Synthesis Kit (Thermo Scientific, Lithuania) was used to synthesis the first-strand cDNA. Quantitative PCR was performed using Roche LightCycler® 480 Real-Time PCR System with SYBR® Green qPCR mix 2.0 kit. The primers used in this study were obtained from TsingKe biological technology (Nanjing, China), including OAS3 (forward 5′- CAC​CGG​CGA​TGC​CCG​CAT​CTC​ACT​G -3′, reverse 5′- AAA​CCA​GTG​AGA​TGC​GGG​CAT​CGC​C-3′). The relative mRNA levels were calculated by the 2-ΔΔCt method.
Western Blot
Western blot was performed to determine the protein expression level. The protein samples were denatured for 5 min at 95°C in a sample buffer and separated by SDS–PAGE. Western blot analysis was performed using antibodies against mouse monoclonal antibody-anti-human OAS3, and mouse monoclonal antibody-anti-human β-actin (Santa Cruz Biotechnology), followed by incubation with horseradish peroxidase (HRP)-coupled mouse secondary antibody (1:10,000). The blots were re-probed with a β-actin antibody (BD Bioscience, United States), and the signals were quantified using an image analyzer (UVtec, United Kingdom). The data were shown as percentages of the normalized control signal.
RESULTS
Expression Levels of OAS3 in Various Normal and Cancerous Tissues
Data from the GTEx database showed that OAS3 was abundantly expressed in various normal tissues, with the highest and lowest expression observed in the lung and muscle, respectively (Figure 2A). In addition, the expression of OAS3 was higher in various cancer cell lines in the Cancer Cell Line Encyclopedia (CCLE) database than in normal tissue (Figure 2B). In TCGA data, differences in OAS3 expression were significant among 17 of the 33 cancer types analysed (except for KICH, in which OAS3 expression was lower than that in most tumour tissues) (Figure 2C). However, when the GTEx and TCGA data were combined, the difference was significant among 29 of the 33 cancers, and OAS3 expression was lower in KICH than in normal tissues (Figure 2D). To investigate the intracellular localisation of OAS3, we assessed the distribution of OAS3 in the endoplasmic reticulum (ER) and microtubules of A431, A549, and U-2 osteosarcoma (OS) cells using an indirect immunofluorescence assay. We observed that OAS3 colocalised with ER and microtubule markers in A431, A549 and U-2 OS cells, suggesting the subcellular localisation of OAS3 in ER and microtubules. However, OAS3 exhibited no overlap with the nucleus of A431, A549, and U-2 OS cells (Supplementary Figure S1).
[image: Figure 2]FIGURE 2 | (A): OAS3 mRNA expressions in various normal human tissues from the GTEx database. OAS3 is most highly expressed in lung and least expressed in muscle. (B): OAS3 mRNA expressions from the CCLE database. The results showed that OAS3 was highly expressed in most tumors. (C): Boxplots showing differential OAS3 expression levels (log2TPM + 1) between tumor and adjacent normal tissues across TCGA database. *p < 0.05; **p < 0.01; ***p < 0.001. (D): Boxplots showing differential OAS3 expression levels (log2TPM + 1) between tumor and adjacent normal tissues across TCGA and GTEx database. *p < 0.05; **p < 0.01; ***p < 0.001.
Relationship of OAS3 With Clinical Staging and Prognosis
We examined the relationship between OAS3 expression and different tumour stages and found that DLBC, HNSC, KIRC, LIHC, LUSC, MESO, OV, PAAD, LUAD, SKCM, and UCS were positively correlated with the expression of OAS3. This finding suggests that OAS3 plays an important role in tumorigenesis (Supplementary Figure S2). Furthermore, we investigated the relationship between OAS3 expression and the prognosis of 33 cancers. According to the Cox proportional hazards model, OAS3 expression was positively correlated with OS in patients with PAAD, LUAD, LGG, LAML, KIRP, and ACC and negatively correlated with OS in patients with SKCM (Figure 3A). In addition, we analysed the DSS data and found a positive correlation between OAS3 expression and prognosis in patients with PAAD, LUSC, LUAD, LGG, and ACC. However, OAS3 expression was negatively correlated with the prognosis of SKCM and OV (Figure 3B). Based on the correlation between OAS3 expression and DFS, we identified OAS3 as a prognostic risk factor for PRAD, PAAD, and KIRP but as a protective factor for OV (Figure 3C). Similarly, high OAS3 expression was associated with worse PFS in PAAD, LUSC, LGG, and ACC (Figure 3D). Furthermore, Kaplan–Meier analysis showed that high OAS3 expression was associated with worse OS in ACC, DLBC, KICH, KIRP, LAML, LGG, LUAD, and PAAD but with better OS in MESO (Supplementary Figure S3). High OAS3 expression was correlated with worse DFS in four types of tumours, including KIRP and PAAD (Supplementary Figure S4). In seven types of tumours, including ACC and DLBC, patients with high OAS3 expression had worse DSS (Supplementary Figure S5). These findings suggest that OAS3 is an oncogene that is associated with tumour progression, can help to predict survival in patients with various tumours and is a potential biomarker for tumour prognosis, especially for the prognosis of PAAD, LUAD, KIRP, and UVM.
[image: Figure 3]FIGURE 3 | Forest plot of the association of OAS3 expression with OS (A), DSS (B), DFS (C), and PFS (D). (A): OAS3 is highly expressed in patients with PAAD, LUAD, LGG, LAML, KIRP, ASS with poor OS. In SKCM, high expression of OAS3 is a protective factor for OS. (B): In PAAD, LUSC, LUAD, LGG, ACC, patients with high OAS3 expression showed shorter DSS than those with low expression. in SKCM, OV, the opposite effect of OAS3 was observed. (C): OAS3 was highly expressed in PAAD, PRAD, and KIRP patients with poor DFS. In contrast, in OV, high OAS3 expression was associated with longer DFS. (D): Patients with high OAS3 expression in PAAD, LUSC, LGG, and ACC had shorter DFS than those with low expression. In PCPG, the opposite role of OAS3 was observed.
Validation of the Expression and Prognostic Role of OAS3
To substantiate the conclusion of the data analysis, we validated OAS3 expression in 36 patients with LIHC, 30 patients with LUAD and 30 patients with KIRP and performed survival analysis in conjunction with clinical trials. As shown in Figure 4A, patients with high OAS3 expression in the validation group had a poorer prognosis in patients with LUAD, KIRP; this is consistent with our findings in the TCGA cohort. Also, we found a poorer prognosis for patients with high OAS3 expression in LIHC in the validation group. Meanwhile, OAS3 was detected using qRT-PCR and western blotting. The results of western blotting was consistent with those of qRT-PCR: OAS3 was highly expressed in tumor tissues in LIHC, LUAD, KIRP, and low in normal tissues (Figures 4B, C). TCGA cohort results are mostly consistent with our findings. This ensured breadth and thereby enhanced credibility in the data.
[image: Figure 4]FIGURE 4 | (A) Relationship between OAS3 and OS of LIHC, LUAD, KIRP in validation cohort. The results showed that patients with high OAS3 expression had a poor prognosis in the three tumors mentioned above. (B,C): Results of Western Blot (B) and qRT-PCR (C) showed a clear overexpression in protein expression levels of OAS3 in validation cohort.
Correlation of OAS3 With TME and Immune-Infiltrating Cells
We evaluated the correlation between OAS3 and immune and stromal scores. As shown in Supplementary Figure S6, immune scores, ESTIMATEScore and stromal scores were significantly correlated with OAS3 expression in 20, 25, and 20 of the 33 cancers, respectively. Figure 5A shows the top three significant genes in each score, with COAD having the highest immune score and ESTIMATEScore and THCA having the highest substrate score. The results showed that OAS3 expression strongly correlates with the degree of immune infiltration in different cancer types. Therefore, we investigated the relationship between OAS3 and immune infiltrating cells in 33 cancer types using the TIMER database. The top three significant cell types are shown in Figure 5B, demonstrating that OAS3 correlates significantly with tumor purity and with six types of immunoinfiltrated cells, including CD8+ T cells, CD4+ T cells, B cells, dendritic cells, and macrophages in KIRC, COAD and BRCA. Based on the results of immune analysis, OAS3 was related to poor prognosis in some tumours and might affect immune activities. Therefore, we examined the correlation between OAS3 and immune-related cells using Xcell, TIMER2, CIBERSORT and ImmuCellAI to validate the results and found that OAS3 was significantly correlated with neutrophils and macrophages (Supplementary Figures S7A–C). In addition, cancer-associated fibroblasts, a type of immunosuppressive cells, had a strong positive correlation with OAS3 expression. The data from the ImmuCellAI database further suggested a significant positive correlation between OAS3and the immunosuppressive cells iTregs and nTregs (Supplementary Figure S7D). Therefore, OAS3 may affect tumour progression through macrophages, iTregs, CAFs, and other immune cells.
[image: Figure 5]FIGURE 5 | (A) Among the 33 tumors, the top 3 tumors with the highest stromal scores were THCA, KIRC, LGG; the highest immune scores were COAD, SKCM, THCA; the highest ESTIMATEScore was COAD, SKCM,THCA. (B) TIMER analyzed relationship between OAS3 expression and the abundance of tumor-infiltrating immune cells in BRCA, COAD, KIRC. The results showed a positive correlation between OAS3 expression and immune cell infiltration.
Correlation of OAS3 Expression With Immune Checkpoint Genes and the Number of Immune Neoantigens Implicates OAS3 in the Tumour Immune Response
The correlation between OAS3 expression and 47 immune checkpoint genes in pan-cancer is shown in Figure 6A. In diverse cancer types, the correlation between OAS3 and the expression of checkpoint genes indicated a high correlation with TNF-related immune genes including TNFRSF14, TNFRSF8, TNFRSF25, TNFRSF4, TNFRSF18, TNFSF15, and TNFRSF9. The expression of OAS3 was positively correlated with that of immune checkpoint-related genes in most tumours, suggesting that OAS3 is involved in the regulation of tumour immune response through the regulation of immune checkpoint activity. Therefore, OAS3 may provide some help for tumour immunotherapy, thus facilitating the spread of tumours. The correlation between OAS3 expression and neoantigens is shown in Figure 6B. A significant positive correlation was found between OAS3 expression and the number of neoantigens in LGG, SKCM, and STAD.
[image: Figure 6]FIGURE 6 | (A) The correlation between OAS3 expression and immune checkpoint genes in pan-cancer. Each square corresponded to the correlation between OAS3 expression and the expression of one immune checkpoint gene in a particular tumor. The upper triangle of each square represented the magnitude of the p value of the correlation test, and the lower triangle represented the correlation coefficient (∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001). (B) The correlation between OAS3 expression and neoantigens.
OAS3 Expression Was Significantly Correlated With TMB and MSI
We obtained OAS3 mutation data of various tumours from the UCSC Xena database. OAS3 mRNA was found to be significantly mutated in TGCT, ACC, COAD, and other tumours (Figure 7A), suggesting that mutated OAS3 plays a key role in promoting the development of these tumours (Figure 7B). HRD produces specific, quantifiable, and stable genomic alterations, and the HRD status is a key indicator of treatment choice and prognosis in various tumours. Clinical studies have confirmed that the HRD status is highly correlated with sensitivity to platinum-based chemotherapeutic agents and PARP inhibitors (Min et al., 2020). We found that OAS3 was positively correlated with HRD in ACC, PRAD, and KIRP (Figure 7C), and the heterogeneity of THYM, UVM, and KICH increases with an increase in OAS3 expression (Figure 7D).
[image: Figure 7]FIGURE 7 | (A) Radar plot showing the correlation between OAS3 expression and TMB in pan-cancer. The blue number represents Spearman’s correlation coefficient. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001. (B) Radar plot showing the correlation between OAS3 expression and MSI in pan-cancer. The blue number represents Spearman’s correlation coefficient. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001. (C) The correlation between OAS3 expression and HBD in pan-cancer. The size of the circle represents the number of samples. The colors represent significant p-values (p < 0.05) for each section; red low p-value, blue high p-value. (D) Relationship between OAS3 and heterogeneity. The size of the circle represents the number of samples. Color represents p-value, the darker the color the more significant the result. (E) OAS3 was closely associated with DNA MMR genes. The upper triangle of each square represented the magnitude of the p value of the correlation test, and the lower triangle represented the correlation coefficient. *p < 0.05; **p < 0.01; ***p < 0.001. (F) OAS3 was positively correlated with four major DNA methyltransferases including DNMT1, DNMT2, DNMT3A, and DNMT3B in most cancer types.
Coexpression of OAS3 With Some Specific Genes
Based on the association between OAS3 expression and the mutational markers TMB and MSI, the relationship between OAS3 expression and oncogenic processes was further investigated. We found that OAS3 was closely associated with DNA MMR genes, showing a positive correlation with MLH1, MSH2, MSH6, and PMS2 and a negative correlation with EPCAM in most tumours (Figure 7E). In addition, OAS3 was positively correlated with four major DNA methyltransferases including DNMT1, DNMT2, DNMT3A, and DNMT3B in most cancer types (Figure 7F). RNA methylation is a post-transcriptional modification that widely exists in eukaryotes and prokaryotes. We found that OAS3 had a significant positive correlation with RNA methylation-related genes (m1A, m5C, and m6A) in most tumours (Supplementary Figure S8A). In addition, a positive correlation was found between OAS3 and four immune pathway-related genes [receptor (Chen et al., 2021a), MHC (Schulze et al., 2020), immunoinhibitors (Liu et al., 2021a) and immunostimulators [46]] in many tumour types (Supplementary Figure S8B).
Analysis of Drug Sensitivity
We analysed 198 drugs and found that OAS3 shared the most evident positive correlation with BI-2536, GSK269962A, vorinostat, sorafenib, BMS-754807, and nutlin-3a (−), indicating that high OAS3 expression may lead to drug resistance. OAS3 had the strongest negative correlation with trametinib, sapitinib, SCH772984, selumetinib, and dasatinib (Supplementary Figure S9A). A bubble plot demonstrating the correlation between the sensitivity of drugs in the CTRP database and mRNA expression of OAS3 is shown in Supplementary Figure S9B.
OAS3 Was Correlated With Immunotherapeutic Responses
We assessed the reliability of OAS3 as a biomarker by comparing it with standardised biomarkers for predicting response and OS in the IBC subpopulation. We found that the area under the receiver operating characteristic curve (AUC) of OAS3 alone was greater than 0.5 in 16 of 23 IBC subgroups (Figure 8A), and that the predictive value of OAS3 alone was higher than that of TMB, T. clonalum, and B. clonalum. However, the predictive ability of OAS3 was similar to that of IFGN (AUC>0.5 for 17 ICD subgroups), but lower than that of CD274, TIDE and Merk18. In addition, the results demonstrated that high expression levels of OAS3 were associated with better PD1 OS in melanoma (Gide2019_PD1, Liu2019_PD1) and better PFS in kidney renal clear cell carcinoma and melanoma (Miao2018_ICB, Liu2019_PD1) (Figures 8B, C).
[image: Figure 8]FIGURE 8 | (A) Bar plot showing the biomarker relevance of OAS3 compared to standardized cancer immune evasion biomarkers in immune checkpoint blockade (ICB) sub-cohorts. The area under the receiver operating characteristic curve (AUC) was used to assess the predictive efficacy of test biomarkers for determining IBC response to TCGA for different cancer types. (B,C) Kaplan-Meier curves of survival ratios as a measure of the immunotherapeutic response (immune checkpoint blockade) between cancer cohorts with high and those with low expression levels of OAS3.
Pathway Analysis
We performed Spearman correlation analysis on OAS3 and pathway scores. A close association was observed between OAS3 and pathways including tumour inflammation signature, cellular response to hypoxia, tumour proliferation signature, angiogenesis, and apoptosis. The higher the expression of OAS3, the stronger the activity of the related pathway (Supplementary Figure S10).
DISCUSSION
The molecular mechanisms underlying the role of OAS3 in the immune microenvironment and pathogenesis of different tumours remain unknown. In this study, we performed an integrative analysis of molecular characteristics, oncogenic roles and relevant immune and pharmacogenomic features of OAS3 in pan-cancer. The findings suggest that OAS3 is closely associated with the development of various systemic diseases and cancers. In addition, a functional association was observed between OAS3 and TME, especially immunosuppressive cells.
We compared the expression of OAS3 in normal and tumour tissues of 33 cancers and found that OAS3 was dysregulated and highly expressed in almost all TCGA tumour types and was associated with the staging or metastasis of DLBC, HNSC, KIRC, LIHC, LUSC, MESO, OV, PAAD, LUAD, SKCM, and UCS. These findings suggest that OAS3 is an important regulator of carcinogenesis, progression, invasion and metastasis in various cancers. Regarding the prognostic value of OAS3 in pan-cancer, we observed that OAS3 was closely associated with survival indicators such as OS, DSS, DFS, and PFS, and high OAS3 expression was associated with poorer survival rates in CESC, GBM, KICH, KIRP, LAML, LGG, LIHC, LUAD, LUSC, PAAD, TGCT, and ACC. In previous studies, OAS3 has been reported as a risk factor for different cancers, which is consistent with the results of this study (Piera-Velazquez et al., 2021; Calvet et al., 2022; Shi et al., 2022).
TME is closely associated with tumour growth, progression and prognosis and immune cells play an important role in tumour growth and progression (Lei et al., 2021). Previous studies have found that cytokines in TME regulate immune function and eventually suppress the immune response, leading to tumour progression (Hinshaw and Shevde, 2019). Therefore, analysing the components of TME can help to develop drugs for targeted tumour immunotherapy. In this study, a significant positive correlation was observed between OAS3 and the immunosuppressive cells iTregs and nTregs. Immune checkpoint inhibitors are effective anti-cancer immunotherapeutic approaches (Li et al., 2019). In this study, OAS3 expression was positively correlated with 47 immune checkpoint genes in most cancer types. Therefore, OAS3 can be used as a novel drug target for anti-cancer immunotherapy.
Furthermore, we analysed the correlation between the expression of OAS3 and MMR-related genes, RNA methylation genes and four DNA methyltransferases. MMR can repair errors that occur during DNA replication (Vilar and Gruber, 2010) and is known to repair microsatellite replication errors. However, defects in MMR (dMMR) can lead to MSI (Jiricny, 2006). RNA methylation plays a crucial role in the tumorigenesis and progression of tumours (Chen et al., 2020). Altered DNA methylation is also associated with tumorigenesis (Kulis and Esteller, 2010). Based on the findings of this study, OAS3 expression is positively correlated with MMR-related genes, RNA methylation and four DNA methyltransferases in most cancers. Altogether, the findings demonstrate that OAS3 mediates tumorigenesis by regulating DNA damage and DNA and RNA methylation.
Based on the abovementioned results, OAS3 may serve as a very important biomarker for tumour immunotherapy. Monoclonal antibodies-targeting CTLA-4, PD-1 or PDL-1 have shown clinical potential for effectively controlling and treating human cancers (Liu et al., 2021b). This study showed that patients with melanoma and kidney renal clear cell carcinoma with high OAS3 expression had a higher clinical benefit from ICB treatment (PD-1 or PD-L1). On analysing the relationship between OAS3 and the IC50 of drugs using the GDSC2 database, we found that high OAS3 expression might lead to resistance to BI-2536, GSK269962A, vorinostat, sorafenib, and BMS-754807. However, high OAS3 expression was negatively correlated with trametinib, sapitinib, SCH772984, selumetinib, and dasatinib. This finding provides a basis for selecting anti-tumour agents for patients in the future.
CONCLUSION
This study showed that OAS3 is highly expressed in various tumours, and high OAS3 expression is associated with poor survival outcomes. In addition, we demonstrated the association between OAS3 and the expression of immune-infiltrating cells, immune checkpoint genes, TMB, and MSI. OAS3 may influence tumour progression through immunosuppression. The evidence for the significant immunological utility of OAS3 as a prognostic and immunotherapeutic biomarker for pan-cancer provides compelling new insights into the potential development of future immunotherapeutic and diagnostic trials. Therefore, the findings of this study will contribute to the development of new therapeutic approaches for patients with cancer, improving their treatment and prognosis.
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Supplementary Figure 1 | Immunofluorescence staining of the subcellular distribution of OAS3 from the HPA database. We observed that OAS3 colocalised with ER and microtubule markers in A431, A549, and U-2 OS cells, suggesting the subcellular localisation of OAS3 in ER and microtubules.
Supplementary Figure 2 | Boxplots showing differential OAS3 expression levels (log2 TPM + 1) between pathological stages and DLBC, HNSC, KIRC, LIHC, LUSC, MESO, OV, PAAD, LUAD, SKCM, and UCS were positively correlated with the expression of OAS3. This finding suggests that OAS3 plays an important role in tumorigenesis. Only TCGA cancers with statistically significant differences between the pathological stages are presented.
Supplementary Figure 3 | Kaplan-Meier analysis for OS according to OAS3 expression. Only statistically significant cancers (p-value < 0.05) are listed.
Supplementary Figure 4 | Kaplan-Meier analysis for DFS according to OAS3 expression. Only statistically significant cancers (p-value < 0.05) are listed.
Supplementary Figure 5 | Kaplan-Meier analysis for DSS according to OAS3 expression. Only statistically significant cancers (p-value < 0.05) are listed.
Supplementary Figure 6 | The correlation between OAS3 and immune scores (A), ESTIMATEScore (B), and stromal scores (C) in pancancer.
Supplementary Figure 7 | Four methods were used to calculate the correlation between OAS3 and immune-related cells. Xcell (A), TIMER2 (B), CIBERSORT (C), and ImmuCellAI (D). The lower upper triangle of each square represented the magnitude of the p value of the correlation test, and the upper triangle represented the correlation coefficient (∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001).
Supplementary Figure 8 | (A) OAS3 had a significant positive correlation with RNA methylation-related genes (m1A, m5C, and m6A) in most tumours. The lower upper triangle of each square represented the magnitude of the p value of the correlation test, and the upper triangle represented the correlation coefficient (∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001). (B) A positive correlation was found between OAS3 and four immune pathway-related genes (receptor, MHC, immunoinhibitors, and immunostimulators) in many tumour types. The lower upper triangle of each square represented the magnitude of the p value of the correlation test, and the upper triangle represented the correlation coefficient (∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001).
Supplementary Figure 9 | The correlation between the sensitivity of drugs in the Genomic of Drug Sensitivity in Cancer (GDSC) database (A), CTRP database (B), and mRNA expression of OAS3. The Pearson’s correlation indicates the correlation between gene expression and drugs sensitivity. Blue bubbles represented negative correlations, and red bubbles represented positive correlations; the deeper the color, the higher the correlation. The bubble size was positively correlated with the FDR significance.
Supplementary Figure 10 | Pathway analysis. The abscissa represents the distribution of the gene expression, and the ordinate represents the distribution of the pathway score. The density curve on the right represents the trend in distribution of pathway immune score, the upper density curve represents the trend in distribution of the gene expression. The value on the top represents the correlation p value, correlation coefficient and correlation calculation method.
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Background

CRIM1 is involved in the development and preservation of the nervous system, capillary development, and vascular maintenance. Although CRIM1 was reported to involve in multiple cancers, its role in breast cancer is unclear.



Methods

We investigated CRIM1 expression levels using Oncomine, HPA, and immunohistochemistry analyses. BC-GenExMiner was employed to evaluate the relationship of CRIM1 expression with the clinicopathological characteristics of breast cancer. Its association with breast cancer prognosis was assessed by Kaplan-Meier analysis and PrognoScan. The correlation of the expression of CRIM1 with tumor immune infiltration was explored via TIMER. Gene set enrichment analysis (GSEA) was utilized to determine the cascades that are linked to CRIM1 in breast cancer. Finally, we explored CRIM1 and its co-expressed genes using R (3.6.3).



Results

Here, we find that CRIM1 expression was downregulated in various subtypes of breast cancer, and it was lowest in triple-negative breast cancers. ER and PR status were positively correlated with CRIM1 expression, while HER-2 expression was negatively correlated with CRIM1 expression. But in our immunohistochemical results in breast cancer specimens collected from our laboratory, HER-2 expression was positively correlated with CRIM1 expression. The expression of CRIM1 was correlated with menopause status, T stage, pathologic stage, histological type, and P53 status but not with age, N-stage, M-stage, Radiation therapy, and BRCA1/2 status. Survival analysis found that low CRIM1 expression was correlated with poorer DMFS, RFS and OS. Notably, CRIM1 expression was positively linked to the level of infiltration by CD8+ T-cells, endothelial cells, and neutrophils, and negatively linked to NK, B-cells, CD4+ T-cells, tumor purity, macrophage M1, and Tregs. Besides, DIXDC1 and PFDN6 were correlated to CRIM1 possibly.



Conclusion

Our findings demonstrated that low CRIM1 expression predict poor prognosis of breast cancer and CRIM1 might be used as a possible treatment target or prognostic marker in breast cancer. More researches are needed to better understand the prognostic value of CRIM1 in breast cancer.
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Introduction

Breast cancer is one of the commonest cancers (1) and a leading cause of cancer-linked deaths, globally (2). Early diagnosis of breast cancer is crucial for successful treatment (3, 4). Clinical and pathological features, such as the size of the tumor, tumor grade, rate of lymph node metastasis, patient age, patient morbidity (5), and various biomarkers (e.g., ER, Ki-67, PR, as well as HER-2) (6, 7) are used to predict breast cancer prognosis. However, these methods have many limitations. Thus, novel, effective prognostic biomarkers for breast cancer are urgently needed.

CRIM1 (cysteine-rich transmembrane bone morphogenetic protein regulator 1) is a Type I transmembrane protein. Past studies had shown that CRIM1 regulated the development and preservation of the nervous system and that it influenced capillary generation and vascular maintenance. CRIM1 was suggested to function as a BMP antagonist (8). CRIM1 was also reported to regulate the adhesion and migration of lung cancer cells (9). Its downregulation reduced the expression of E-cadherin, indicating that CRIM1 may inhibit EMT by suppressing cell migration and invasion (10). CRIM1 also promoted the expression of leukemia suppressor receptors by regulating miR-93 and miR-182 via circCRIM1 (11). Thus, CRIM1 may have therapeutic or biomarker potential against cancer.

In this study, we used bioinformatics analysis of data from several large online databases to examine gene expression differences in tumors vs normal samples, and to determine the relationship of its expression with clinicopathological features. Besides, we examined the expression of CRIM1 in breast cancer tissues by immunohistochemistry. And then, the prognostic significance of CRIM1 and its co-expressed genes in breast cancer were assessed.



Materials and Methods


Oncomine Analysis

Oncomine data resource (http://www.oncomine.org) is a cancer microarray repository and comprehensive data mining platform. Differential expression analysis of most cancers and their subtypes versus their normal tissues was performed (12). We used p=1e-4, fold change=2, and gene rank=top10% as significance thresholds for determining differences between CRIM1 levels in breast cancer vs normal tissues, as well as to identify genes that are co-expressed with CRIM1.



Human Protein Atlas

The Human Protein Atlas is an online tool (www.proteatlas.org) on which immunohistochemistry-centered protein expression patterns of normal tissues, cancers along with cell lines are freely available (13). Currently Survival data are available for >900,000 patients (14). Imaging data on differences in CRIM1 expression in non-malignant breast tissues versus breast cancer tissues were obtained from HPA.



Immunohistochemistry

This study involved 265 cases of invasive breast cancer patients diagnosed at the First Affiliated Hospital, Hengyang Medical School, the University of South China from 2010 to 2012. Patients underwent curative surgical treatment (mastectomy or breast-conserving surgery with axillary evaluation) and did not receive any chemotherapy or radiation therapy before surgery. We used IHC to examine CRIM1 expression levels in breast cancer tissues vs non-malignant breast tissues. Tissues were fixed using 4% formaldehyde, dehydrated in ethanol, paraffin-embedded, then sectioned continuously at 5μm thickness. The concentration of the antibody was 1:50. Antigen retrieval was done by autoclaving the sections in LBP buffer pH 6.0. They were then inoculated with H2O2 for 10 minutes for blocking the activity of endogenous peroxidase, followed by overnight inoculation with a primary antibody (1:50) at 4°C. Afterwards, we rinsed the sections with TBS and inoculated with a secondary antibody. They were next rinsed in TBS, and counter-staining using hematoxylin was done. Signal was then developed using DBA, followed by sample dehydration with ethanol, and mounting using neutral resin. They were then examined microscopically and CRIM1 expression scored as negative (-), weak (+), moderate (++), or strong (+++) staining. All statistical data analyses were done on SPSS 25.0 and data between groups were compared using the chi-square test, with p=<0.05 signifying statistical significance. This study was approved by the hospital ethics committee.



Breast Cancer Gene-Expression Miner

Breast cancer gene-expression miner v4.6 (bc-GenExMiner v4.6, http://bcgenex.ico.unicancer.fr/) is a breast cancer gene expression mining program. Bc-GenExMiner is employed to examine the relationship of molecular subtypes or gene expression patterns, with disease prognosis (15–17). Here, we used bc-GenExMiner to determine the relationship of different clinical features with CRIM1 expression.



TIMER 2.0 Database

TIMER 2.0 data resource (http://timer.cistrome.org/) is a platform for comprehensive assessment of invading immune cells in various cancers. Timer offers 6 primary analysis modules, which allow users to interactively assess the association of immune invasion with somatic copy number alterations, gene expression, clinical outcomes, as well as somatic mutations (18). Timer 2.0 uses six advanced algorithms to analyze data from more than 10,000 samples from TCGA, providing users with more reliable estimates of immune invasion levels (19, 20). Here, we analyzed CRIM1 expression in breast cancer and its correlation with the abundance of B-cells, neutrophils, CD4+ T-cells, NK cells, endothelial cells, CD8+ T-cells, macrophages, Tregs, and tumor purity.



Kaplan-Meier Survival Analysis

The Kaplan-Meier Plotter data tool (http://kmplot.com/analysis/) is an online resource for plotting survival maps that can be utilized to explore the relationship of diverse gene expression levels of various with the clinical outcomes of individuals with breast cancer. RNA-seq, survival data, along with HTSeq counts for 26 diverse tumor types are obtained from the TCGA data resource (21, 22). Here, we assessed the association of CRIM1 expression with DMFS (distant metastasis-free survival), OS (overall survival), and RFS (relapse-free survival) in breast cancer cohorts. Hazard ratios along with log P values with 95% confidence intervals were calculated and displayed.



PrognoScan

Prognoscan (http://www.prognoscan.org/), a large collection of cancer microarray datasets with clinical annotation, is a tool for assessing biological relationships between gene expression and prognosis. Here, we used Prognoscan to determine the relationship between CRIM1 levels and prognosis (23). Automatic calculation of COX P-values and hazard ratios (HR) with 95% confidence intervals was done based on mRNA levels.



Gene Set Enrichment Analysis

Gene set enrichment analysis (GSEA), which is utilized in interpreting gene expression data, reveals many common biological pathways (24). Here, GSEA was done using the R package, clusterProfiler (25). Ggplot2 (3.6.3) (26) was employed to determine the biological cascades linked to CRIM1 and the rate of breast cancer in ‘CRIM1 low’ vs ‘CRIM1 high’ groups using FDR = <0.25 and adjusted p=<0.05 as significance thresholds.




Results


Expression of CRIM1 is Downregulated in Breast Cancer

Oncomine assessment exhibited that CRIM1 was remarkably downregulated in breast cancer compared with normal tissue, including in infiltrative ductal carcinoma, infiltrative lobular carcinoma, and medullary carcinoma (Figure 1; Table 1).




Figure 1 | The expression of CRIM1 in various human cancers (ONCOMINE data resource). (A) Increased or decreased CRIM1 levels in different cancer datasets in contrast with non-malignant tissues. Red = upregulation, blue = downregulation. The lighter the color, the more meaningful it is. (B) Eight analyses show low levels of CRIM1 in breast cancer. (C) Expression of CRIM1 in distinct types of human tumors in the TIMER database. *p<0.05, **p<0.01, ***p<0.001.




Table 1 | CRIM1 expression in different subtypes of breast cancer and normal tissues using the Oncomine database.



Analysis of CRIM1 protein levels in breast cancer on human protein atlas exhibited that CRIM1 protein was not expressed in cancer cells (Figures 2B, D), although it was modestly and moderately expressed in myoepithelial cells and glandular cells, respectively (Figures 2A, C).




Figure 2 | Downregulation of protein levels in breast cancer tissues was observed in human protein atlas. CRIM1 protein levels were medium in glandular cells and low in myoepithelial cells (A, C), and were negative in tumor cells (B, D).



In addition, we performed immunohistochemistry on breast cancer and normal tissues using anti-CRIM1 antibody(ab272542) and analyzed the results. This analysis revealed that relative to normal tissues, CRIM1 levels were remarkably lower in breast cancer tissues (Figures 3A, B, χ2=10.444, p=0.001). The rate of CRIM1 positivity in normal breast tissues was 58.42%, relative to 39.62% in carcinoma. Overall, whether the protein expression or mRNA expression of CRIM1 were lower in breast cancer than in normal breast tissues.




Figure 3 | Expression of CRIM1 in 265 breast cancer patient samples and 101 normal breast tissues were examined by immunohistochemistry. (A) CRIM1 expression is negative (-) in breast cancer; (B) CRIM1 expression is moderate (++) in normal breast tissues.





Relationship Between CRIM1 Expression and Breast Cancer Clinicopathologic Features

CRIM1 expression in luminal A, luminal B, HER-2-positive, and triple-negative breast cancer tissues collected in our laboratory is shown in Table 2. By chi-square test, the difference regarding the expression of CRIM1 in the above four groups was statistically significant (χ2 = 16.377, P=0.001). The expression of CRIM1 in triple-negative group was lowest, but in HER-2-positive group was highest. We compared these four sets of data in pairs. It showed significant difference in CRIM1 expression between the HER-2-positive group with the Luminal A, Luminal B, and triple-negative groups (χ2 = 7.402, p=0.007; χ2 = 13.516, p=0.000; χ2 = 13.650, p=0.000). However, there was no significant difference between Luminal A group with Luminal B and TNBC groups (χ2 = 0.408, p=0.523; χ2 = 1.334, p=0.248), nor between Luminal B and TNBC groups (χ2 = 0.579, p=0.447).


Table 2 | CRIM1 expression in different subtypes of breast cancer and normal tissues using Immunohistochemistry [n(%)].



Next, we divided breast cancer patients into various groups according to various clinical characteristics and compared differences in CRIM1 mRNA levels using bc-GenExMiner. The groups did not differ remarkably with regards to age and nodal status (Figures 4A, E). ER and PR status were positively correlated with CRIM1 expression (Figures 4B, C), while HER-2 expression was negatively correlated with CRIM1 expression (Figure 4D). That was somewhat different from our immunohistochemical results in breast cancer specimens collected in our laboratory. We also found that CRIM1 was remarkably downregulated in the basal-like subtype when compared to the non-basal-like subtype. Similar observations were made for triple-negative breast cancer (TNBC, Figures 4F, G, I). P53 is one of the most commonly mutated oncogenes (27). Our analysis found that CRIM1 was remarkably downregulated in the p53 mutant group than the p53 wild-type group (Figure 4H). We further found that the expression of CRIM1 had a correlation with the pathological tumor stage of breast cancer, and it was obvious to observe that its expression was highest in stage I (Figure 4J). And there was no relevance between CRIM1 expression and BRCA1/2 status (Figures 4K, L). Next, we evaluated CRIM1 expression in clinical specimens in relation to breast cancer clinicopathological parameters. Breast cancer patients were then grouped into the high- and low-CRIM1 expression groups and their correlation with age, menopause, TNM stage, histological type, pathologic stage, HER2 status, and radiotherapy were investigated. CRIM1 expression correlated with menopause status(p=0.005), T stage(p=0.002), pathologic stage(p=0.040), histological type(p=0.011), and HER2 status(p<0.001) but not with age(p=0.411), N-stage(p=0.372), M-stage(p=0.219), and Radiation therapy (p=0.435) (Table 3).




Figure 4 | Violin plot illustrated the relationship of CRIM1 expression with clinical indicators using bc-GenExMiner. Data include age (A), ER (B), PR (C), HER-2 (D), nodal status (E), basal-like status (F), TNBC status (G), P53 status (H), basal-like & TNBC status (I), pathological tumor stage (J), BRCA1 status (K) and BRCA2 status (L).




Table 3 | Relationship between CRIM1 expression and clinicopathologic parameters of breast cancer patients.





Decreased CRIM1 Expression Impacted the Prognosis of Breast Cancer Patients

Kaplan-Meier and log-rank test analyses of the significance of CRIM1 expression on breast prognosis revealed that higher CRIM1 levels correlated with better DMFS (HR=0.7, p=4.4e-06), OS (HR=0.78, p=0.009), and RFS (HR=0.85, p=0.002). However, low CRIM1 levels were correlated with worse survival (Figures 5A–C). Similar observations were made using PrognoScan analysis which exhibited that low CRIM1 expression remarkably linked to poorer RFS, OS, DSS, DFS, and DMFS (Table 4). Receiver operating characteristic (ROC) curve analysis of the relationship of CRIM1 with survival time of breast cancer patients revealed an AUC of 0.891 (Figure 5D), indicating good performance for CRIM1 in predicting survival.




Figure 5 | Prognostic significance of CRIM1 expression in breast cancer (A–D). (A–C) Kaplan-Meier analysis revealed that high CRIM1 levels were correlated with better DMFS (distant metastasis-free survival), OS (overall survival), and RFS (relapse-free survival). (D) Receiver operating characteristic (ROC) curve analysis of the correlation between CRIM1 and survival in breast cancer patients showed that CRIM1 had good performance in predicting breast cancer survival.




Table 4 | CRIM1 expression and survival data of breast cancer patients through the PrognoScan database.





CRIM1 Expression Levels Correlated With Immune Cells Invasion Levels in Breast Cancer

Further, we adopted TIMER to examine the relationship of CRIM1 with invading immune cells in breast cancer, consisting of CD4+ T-cells, neutrophils, CD8+ T-cells, macrophage M1, B-cells, NK, endothelial cells, and Tregs. This analysis illustrated that CRIM1 expression was positively linked to CD8+ T-cells (r=0.297, p=9.47e-22), endothelial cells (r=0.392, p=8.87e-38) and neutrophils (r=0.498, p=2.31e-63), and negatively linked to NK (r=-0.204, p=8.50e-11), B-cells (r=-0.3, p=3.70e-22), CD4+ T-cells (r=-0.574, p=4.08e-88), tumor purity (r=-0.177, p=1.98e-08), macrophage M1(r=-0.318, p=8.21e-25), and Tregs (r=-0.266, p=1.53e-17) (Figure 6). These findings indicated that CRIM1 levels may regulate immune cells infiltration in breast cancer.




Figure 6 | TIMER analysis of the relationship of CRIM1 expression with immune cells invasion levels in breast cancer. CRIM1 expression in breast cancer tissues were negatively correlated with tumor purity, Tregs, NK, B-cells, and CD4+ T-cells, macrophage M1, and positively correlated with CD8+ T-cells, endothelial cells, and neutrophils (n=1100).





GSEA Identified CRIM1-Associated Pathways in Breast Cancer

To evaluate the possible mechanisms accounting for the effects of CRIM1 on breast cancer, we performed GSEA analysis on samples with low CRIM1 levels relative to those with high CRIM1 levels. This analysis revealed significant differences in the abundance of MSigDB collections (c2.cp.v7.2.symbols.gmt) and that M phase, metabolism of amino acids and derivatives were remarkably differentially enriched in samples with low CRIM1 levels (Figures 7A, B), indicating that low CRIM1 levels may influence breast cancer development via these pathways.




Figure 7 | GSEA revealed that M phase (A) and metabolism of amino acids and derivatives (B) were enriched in the low CRIM1 expression group. NES, normalized ES; FDR, false discovery rate.





CRIM1, PFDN6, and DIXDC1 Were Co-Expressed in Breast Cancer Patients

Finally, we analyzed TCGA data resources (https://portal.gdc.cancer.gov/) BRCA RNAseq (data in level 3 HTSeq-FPKM format) for genes that are co-expressed with CRIM1 using the R packages, stat (28) and ggplot2 (26) (3.6.3). This analysis identified 5254 IDs that met the cutoff threshold of |cor|>0.3, p=<0.05. Results showed that 5091 genes were positively correlated with CRIM1 levels, while 163 genes were negatively correlated with CRIM1. Notably, DIXDC1 had a strong positive correlation with CRIM1, while PFDN6 had a strong negative association with CRIM1 (Figures 8A, B). It was reported that DIXDC1 deletion enhances SNAIL-dependent gene expression, which enhances invasion and remodeling of the tumor microenvironment (29). PFDN6 (Prefoldin 6) is a β-like subunit of hetero-hexameric chaperone proteins (30). Prefoldins are highly specialized co-chaperones of actin and microtubule protein folding (31).




Figure 8 | Identification of genes that are co-expressed with CRIM1. (A) DIXDC1 was positively correlated with CRIM1. (B) PFDN6 was negatively correlated with CRIM1. ***p=<0.001.






Discussion

Despite advances in chemotherapy, radiotherapy, and surgical treatment of breast cancer, its survival rate remains low (32). Breast cancer is the primary cause of mortality along with morbidity in women (33). Thus, new breast cancer biomarkers are urgently needed for better outcomes.

CRIM1 is involved in histogenesis via its interaction with growth factors, including bone morphogenetic protein (BMP), vascular endothelial growth factor (VEGF), as well as transforming growth factor-beta (TGF-β) (34). Reduced CRIM1 expression is associated with reduced E-cadherin levels. CRIM1 suppresses cell migration and invasion by regulating the expression of various EMT-related factors (10). However, the significance of CRIM1 expression in breast cancer is unclear.

Oncomine analysis of CRIM1 expression in breast cancer revealed decreased CRIM1 levels in many kinds of breast carcinoma, such as infiltrative ductal breast carcinoma, infiltrative lobular breast carcinoma, and medullary breast carcinoma. Analysis using bc-GenExMiner revealed that ER and PR status were positively associated with CRIM1 expression, while HER-2, basal-like status, triple-negative status along with p53 status were negatively correlated with CRIM1 expression in breast cancer tissues. That was somewhat different from our immunohistochemical results in breast cancer specimens collected in our laboratory. In our immunohistochemical results, HER-2 expression was positively correlated with CRIM1 expression. More experimental evidence is needed to verify. Human Protein Atlas results showed that CRIM1 expression was lower than normal in breast cancer and IHC analyses revealed the expression of CRIM1 was lowest in triple-negative breast cancer. The pathological tumor stage of breast cancer was in connection with CRIM1 expression, with the highest expression in stage I. Expression of CRIM1 was correlated with menopause status, T stage, pathologic stage, histological type, and P53 status but not with age, N-stage, M-stage, and Radiation therapy.

Investigation of the impact of CRIM1 on breast cancer prognosis using Kaplan-Meier and PrognoScan analyses revealed that reduced CRIM1 levels correlated with poorer RFS, OS, DSS, DFS, and DMFS. These findings indicated that low CRIM1 expression may effectively predict breast cancer prognosis.

TIMER analysis of the mechanisms underlying CRIM1 effects on breast cancer revealed that CRIM1 levels were negatively linked to tumor purity, macrophage M1, Tregs, NK cells, B-cells, and CD4+ T-cells, but were positively correlated with CD8+ T-cells, endothelial cells, macrophage M1 as well as neutrophils.

Using co-expression along with correlation analyses, we found that DIXDC1 was positively correlated with CRIM1 expression, while PFDN6 expression was negatively related to CRIM1 levels. DIXDC1 is a scaffolding protein consisting of 3 protein-interacting structural domains (an actin-binding calponin homology (CH) domain, a coiled-coil (CC) domain, and a Dishevelled-Axin (DIX) oligomerization domain). Numerous studies have reported its positive regulation of the DIX structural domain in Wnt signaling. Reduced DIXDC1 expression promotes malignant behavior and is associated with the survival in cancer (29, 35).

In conclusion, our findings indicated that CRIM1 was downregulated in breast cancer in contrast with non-malignant tissues and that reduced CRIM1 expression was correlated with poor prognosis. Our studies were mainly based on bioinformatics analysis and lacked systematic experimental validation. Further researches are needed to better characterize the prognostic value of CRIM1 in breast cancer.
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Background

Depression plays a significant role in mediating breast cancer recurrence and metastasis. However, a precise risk model is lacking to evaluate the potential impact of depression on breast cancer prognosis. In this study, we established a depression-related gene (DRG) signature that can predict overall survival (OS) and elucidate its correlation with pathological parameters and sensitivity to therapy in breast cancer.



Methods

The model training and validation assays were based on the analyses of 1,096 patients from The Cancer Genome Atlas (TCGA) database and 2,969 patients from GSE96058. A risk signature was established through univariate and multivariate Cox regression analyses.



Results

Ten DRGs were determined to construct the risk signature. Multivariate analysis revealed that the signature was an independent prognostic factor for OS. Receiver operating characteristic (ROC) curves indicated good performance of the model in predicting 1-, 3-, and 5-year OS, particularly for patients with triple-negative breast cancer (TNBC). In the high-risk group, the proportion of immunosuppressive cells, including M0 macrophages, M2 macrophages, and neutrophils, was higher than that in the low-risk group. Furthermore, low-risk patients responded better to chemotherapy and endocrine therapy. Finally, a nomogram integrating risk score, age, tumor-node-metastasis (TNM) stage, and molecular subtypes were established, and it showed good agreement between the predicted and observed OS.



Conclusion

The 10-gene risk model not only highlights the significance of depression in breast cancer prognosis but also provides a novel gene-testing tool to better prevent the potential adverse impact of depression on breast cancer prognosis.





Keywords: breast cancer, depression, predictive model, overall survival, nomogram



Introduction

As a formidable health problem for women worldwide, breast cancer ranks first in incidence and mortality among women’s malignancies. According to the World Health Statistics 2020, breast cancer incidence accounted for 11.7% of new cases in 2020 and 6.9% of mortalities worldwide (1). Despite advances in early detection and drug development, significant barriers remain in the prediction of metastasis or recurrence risk (2). Given the long latent period and relatively young age of breast cancer, the development of prognosis-risk prediction models is of great value to improve treatment strategies and overall survival (OS).

Prognostic risk factors of breast cancer have attracted increasing interest for more than a decade. In 2007, the St. Gallen Expert Consensus considered that the risk of breast cancer recurrence was mainly related to age, tumor size, histological grade, peritumor intravascular cancer emboli, and expression of the estrogen receptor (ER)/progesterone receptor (PR) and human epidermal growth factor receptor 2 (HER2) (3). In St. Gallen 2011, breast cancer was divided into four types, namely, luminal A, luminal B, HER2+, and triple-negative breast cancer (TNBC) (4), of which TNBC was considered to have a poor prognosis. In fact, only 77% of TNBC patients survive 5 years after diagnosis, while the survival rate of other subtypes reached 93% (5). The 5-year survival rate in the metastatic TNBC is less than 30% and almost all patients will ultimately die of their disease (6). However, breast cancer is a highly heterogenous disease (7), and some TNBC patients have a low recurrence risk and relatively long survival period. It is believed that more genes are involved in determining breast cancer prognosis in addition to ER, PR and HER2. For example, the luminal A type was further classified into low-, intermediate-, and high-risk recurrence subgroups by a 21-gene recurrence score system (8). In addition, risk prediction tools, such as MammaPrint, Breast Cancer Index, PAM50 and EPclin, have also been developed to address the needs for precise diagnosis and treatment (9–12). Nevertheless, these tools are greatly limited by specific platforms and pathological subtype. Thus, it is significant and urgent to establish novel gene panels to assist with risk prediction and anti-cancer drug development.

Numerous studies have emphasized the close correlation between depression and breast cancer (13–16). The meta-analysis showed that 32.3% of breast cancer patients suffer from depression (17). Nearly half of breast cancer patients at early stage would have depression, anxiety, or both after diagnosis (18). Depression is related to a 24% increased risk of breast cancer recurrence, 30% increased risk of all-cause mortality, as well as 29% increased risk of cancer-specific mortality (19). Animal studies have demonstrated that psychological stress could accelerate tumor growth and promote lung metastasis (20–22). Thus, it is crucial to explore the role of depression-related gene (DRGs) for the prognosis of breast cancer.

Herein, a 10-DRG risk signature was determined and it presented a positive prediction with OS in The Cancer Genome Atlas (TCGA) and GSE96058 cohorts, particularly for TNBC patients. A high-risk score was related to age, tumor size, tumor stage, metastasis, and immunosuppressive cells. Moreover, low-risk patients might be highly sensitive to chemotherapy and endocrine therapy. Finally, a nomogram was successfully established by integrating the risk score and other clinical parameters. Taken together, our study not only provides a novel risk prediction model for evaluating breast cancer prognosis based on DRGs analysis but also highlights the clinical significance of depression evaluation in breast cancer treatment.



Materials and Methods


Data Source and Collection

Breast cancer related clinical information and the gene expression profiles were collected from TCGA database, which was chosen as testing dataset containing 1,096 patient samples and 113 non-tumor tissues. For further verification, the dataset GSE96058 (n=2969) downloaded from the GEO database was selected for validation.



Selection of DEGs in Breast Cancer

A total of 8,479 DRGs were acquired from the Genecard database, which supplies a comprehensive, up-to-date list of human genes. We obtained the expression values of 8,479 DRGs from TCGA. Based on TCGA dataset, DEGs were identified via Wilcoxon test after averaging replicate probes. Those genes with |log2-fold change (FC)| > 2 and adjusted P value (FDR) < 0.05 were considered DEGs.

Subsequently, PPIs of the DEGs were constructed based on the STRING (The Search Tool for the Retrieval of Interacting Genes) online tool. Then Cytoscape software 3.6.1 was applied to visualized the network. Additionally, the key modules in network were analyzed by MCODE in Cytoscape software. The options were set as degree cutoff = 2, K-Core = 4, and Node Score Cutoff = 0.3.



Identification of Prognostic Genes and Construction of a Risk Model

The univariate Cox regression analysis was performed to explore the correlation between genes and OS in the testing dataset. DEGs with p <0.05 were considered as candidate genes. Then LASSO regression was applied to shrink scope of gene screening. Finally, a multivariate Cox analysis was constructed to screen highly prognosis-associated genes and generate the prognostic risk model.

The risk score was calculated as follows:

	

(where “Exp” represents gene expression level and “β” represents the regression coefficient from the multivariate Cox analysis).

According to the risk score, the optimal cut-off value obtained by Receiver operating characteristic (ROC) analysis was performed for patient risk stratification.



Validation of the Constructed Model

To validate this model, Kaplan-Meier survival analysis along with log-rank test was employed to analyze survival difference between patients with different scores. To confirm whether the signature can be applied as an independent factor predictive of survival, univariate and multivariate Cox regression analyses were carried out.



GSEA

To explore the potential biological pathways, GSEA was carried out during the enrichment of the MSigDB Collection (c2.cp.kegg.v7.1.symbols.gmt). Pathways with |NES| > 1 and p < 0.05 were considered significantly enriched.



Exploration of Tumor-Infiltrating Immune Cells

As the most frequently cited tool for analyzing immune cells infiltration, CIBERSORT was used to quantify the immune cell proportion based on their RNA sequencing data (23). In the study, the tool was used to estimate the proportion of immune cell fractions in each breast patients in TCGA cohort.



Investigation of the Significance of Risk Signature for Drug Treatment

Genomics of Drug Sensitivity in Cancer website (24) was employed to discuss differences between patients with low and high score in response to chemotherapy, endocrine therapy, and targeted therapy. The IC50 of common therapeutic drugs in the TCGA breast cancer cohort was calculated.



Identification of Potential Small Molecule Drugs Targeting High Risk Patients

CMap is an online pharmacogenomic database based on gene expression data of cultured human cells treated with bioactive substance. Those up- and down-regulated target genes were uploaded to CMap. The connectivity score ranges from -1 to 1, which was used to reveal the closeness between expression profiles. The drugs with negative scores were generally considered as potential therapeutic molecules.



Construction and Evaluation of the Nomogram

The rms R package was performed to build a nomogram containing the model and clinicopathological features. The C-index and calibration plot were applied to assess predicted probabilities.



Statistical Analysis

The R software (version 3.6.3) was used to analyze the statistical data. Kaplan-Meier survival curves at 1-, 3-, and 5-years were illustrated with the survminer package. The prognostic effect of the risk model and clinicopathological features were assessed through univariate Cox analysis and multivariate Cox analysis. A two-sided p < 0.05 was considered statistically significant.




Results


Identification of DRGs and Establishment of a 10-Gene Risk Model for Predicting Breast Cancer Prognosis

To construct a risk model based on DRGs, TCGA-BC cohort and GSE96058 cohort were selected as testing and validation datasets, respectively. The flow chart of bioinformatic analysis is illustrated in Figure 1. This study included 1,027 cases from TCGA cohort in which primary breast cancer had been followed up for more than 1 month. Clinical characteristics are summarized in Table S1. In total, 358 upregulated and 400 downregulated DRGs were finally identified (Figures 2A, B). To narrow the gene set and determine the hub genes, a protein–protein interaction (PPI) network based on the differentially expressed genes (DEGs) was built. Subsequently, module analyses of the network were conducted using Molecular Complex Detection (MCODE) to obtain hub genes (Figure 2C). Five significant modules were screened out and genes identified as hub genes were further analyzed.




Figure 1 | Flow chart of this study.






Figure 2 | Screening and identification of prognostic DRGs of TCGA breast cancer patients. (A) Volcano map visualizes DEGs between breast cancer and normal tissues. Red dots indicate upregulated genes, green dots indicate downregulated genes, and black dots indicate no differences gene; (B) Heatmap analysis of differential DRGs; (C) MCODE analysis from the PPI network. The orange nodes represent genes in significant module, while the blue nodes represent genes in insignificant module. (D) Forest plot of 34 genes identified by the univariate Cox regression analysis. (E) LASSO coefficient profiles of 15 prognosis-related genes. The red dots represent the partial likelihood values. The optimal parameter (λ) was calculated by ten-fold cross-validation.



In univariate Cox analysis, 34 DRGs were found significantly related to OS (Figure 2D). Through lasso regression analyses, 15 genes were further identified as prognosis-related genes (Figure 2E). Multivariate Cox analysis confirmed the following 10 DRGs for constructing the risk model: MT3, SORBS1, IGFALS, AMH, IL12B, TP53AIP1, PXDNL, MC5R, FOXD1 and LHX1 (Table S2). The formula was developed as below:

	



Prognostic Effect of the Model on Predicting OS of Breast Cancer

To explore the predictive effect of the model, risk scores in TCGA-Breast cancer and GSE96058 cohorts were calculated according to the formula. Subsequently, patients were divided into either low- or high-risk group based on the cut-off point of −1.281, as determined by MedCalc version 15.2.2 (MedCalc Software bvba, Ostend, Belgium). Survival analysis demonstrated a shorter survival time in high-risk patients (p < 0.001), which was verified by the GSE96058 dataset (p < 0.001) (Figure 3A). As illustrated in the Figures 3B, C, the higher the score, the higher proportion of patients dying in TCGA and GSE96058 datasets. Heatmap analysis showed that MT3, SORBS1, IGFALS, IL12B and TP53AIP1 in the low-risk group were overexpressed, whereas AMH, PXDNL, MC5R, FOXD1 and LHX1 in the high-risk group were overexpressed. The outcomes in GSE96058 dataset were in line with those in TCGA (Figure 3D). As displayed in Figure 3E, the maximum area under the ROC curve (AUC) values reached 0.789, indicating the good sensitivity and specificity of the model. Consistently, in GSE96058 cohort the model achieved the maximum AUC of 0.725. These results revealed that the model was effective in predicting the survival probability.




Figure 3 | Prognostic effect of the model in breast cancer. (A) Kaplan-Meier OS curves of breast cancer patients in TCGA and GSE96058 cohorts; (B) The distribution of risk score of breast cancer patients in TCGA and GSE96058 cohorts. X‐axis here is patient number and Y‐axis is risk score; (C) Survival status of the patients with different risk score in TCGA and GSE96058 cohorts. X‐axis here is patient number and Y‐axis is survival time; (D) A heatmap showing 10 gene expression profiles in TCGA and GSE96058 cohorts; (E) ROC Analysis of the risk model in TCGA and GSE96058 cohorts.



Considering tumor heterogeneity, survival and ROC analyses of different molecular subtypes of breast cancer were carried out, respectively. The risk model had good prognostic performance, particularly for TNBC. As shown in Figure S1, the survival analyses proved the prognostic value for TNBC in both TCGA and GSE96058 cohorts (p < 0.001). ROC analyses further revealed that in the TCGA cohort, the AUC of TNBC was 0.709, 0.732, and 0.730 at 1, 3 and 5 years, respectively. The results were validated in the GSE96058 dataset in which AUC at 1, 3, and 5 years reached 0.747, 0.657, and 0.609 for TNBC, respectively (Figure S2).



Correlation Analysis Between the Model and Pathological Parameters

The relationship between the risk model and pathological parameters was further investigated. As displayed in Figures 4A, B, the risk model in the TCGA testing cohort was closely associated with age, molecular subtypes, clinical stage, T stage, and M stage, whereas N stage was not. Similarly, significant differences were also observed in GSE96058 cohorts, including age, molecular subtypes, tumor size, and positive nodes (Figure S3A, B). The risk score was significant for prognosis prediction when evaluated by univariate Cox analysis (HR = 2.926, 95% CI: 2.306–3.711) (Figure 4C). Furthermore, multivariable Cox analysis revealed that the model remained statistically significant (HR = 1.075, 95% CI:1.058–1.092), indicating that the model is an independent prognostic factor (Figure 4D). Likewise, in GSE96058 cohort, the univariate Cox regression analysis demonstrated that risk score (HR=2.329, 95% CI:1.879–2.887) is significantly related to survival (Figure S3C). The multivariate Cox regression analysis indicated that risk score (HR=1.648, 95% CI:1.324–2.049) is still an independent prognostic factor for breast cancer (Figure S3D).




Figure 4 | Clinical evaluation of the risk model with pathological parameters. (A) The distribution of the model with the clinicopathological features including age, stage, TNM stage, survival state; **p < 0.01 and ***p < 0.001. (B) Comparison of risk score between patients with different pathological parameters. Age, molecular subtype, clinical stage, T stage, M stage were significantly associated with the risk score, while N stage was not; (C) Forrest plot of univariate Cox regression analysis. The result revealed that age, clinical stage, T stage, N stage, M stage, and risk score were statistically different. (D) Forrest plot of multivariate Cox regression analysis. Either age or risk score acted as an independent prognostic factor.





Molecular Mechanism Analysis of the Model in Predicting Prognosis

We continued to explore the potential biological mechanisms of the risk model. GSEA revealed that group at high-risk was enriched in terpenoid backbone biosynthesis, cell cycle, pentose, and glucuronate interconversions, DNA replication, steroid biosynthesis, fructose, and mannose metabolism as well as mismatch repair. By contrast, the group at low-risk was enriched in pathways such as cell adhesion molecules, intestinal immune network for IgA production, cytokine-cytokine receptor interaction, JAK-STAT signaling pathway, chemokine signaling pathway, T cell receptor signaling pathway, and leukocyte transendothelial migration (Figure 5A).




Figure 5 | Immune landscape in breast cancer patients with low- and high-score. (A) GSEA revealing biological processes correlated with risk model; (B) The abundances of immune cells in tumor microenvironment; (C) Comparison of proportion of immune cells types in patients with low- and high-score; (D) Immune checkpoints including PD1, PD-L1, CTLA4, and LAG3 expression in patients with low-score and high-score. (E) Expression levels of IFNG, GZMA, GZMB and TGFB1 in patients with low-score and high-score. ***p < 0.001.



Growing evidence shows that depression could inhibit the immune effector cells and facilitate immune escape, thus protecting cancer cells from immunological killing (14, 25). Moreover, the preliminary GSEA analyses in this study illustrated that the signature is closely associated with immune pathways. Herein, the abundance of 22 immune cells in low-risk and high-risk cases was analyzed via the CIBERSORT method (Figure 5B). The results revealed that high-risk patients had higher abundances of immunosuppressive cells including M0 macrophages, M2 macrophages, and neutrophils, but significantly lower abundances of M1 macrophages, naive B cells, CD8 T cells, resting memory CD4 T cells, regulatory T cells, resting dendritic cells, and resting mast cells (Figure 5C). In summary, the immunosuppressive microenvironment might be responsible for worse prognosis in high-risk cases.

Then the expression of the immune checkpoint regulators was analyzed in patients with different risk score. As shown in Figure 5D, the expressions of PD-1, PD-L1, and CTLA-4 increased significantly in patients with low-scores (p < 0.05), whereas LAG3 showed no statistical difference. These results implied that low-risk patients might be sensitive to immune checkpoint blockade therapies.

Additionally, it is well established that cytokines play a crucial role in the tumor immune microenvironment. Therefore, the results in TCGA cohort demonstrated that GZMA, GZMB, and IFNG in the low-risk group were highly expressed, while TGFB1 was elevated in high-risk breast cancer patients (p < 0.001) (Figure 5E).



Clinical Effects of the Model in Predicting Treatment Sensitivity

We further identified associations between the model and treatment effect of chemotherapeutics, endocrine drugs, and targeted agents. Low-risk patients had lower half-maximal inhibitory concentration (IC50) of chemotherapeutics such as cisplatin, doxorubicin, cytoxan, methotrexate, and vinorelbine except for paclitaxel, indicating the predictive potential of the model for chemosensitivity (Figure 6A). Regarding endocrine therapy, low-risk patients had lower IC50 of endocrine therapies, such as tamoxifen, fulvestrant, and letrozole (Figure 6B). Low-risk patients had lower IC50 of targeted therapies, such as trastuzumab, olaparib, and temsirolimus, whereas high-risk patients had lower IC50 for targeted therapies such as palbociclib and sorafenib. The two groups showed no statistical differences for lapatinib (Figure 6C). Moreover, the DEGs were subjected to Connectivity Map (CMap) analysis and a total of six drugs, including pronetalol, puromycin, chlorphenamine, megestrol, semustine, and acacetin, were indicated for high-risk breast patients (Figure 6D).




Figure 6 | Analysis of the association between the risk model and chemotherapeutics, endocrine therapy, and targeted therapy. (A) The model predicting the sensitivity to chemosensitivity. It was estimated that low-risk patients had lower IC50 for chemotherapeutics such as paclitaxel, cisplatin, and doxorubicin, cytoxan, methotrexate, vinorelbine, except for paclitaxel; (B) The model predicting the sensitivity to endocrine therapy. It was estimated that low-risk patients had lower IC50 such as tamoxifen, fulvestrant, and letrozole. (C) The model predicting the sensitivity to targeted therapy. It was estimated that low-risk patients had lower IC50 such as trastuzumab, olaparib, temsirolimus, whereas high-risk patients had lower IC50 for targeted therapy such as palbociclib, sorafenib. There are no differences between high risk or low risk patient for lapatinib; (D) CMap analysis for high-risk score patients. Six targeted drugs such as pronetalol, puromycin, chlorphenamine, megestrol, semustine, and acacetin are predicted therapy for this risk score in breast cancer.





Nomogram Construction Based on the 10-Gene Risk Model

To create a quantitative method to predict OS, the nomogram for predicting 1-year, 3-year and 5-year OS was developed. Four risk factors, including age, stage, molecular subtypes, and risk score, were included in the nomogram (Figure 7A). The C-index reached 0.782 (95%CI: 0.733–0.831). As shown by the calibration curves, the actual and predicted OS matched well (Figures 7B–D).




Figure 7 | Construction of the nomogram. (A) The nomogram for predicting 1-, 3-, and 5-year OS was constructed by combining risk score, age, stage, and molecular subtype. (B–D) The calibration curves of nomograms between predicted and observed 1-, 3- and 5-year OS. The dashed line of 45° indicates the perfect prediction.






Discussion

In this study, a novel prognostic model consisting of 10-DRGs was established to enhance predictive capability of OS in breast cancer. The findings demonstrated that the model can effectively distinguish high-risk from low-risk patients and the model was effective in predicting OS in both the testing and validation sets, particularly for TNBC patients. Additionally, when pathological factors were included in multivariate Cox analysis, the model remained as an independent prognostic factor. These results implied that the risk model is a robust prognostic tool. Moreover, it presented that a high score was related to poor survival in TNBC patients. Given that TNBC is the most challenging subtype of breast cancer, predicting prognosis of TNBC by this risk model is of great significance.

Among the 10 genes, five (PXDNL, MC5R, AMH, FOXD1, and LHX1) were high-risk genes and five (IGFALS, SORBS1, IL12B, MT3, and TP53AIP1) were protective factors. PXDNL is reported as a susceptibility gene in patients with depression (26). MC5R, a melanocortin receptor, could mediate the axis responsiveness to integrated signals from diurnal rhythms and cortisol negative feedback. It was reported that MC5R antagonist could treat the depressive or generalized anxiety disorder (27). MT3 may be related to the antidepressant-like activity of eugenol, resulting in increased expression of the brain-derived neurotrophic factor (28). Furthermore, compared with those of the wild-type mice, Koumura et al. (29) found that MT3 KO mice had shorter social interactions duration as well as diminished prepulse inhibition for the acoustic startle response, indicating abnormal psychological behavior in schizophrenia, anxiety, autism, and phencyclidine-induced psychosis. In general, the 10 genes are related to depression but are not solely related to depression. The mental diseases including depression, anxiety, and panic are usually interrelated. Patients with depression, anxiety, or panic experienced declines in quality of life and showed poor treatment adherence as compared with patients without mental disorders (30). Our previous meta-analysis indicated that depression and anxiety would increase the risk of breast cancer recurrence and mortality (19). Likewise, the 10 genes included in this study are not only depression-related but also related to breast cancer progression. Gomulkiewicz et al. (31) demonstrated that patients with ductal breast cancer had lower expression of MT3 than that in non-malignant breast tissue and the level of MT3 in breast cancer patients with lymph node metastasis decreased compared to patients without metastasis. Moreover, the expression of MT3 in breast cancer cell lines was lower than that in the normal human breast epithelial cell lines. These findings indicated that MT3 might be correlated with the malignant transformation of breast epithelial cells and tumor progression. In addition, PXDNL and FOXD1 were reportedly involved in breast cancer pathogenesis and were significant in predicting prognosis. FOXD1 was found to be significantly related to the prognosis of basal-like breast cancer (32). Zhao et al. (33) demonstrated that FOXD1 could increase cell proliferation and enhance chemoresistance of cancer cells by targeting p27. It was demonstrated that decreased levels of SORBS1 have significant correlation with worse survival, distant metastasis, and more malignant phenotype. SORBS1 could inhibit tumorigenesis and metastasis through preventing JNK activation and attenuate cisplatin chemotherapy through p53 accumulation in breast cancer (34). TP53AIP1 inhibits proliferation and growth of breast cancer cells through cell-cycle arrest, apoptosis induction, elevation of the expression of cleaved-caspase-3, cleaved-caspase-9, Bax, p53, and the inhibition of Bcl-2, Ki67, and PI3K/Akt pathways (35). Although reports on the prognostic effect of the remaining genes in breast cancer are limited, it is worth further evaluating their potential as biomarkers of breast cancer progression.

Furthermore, the model was associated with tumor-infiltrating immune cells, as the abundance of M2 macrophages and neutrophils in high-risk patients significantly increased. The abundance of M1 macrophages, naive B cells, CD8 T cells, resting memory CD4 T cells, resting dendritic cells, and resting mast cells was lower in the high-risk group and was related to better OS. It is well established that cytokines play a crucial role in the tumor immune microenvironment. As high-risk patients in our study had higher abundances of immunosuppressive cells, but significantly lower proportions of M1 macrophages, naive B cells, CD8 T cells, resting memory CD4 T cells, resting dendritic cells, resting mast cells, and immune inhibitory cytokines such as TGFB1 and biomarkers of T cell activation such as GZMA, GZMB, and IFNG are selected to explore the differences between high-risk and low-risk groups. Notably, the results in TCGA cohort demonstrated that GZMA, GZMB, and IFNG in the low-risk cases were highly expressed, while TGFB1 was elevated in the high-risk group. Future research should be conducted on the mechanisms of this model in influencing immune cells in tumor microenvironment. Accumulating evidence also demonstrated the potential of immune checkpoint inhibitors (ICIs) in breast cancer treatment (36); however, only a few patients obtained therapeutic benefit from ICIs. It was found that low-risk patients had increased expression of PD-1, PD-L1, as well as CTLA-4, suggesting that low-risk patients are promising candidates for ICIs. In addition, the model provided an opportunity to choose the optimal therapy for breast cancer patients. Our study revealed that low-risk patients seem to be more sensitive to chemotherapy and endocrine therapy, which is in line with better OS of the low-risk patients. These results indicate the potential effect of the model in predicting therapy sensitivity, which is also beneficial for selecting optimal therapeutic strategies and improving breast cancer patients’ prognosis.

Furthermore, our study provides potential therapeutic options for high-risk patients. Among them, pronethalol, a β-adrenoceptor antagonist, is used to treat coronary heart disease and arrhythmias. Clinical studies have demonstrated that the application of β-blocker could improve the prognosis of patients with lung cancer, ovarian cancer, and melanoma (37–39). Although the use of pronethalol in clinical practice was restricted because it proved to be a carcinogen in mice (40), other β-blocker agents, such as propranolol, may be a valid approach for patients at high risk. It was reported that propranolol inhibits metastasis, reduces recurrence, and cancer-specific mortality in several clinical studies (41, 42). In addition, the safety of propranolol in breast cancer patients has been proven in a phase II pilot study (43). Chlorpheniramine, an alkylamine antihistamine, is used to prevent allergic symptoms. Although not generally recognized as an antidepressant or anxiolytic drug, chlorphenamine seems to have these properties as well. Shoko et al. (44) found that chlorpheniramine exerted antidepressant-like effects by activating dopamine D1 and α1-adrenoceptors. This result indicates that antidepressants may be another choice for breast cancer patients. It was proved that application of antidepressants for breast cancer may reduce mortality risk (45). However, antidepressants, such as selective serotonin re-uptake inhibitor, can reduce tamoxifen’s effectiveness and increase death risk (46). Thus, further studies are warranted for validation. Acacetin is a natural flavonoid, which can inhibit the secretion of carcinogenic estrogen metabolites, as well as tumor cell proliferation, invasion, and migration (47, 48). It is worth exploring its potential application in regulating DRGs during breast cancer treatment.



Conclusion

This study provides a novel 10-DRGs risk model to predict breast cancer survival. The model is particularly significant for TNBC and is promising for predicting drug sensitivity and is thus helpful for designing optimal therapeutic strategies to improve clinical prognosis. Our findings further highlight the significance of monitoring and treating psychological stress in preventing recurrence and metastasis of breast cancer. Further experimental validation and prospective clinical trials are worth conducting.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author.



Author Contributions

ZW and XW conceived and designed the study. XW and NW conducted the bioinformatic analysis and wrote the manuscript. LZ, WY, and KS participated in data interpretation and revised the manuscript. SW, YZ, BY, JZ, and BP contributed to data collection and discussion.



Funding

This work was supported by the National Natural Science Foundation of China [81873306, 81973526, 82004373, 82104869]; the State Key Laboratory of Dampness Syndrome of Chinese Medicine [SZ2021ZZ19]; Science and Technology Planning Project of Guangdong Province [2021A0505030059, 2017B030314166]; Department of Education of Guangdong Province [2018KZDXM022, A1-2606-19-111-009, 2019KQNCX019]; The 2020 Guangdong Provincial Science and Technology Innovation Strategy Special Fund (Guangdong-Hong Kong-Macau Joint Lab) [2020B1212030006]; Guangdong traditional Chinese medicine bureau project [20201132, 20211114]; Guangzhou science and technology project [202102010316, 202102010241, 201904010407]; The Specific Research Fund for TCM Science and Technology of Guangdong provincial Hospital of Chinese Medicine [YN2018MJ07, YN2018QJ08], and the Foundation for Young Scholars of Guangzhou University of Chinese Medicine [QNYC20190101].



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2022.879563/full#supplementary-material



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) 71:209–49. doi: 10.3322/caac.21660

2. Kimbung, S, Loman, N, and Hedenfalk, I. Clinical and Molecular Complexity of Breast Cancer Metastases. Semin Cancer Biol (2015) 35:85–95. doi: 10.1016/j.semcancer.2015.08.009

3. Goldhirsch, A, Wood, WC, Gelber, RD, Coates, AS, Thürlimann, B, and Senn, HJ. Progress and Promise: Highlights of the International Expert Consensus on the Primary Therapy of Early Breast Cancer 2007. Ann Oncol (2007) 18:1133–44. doi: 10.1093/annonc/mdm271

4. Goldhirsch, A, Wood, WC, Coates, AS, Gelber, RD, Rlimann, BT, and Senn, H-J. Strategies for Subtypes—Dealing With the Diversity of Breast Cancer: Highlights of the St Gallen International Expert Consensus on the Primary Therapy of Early Breast Cancer. Ann Oncol (2011) 22:1736–47. doi: 10.1093/annonc/mdr304

5. Bauer, KR, Brown, M, Cress, RD, Parise, CA, and Caggiano, V. Descriptive Analysis of Estrogen Receptor (ER)-Negative, Progesterone Receptor (PR)-Negative, and HER2-Negative Invasive Breast Cancer, the So-Called Triple-Negative Phenotype: A Population-Based Study From the California Cancer Registry. Cancer (2010) 109:1721–8. doi: 10.1002/cncr.22618

6. Liedtke, C, Mazouni, C, Hess, KR, André, F, Tordai, A, Mejia, JA, et al. Response to Neoadjuvant Therapy and Long-Term Survival in Patients With Triple-Negative Breast Cancer. J Clin Oncol (2008) 26:1275–81. doi: 10.1200/jco.2007.14.4147

7. Zardavas, D, Irrthum, A, Swanton, C, and Piccart, M. Clinical Management of Breast Cancer Heterogeneity. Nat Rev Clin Oncol (2015) 12:381–94. doi: 10.1038/nrclinonc.2015.73

8. Sparano, JA, Gray, RJ, Ravdin, PM, Makower, DF, Pritchard, KI, Albain, KS, et al. Clinical and Genomic Risk to Guide the Use of Adjuvant Therapy for Breast Cancer. N Engl J Med (2019) 380:2395–405. doi: 10.1056/NEJMoa1904819

9. Cardoso, F, van't Veer, LJ, Bogaerts, J, Slaets, L, Viale, G, Delaloge, S, et al. 70-Gene Signature as an Aid to Treatment Decisions in Early-Stage Breast Cancer. N Engl J Med (2016) 375:717–29. doi: 10.1056/NEJMoa1602253

10. Filipits, M, Rudas, M, Jakesz, R, Dubsky, P, Fitzal, F, Singer, CF, et al. A New Molecular Predictor of Distant Recurrence in ER-Positive, HER2-Negative Breast Cancer Adds Independent Information to Conventional Clinical Risk Factors. Clin Cancer Res (2011) 17:6012–20. doi: 10.1158/1078-0432.Ccr-11-0926

11. Sestak, I, Buus, R, Cuzick, J, Dubsky, P, Kronenwett, R, Denkert, C, et al. Comparison of the Performance of 6 Prognostic Signatures for Estrogen Receptor-Positive Breast Cancer: A Secondary Analysis of a Randomized Clinical Trial. JAMA Oncol (2018) 4:545–53. doi: 10.1001/jamaoncol.2017.5524

12. Pu, M, Messer, K, Davies, SR, Vickery, TL, Pittman, E, Parker, BA, et al. Research-Based PAM50 Signature and Long-Term Breast Cancer Survival. Breast Cancer Res Treat (2020) 179:197–206. doi: 10.1007/s10549-019-05446-y

13. Reich, M, Lesur, A, and Perdrizet-Chevallier, C. Depression, Quality of Life and Breast Cancer: A Review of the Literature. Breast Cancer Res Treat (2008) 110:9–17. doi: 10.1007/s10549-007-9706-5

14. Borgi, M, Collacchi, B, Ortona, E, and Cirulli, F. Stress and Coping in Women With Breast Cancer:Unravelling the Mechanisms to Improve Resilience. Neurosci Biobehav Rev (2020) 119:406–21. doi: 10.1016/j.neubiorev.2020.10.011

15. Carreira, H, Williams, R, Müller, M, Harewood, R, Stanway, S, and Bhaskaran, K. Associations Between Breast Cancer Survivorship and Adverse Mental Health Outcomes: A Systematic Review. J Natl Cancer Inst (2018) 110:1311–27. doi: 10.1093/jnci/djy177

16. Johns, SA, Stutz, PV, Talib, TL, Cohee, AA, Beck-Coon, KA, Brown, LF, et al. Acceptance and Commitment Therapy for Breast Cancer Survivors With Fear of Cancer Recurrence: A 3-Arm Pilot Randomized Controlled Trial. Cancer (2020) 126:211–8. doi: 10.1002/cncr.32518

17. Pilevarzadeh, M, Amirshahi, M, Afsargharehbagh, R, Rafiemanesh, H, Hashemi, SM, and Balouchi, A. Global Prevalence of Depression Among Breast Cancer Patients: A Systematic Review and Meta-Analysis. Breast Cancer Res Treat (2019) 176:519–33. doi: 10.1007/s10549-019-05271-3

18. Burgess, C, Cornelius, V, Love, S, Graham, J, and Ramirez, AJB. Depression and Anxiety in Women With Early Breast Cancer: Five Year Observational Cohort Study. BMJ (2005) 330:702. doi: 10.1136/bmj.38343.670868.D3

19. Wang, X, Wang, N, Zhong, L, Wang, S, Zheng, Y, Yang, B, et al. Prognostic Value of Depression and Anxiety on Breast Cancer Recurrence and Mortality: A Systematic Review and Meta-Analysis of 282,203 Patients. Mol Psychiatry (2020) 25:3186–97. doi: 10.1038/s41380-020-00865-6

20. Chen, H, Liu, D, Guo, L, Cheng, X, Guo, N, and Shi, M. Chronic Psychological Stress Promotes Lung Metastatic Colonization of Circulating Breast Cancer Cells by Decorating a Pre-Metastatic Niche Through Activating β-Adrenergic Signaling. J Pathol (2018) 244:49–60. doi: 10.1002/path.4988

21. Flaherty, RL, Intabli, H, Falcinelli, M, Bucca, G, Hesketh, A, Patel, BA, et al. Stress Hormone-Mediated Acceleration of Breast Cancer Metastasis is Halted by Inhibition of Nitric Oxide Synthase. Cancer Lett (2019) 459:59–71. doi: 10.1016/j.canlet.2019.05.027

22. Cui, B, Luo, Y, Tian, P, Peng, F, Lu, J, Yang, Y, et al. Stress-Induced Epinephrine Enhances Lactate Dehydrogenase A and Promotes Breast Cancer Stem-Like Cells. J Clin Invest (2019) 129:1030–46. doi: 10.1172/jci121685

23. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust Enumeration of Cell Subsets From Tissue Expression Profiles. Nat Methods (2015) 12:453–7. doi: 10.1038/nmeth.3337

24. Yang, W, Soares, J, Greninger, P, Edelman, EJ, Lightfoot, H, Forbes, S, et al. Genomics of Drug Sensitivity in Cancer (GDSC): A Resource for Therapeutic Biomarker Discovery in Cancer Cells. Nucleic Acids Res (2013) 41:D955–961. doi: 10.1093/nar/gks1111

25. Blume, J, Douglas, SD, and Evans, DL. Immune Suppression and Immune Activation in Depression. Brain Behav Immun (2011) 25:221–9. doi: 10.1016/j.bbi.2010.10.008

26. Chen, X, Long, F, Cai, B, Chen, X, Qin, L, and Chen, G. A Novel Relationship for Schizophrenia, Bipolar, and Major Depressive DisorderPart 8: A Hint From Chromosome 8 High Density Association Screen. Mol Neurobiol (2016) 16:5868–82. doi: 10.1007/s12035-016-0102-1

27. Hruby, VJ, Cai, M, and Morgan, C. Methods for the Treatment of Depression and Anxiety by a Melanocortin 5 Receptor Antagonist, PG-20n. United States Patent US 10653743 (2020).

28. Irie, Y, Itokazu, N, Anjiki, N, Ishige, A, Watanabe, K, and Keung, WM. Eugenol Exhibits Antidepressant-Like Activity in Mice and Induces Expression of Metallothionein-III in the Hippocampus. Brain Res (2004) 1011:243–6. doi: 10.1016/j.brainres.2004.03.040

29. Koumura, A, Kakefuda, K, Honda, A, Ito, Y, and Hara, HJNL. Metallothionein-3 Deficient Mice Exhibit Abnormalities of Psychological Behaviors. Neurosci Lett (2009) 467:11–4. doi: 10.1016/j.neulet.2009.09.051

30. Lawrence, WR, Kuliszewski, MG, Hosler, AS, Leinung, MC, Zhang, X, Zhang, W, et al. Association Between Preexisting Mental Illnesses and Mortality Among Medicaid-Insured Women Diagnosed With Breast Cancer. Soc Sci Med (2021) 270:113643. doi: 10.1016/j.socscimed.2020.113643

31. Gomulkiewicz, A, Jablonska, K, Pula, B, Grzegrzolka, J, Borska, S, Podhorska-Okolow, M, et al. Expression of Metallothionein3 in Ductal Breast Cancer. Int J Oncol (2016) 49:2487–97. doi: 10.3892/ijo.2016.3759

32. Liu, Q, Song, X, Liu, Z, and Yu, Z. Investigation of Candidate Genes and Pathways in Basal/TNBC Patients by Integrated Analysis. Technol Cancer Res Treat (2021) 20:15330338211019506. doi: 10.1177/15330338211019506

33. Zhao, YF, Zhao, JY, Yue, H, Hu, KS, Shen, H, Guo, ZG, et al. FOXD1 Promotes Breast Cancer Proliferation and Chemotherapeutic Drug Resistance by Targeting P27. Biochem Biophys Res Commun (2015) 456:232–7. doi: 10.1016/j.bbrc.2014.11.064

34. Song, L, Chang, R, Dai, C, Wu, Y, Guo, J, Qi, M, et al. SORBS1 Suppresses Tumor Metastasis and Improves the Sensitivity of Cancer to Chemotherapy Drug. Oncotarget (2017) 8:9108–22. doi: 10.18632/oncotarget.12851

35. Liang, Y, Wang, S, and Liu, J. Overexpression of Tumor Protein P53-Regulated Apoptosis-Inducing Protein 1 Regulates Proliferation and Apoptosis of Breast Cancer Cells Through the PI3K/Akt Pathway. J Breast Cancer (2019) 22:172–84. doi: 10.4048/jbc.2019.22.e21

36. Gaynor, N, Crown, J, and Collins, DM. Immune Checkpoint Inhibitors: Key Trials and an Emerging Role in Breast Cancer. Semin Cancer Biol (2020) 79:44–57. doi: 10.1016/j.semcancer.2020.06.016

37. De Giorgi, V, Grazzini, M, Gandini, S, Benemei, S, Lotti, T, Marchionni, N, et al. Treatment With β-Blockers and Reduced Disease Progression in Patients With Thick Melanoma. Arch Intern Med (2011) 171:779–81. doi: 10.1001/archinternmed.2011.131

38. Diaz, ES, Karlan, BY, and Li, AJ. Impact of Beta Blockers on Epithelial Ovarian Cancer Survival. Gynecol Oncol (2012) 127:375–8. doi: 10.1016/j.ygyno.2012.07.102

39. Wang, HM, Liao, ZX, Komaki, R, Welsh, JW, O'Reilly, MS, Chang, JY, et al. Improved Survival Outcomes With the Incidental Use of Beta-Blockers Among Patients With Non-Small-Cell Lung Cancer Treated With Definitive Radiation Therapy. Ann Oncol (2013) 24:1312–9. doi: 10.1093/annonc/mds616

40. Shanks, RG, Wood, TM, Dornhorst, AC, and Clark, ML. Some Pharmacological Properties of a New Adrenergic Beta-Receptor Antagonist. Nature (1966) 212:88–90. doi: 10.1038/212088a0

41. Barron, TI, Connolly, RM, Sharp, L, Bennett, K, and Visvanathan, K. Beta Blockers and Breast Cancer Mortality: A Population- Based Study. J Clin Oncol (2011) 29:2635–44. doi: 10.1200/jco.2010.33.5422

42. Melhem-Bertrandt, A, Chavez-Macgregor, M, Lei, X, Brown, EN, Lee, RT, Meric-Bernstam, F, et al. Beta-Blocker Use is Associated With Improved Relapse-Free Survival in Patients With Triple-Negative Breast Cancer. J Clin Oncol (2011) 29:2645–52. doi: 10.1200/jco.2010.33.4441

43. Shaashua, L, Shabat-Simon, M, Haldar, R, Matzner, P, Zmora, O, Shabtai, M, et al. Perioperative COX-2 and β-Adrenergic Blockade Improves Metastatic Biomarkers in Breast Cancer Patients in a Phase-II Randomized Trial. Clin Cancer Res (2017) 23:4651–61. doi: 10.1158/1078-0432.Ccr-17-0152

44. Shoko, H, Miyata, S, Onodera, K, and Kamei, J. Involvement of Dopamine D1 Receptors and Alpha1-Adrenoceptors in the Antidepressant-Like Effect of Chlorpheniramine in the Mouse Tail Suspension Test. Eur J Pharmacol (2007) 562:72–6. doi: 10.1016/j.ejphar.2007.01.063

45. Shim, EJ, Lee, JW, Cho, J, Jung, HK, Kim, NH, Lee, JE, et al. Association of Depression and Anxiety Disorder With the Risk of Mortality in Breast Cancer: A National Health Insurance Service Study in Korea. Breast Cancer Res Treat (2020) 179:491–8. doi: 10.1007/s10549-019-05479-3

46. Kelly, CM, Juurlink, DN, Gomes, T, Duong-Hua, M, Pritchard, KI, Austin, PC, et al. Selective Serotonin Reuptake Inhibitors and Breast Cancer Mortality in Women Receiving Tamoxifen: A Population Based Cohort Study. Bmj (2010) 340:c693. doi: 10.1136/bmj.c693

47. Ren, H, Ma, J, Si, L, Ren, B, Chen, X, Wang, D, et al. Low Dose of Acacetin Promotes Breast Cancer MCF-7 Cells Proliferation Through the Activation of ERK/ PI3K /AKT and Cyclin Signaling Pathway. Recent Pat Anticancer Drug Discov (2018) 13:368–77. doi: 10.2174/1574892813666180420154012

48. Jones, AA, and Gehler, S. Acacetin and Pinostrobin Inhibit Malignant Breast Epithelial Cell Adhesion and Focal Adhesion Formation to Attenuate Cell Migration. Integr Cancer Ther (2020) 19:1534735420918945. doi: 10.1177/1534735420918945




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


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

Copyright © 2022 Wang, Wang, Zhong, Su, Wang, Zheng, Yang, Zhang, Pan, Yang and Wang. 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: 12 May 2022

doi: 10.3389/fonc.2022.871771

[image: image2]


Identification of LSM Family Members as Novel Unfavorable Biomarkers in Hepatocellular Carcinoma


Hongkai Zhuang 1,2†, Bo Chen 3†, Chenwei Tang 1,2†, Xinming Chen 4†, Wenliang Tan 1,2, Lei Yang 1,2, Zhiqin Xie 1,2, Xiaowu Ma 1,2, Qingbin Wang 1,2, Chuanzhao Zhang 5*, Changzhen Shang 1,2* and Yajin Chen 1,2*


1 Department of Hepatobiliary Surgery, Sun Yat-sen Memorial Hospital, Sun Yat-sen University, Guangzhou, China, 2 Guangdong Provincial Key Laboratory of Malignant Tumor Epigenetics and Gene Regulation, Sun Yat-sen Memorial Hospital, Sun Yat-Sen University, Guangzhou, China, 3 Department of Breast Cancer, Cancer Center, Guangdong Provincial People’s Hospital, Guangdong Academy of Medical Sciences,  Guangzhou, China, 4 Department of Hepatobiliary Surgery, Shenshan Medical Hospital, Sun Yat-Sen Memorial Hospital, Sun Yat-Sen University, Shanwei, China, 5 Department of General Surgery, Guangdong Provincial People`s Hospital, Guangdong Academy of Medical Sciences,  Guangzhou, China




Edited by: 

Pranav Gupta, Albert Einstein College of Medicine, United States

Reviewed by: 

Yunqiang Tang, Guangzhou Medical University Cancer Hospital, China

Xing Wang, Chongqing Medical University, China

*Correspondence: 

Chuanzhao Zhang
 zhangchuanzhao@gdph.org.cn

Changzhen Shang
 shangcz_sysu@163.com

Yajin Chen
 cyj0509@126.com



†These authors have contributed equally to this manuscript


Specialty section: 
 This article was submitted to Molecular and Cellular Oncology, a section of the journal Frontiers in Oncology


Received: 08 February 2022

Accepted: 13 April 2022

Published: 12 May 2022

Citation:
Zhuang H, Chen B, Tang C, Chen X, Tan W, Yang L, Xie Z, Ma X, Wang Q, Zhang C, Shang C and Chen Y (2022) Identification of LSM Family Members as Novel Unfavorable Biomarkers in Hepatocellular Carcinoma. Front. Oncol. 12:871771. doi: 10.3389/fonc.2022.871771




Background

Smith-like (LSM) family members play critical roles in multiple oncologic processes in several types of malignancies. The study on LSM family members of HCC might provide new insights into the tumorigenesis and therapeutic strategies of HCC.



Methods

The clinical significance and oncologic biological functions of LSM family members were assessed through multiple bioinformatics methods and in vitro studies. The potential correlation between LSM family members and tumor immunity was also investigated using single sample gene set enrichment analysis (ssGSEA) and the ESTIMATE algorithm.



Results

LSM family member overexpression in HCC was significantly correlated with poor clinical outcomes such as higher TNM stage, advanced histologic grade, and worse prognosis. A risk score system based on LSM5, LSM10, LSM12, and LSM14B showed a reliable predictive ability for OS of HCC patients. Functional enrichment analysis demonstrated that LSM family members overexpressed were all involved in cell cycle related biological processes. Besides, LSM12, LSM14A, and LSM14B were found to be significantly associated with PI3K-Akt-mTOR and T cell receptor signaling pathways. Tumors with LSM12, LSM14A, and LSM14B overexpression exhibited lower infiltration of activated CD8+ T cells with declined cytolytic activity and immune score, but increased infiltration of Th2 cells and Th2/Th1. LSM12, LSM14A, and LSM14B overexpression is also associated with higher tumor-related immune checkpoints (e.g., PD-L1, B7-H3, and PVR) expression and increased therapeutic insensitivity to immune checkpoint blockade (ICB). Moreover, the knockdown of LSM12, LSM14A, and LSM14B significantly inhibited the proliferation and invasion of HCC cells.



Conclusion

This study systematically investigated the expression pattern and biological values of LSM family members in HCC and identified LSM family members as novel therapeutic targets in HCC.





Keywords: HCC, LSM, prognosis, ICB, immunosuppression, CD8+ T cell



Introduction

Hepatocellular carcinoma (HCC), one of the most prevalent malignancies, ranks as the third leading cause of tumor-related death worldwide, with an overall 5-year survival rate of less than 20% (1, 2). Despite numerous efforts for early diagnosis and novel therapeutic strategies, the survival of HCC patients remains unsatisfactory, due to the specific tumor microenvironment (TME) and tumor heterogeneity in HCC (3–6). Therefore, it is urgent to investigate the molecular mechanisms underlying hepatocarcinogenesis and TME development to design more effective precision treatments for HCC.

The Smith-like (LSM) family consists of 13 members (e.g., LSM1, LSM2, LSM3, LSM4, LSM5, LSM6, LSM7, LSM8, LSM10, LSM11, LSM12, LSM14A, and LSM14B), which are widely known as the RNA-binding protein family, and are generally involved in various cellular biological processes (e.g., RNA-processing tasks and ion mobilizations) (7, 8). For example, the LSM1-7 complex functions in cytoplasmic mRNA decay through interaction with mRNA degradative factors (9). Furthermore, the LSM2-8 complex in the nucleus functions in pre-mRNA splicing by interacting with the U6 snRNA (10). Additionally, a previous study by Zhang et al. also identified LSM12 as an NAADP receptor essential for NAADP-evoked TPC activation and Ca2+ transportation from intracellular acidic stores (11). The oncologic roles of LSM family members have also been identified in several tumor types (12–14). LSM1 overexpression contributes to a more advanced malignant phenotype in pancreatic cancer (12). Moreover, Watson et al. also identified the essential role of LSM1 overexpression in tumor progression in lung cancer and mesothelioma (13). Besides, it is also reported that LSM4 knockdown inhibits tumor proliferation, invasion, and glycolysis metabolism in ovarian cancer (14). However, the underlying mechanism of LSM family members in carcinogenesis still remains poorly understood, especially for HCC. Therefore, it is of great significance to explore the potential biological roles of LSM family members in tumorigenesis and TME development in HCC.

Through public databases and multiple bioinformatics analyses, we comprehensively investigated the expression patterns and clinical significance of LSM family members in HCC. Additionally, with the help of gene set variation analysis, we are also the first to investigate the underlying biological functions of LSM family members in hepatocarcinogenesis and tumor immunity.



Materials and Methods


RNA Information Acquisition

Publicly available mRNA data and corresponding clinical information of HCC patients were downloaded from the Cancer Genome Atlas (TCGA, https://cancergenome.nih.gov/). Of the 371 HCC cases in the TCGA HCC cohort, 343 had an OS of >1 month. Besides, the HCC cohort from the International Cancer Genome Consortium (ICGC, https://icgc.org/) database was also used for expression pattern and prognostic value validation for LSM family members. The TCGA and ICGC HCC cohorts are both available freely as public databases, for which local ethics approval was not needed.



LSM Family Member Expression Analysis

First, the expression differences of LSM family members between HCC tissues (n = 50) and the corresponding adjacent normal tissues (n = 50) were evaluated using the TCGA HCC cohort. Then, the ICGC HCC cohort was also used to evaluate the expression differences of LSM family members between HCC tissues (n = 231) and adjacent normal tissues (n = 201). Furthermore, LSM family member expression in various TNM stages and histologic grades was evaluated using the Kruskal–Wallis test or Wilcoxon test.



Prognostic Values of LSM Family Members

A Kaplan–Meier survival analysis was conducted to investigate the prognostic value [e.g., overall survival (OS) and disease-free survival (DFS)] of LSM family members in HCC. Additionally, using the R package ‘glmnet’, the critical prognosis-associated LSM family members were further determined through the least absolute shrinkage and selection operator (Lasso) regression analysis. Then, a risk score system for OS was established as the following formula: risk score = ∑coef (LSMi) × expr (LSMi). For external validation, using the same multivariable Cox regression coefficients obtained in the TCGA HCC cohort, the risk score was further calculated for HCC cases in the ICGC HCC cohort. Using the R package ‘survminer’, KM survival analysis was also performed according to the optimal cutoff point from X-tile (version 3.6.1) (15). The predictive performance of the risk score system was evaluated using the AUC values of the ROC curves and C-index. To verify whether the risk score system could be used as an independent prognostic factor, we conducted univariate and multivariate Cox regression analyses for clinicopathological characteristics (e.g., TNM stage and histologic grade) and the risk score system.



Functional Enrichment Analysis

A gene set variation analysis (GSVA) was used to calculate the enrichment scores of specific gene sets for each sample based on RNA-seq (16). Using the R package ‘gsva’, we performed GSVA to estimate the enrichment level of 13 critical ontology gene sets obtained from the Molecular Signatures Database (MSigDB, http://software.broadinstitute.org/gsea/msigdb) in the TCGA HCC cohort, namely, DNA repair, G2M checkpoint, E2F targets, mitotic spindle, glycolysis, hedgehog signaling, mTORC1 signaling, MYC targets V1, MYC targets V2, Notch signaling, PI3K-AKT-mTOR signaling, TGF-β signaling, and WNT β-catenin signaling. Then, the correlation between the expression of LSM family members and these critical oncogenic biological processes was assessed by the Pearson correlation analysis (|Cor| >0.3, P-value <0.05). Additionally, significant co-expressed genes of LSM family members were figured out by the Pearson correlation analysis (|Cor| ≥0.55 and P-value <0.05). Then, these co-expressed genes of LSM family members were imported into ConsensusPathDB (http://cpdb.molgen.mpg.de/) for Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis; P <0.05 was considered statistically significant.



T-Cell Infiltration in HCC

GSVA was also performed to quantify the enrichment levels of T cell-related terms extracted from previous studies, namely, activated CD8+ T cell, regulatory T cell (Treg cell), type 1 T helper cell (Th1 cell), type 2 T helper cell (Th2), Th2/Th1, T follicular helper cell, and cytolytic activity (17, 18). Then, correlation analysis between LSM family members and these T cell-related terms in HCC was assessed with |Pearson correlated coefficient| >0.2 and a P-value of <0.05. We also evaluated the differences in these T cell-related terms between high- and low-LSM family member expression groups. Additionally, using the R package ‘ESTIMATE’, we performed the ESTIMATE algorithm to generate an immune score, the higher of which suggested a higher level of anti-tumor immunity in tumor tissues (19). Then, we investigated the difference in immune scores between low- and high-LSM family member expression groups.



Cell Cultural and Transfection

Human SNU-387 cells, purchased from the Cell Bank of the Chinese Academy of Sciences (Shanghai, China), were cultured with Dulbecco’s Modified Eagle Medium (DMEM; Gibco BRL, USA), and supplied with 10% fetal bovine serum (FBS; Procell Life Science & Technology Co., Ltd., Wuhan, China) in an incubator with 5% CO2 at 37 °C. The small interfering RNAs (si-RNA) of LSM12, LSM14A, and LSM14B (si-LSM12#1/2; si-LSM14A#1/2; si-LSM14B#1/2) were obtained from RiboBio (Guangzhou, China). In short, cells were seeded in 6-well plates and cultured to an appropriate confluence, then transfected with different si-RNAs by Lipofectamine 3000 (Thermo Fisher Scientific, USA) according to its protocol. After 48 h incubation, the transfected cells were collected for further analysis. The efficacy of si-LSM12/14A/14B RNAs in SNU-387 cells was assessed using qRT-PCR. The target sequences of LSM12, LSM14A, and LSM14B siRNAs were as follows: si-LSM12#1: 5`-GCAGACATCTTGCTCATAA-3`; si-LSM12#2: 5`-GAGCCATGTACGCAAAATA-3`; si-LSM14A#1: 5`-GAGCAACTCAGAAATGATA-3`; si-LSM14A#2: 5`-GGAGAAGCCTGTAAATGGT-3`; si-LSM14B#1: 5`-GAAGACCGTCCCACAGATA-3`; si-LSM14B#2: 5`-CGACAACATCTCTTCTGAA-3`. Furthermore, the PCR primers were as follows: LSM12, 5`-TCTTCCAGTGGAAAGCCCAAC-3` (forward), 5`-GCTTTGCTGGCAAGCTTACT-3` (reverse); LSM14A, 5`-TGTGATGACAATAGAGAACGGAGA-3` (forward), 5`-AAGGTACCACCTCTGCCAC-3` (reverse); LSM14B, 5`-CTGAACTCAAGACCAGCTCCAG-3` (forward), 5`-GAACTGCGGCCACGAAGAA-3` (reverse); GAPDH forward, 5`-TGACTTCAACAGCGACACCCA-3`; GAPDH reverse, and 5`-CACCCTGTTGCTGTAGCCAAA-3`.



Cell Counting Kit-8 (CCK-8) Assay

Cell viability was examined using the Cell Counting Kit-8 (APExBIO, USA). In short, SNU-387 cells transfected with different small interfering RNAs for LSM12, LSM14A, and LSM14B (LSM12: si-NC, si-LSM12#1, si-LSM12#2; LSM14A: si-NC, si-LSM14A#1, LSM14A#2; LSM14B: si-NC, si-LSM14B#1, si-LSM14B#2) were seeded into 96-well plates at a density of 2 × 103. At 1, 2, 3, 4, 5, and 6 days, the mix solution with 10 µl CCK-8 reagent and 100 µl DMEM was added to each well and re-incubated for 3 h, followed by the absorbance at 450 nm measured by a microplate reader (Thermo MK3, Thermo Fisher Scientific, USA).



Transwell Invasion Assays

Transfected cells suspended in serum-free medium were seeded in triplicate into each of the upper transwell chambers (Corning, USA) with Matrigel (Corning, USA) at a density of 1 × 104 and incubated in 200 µl DMEM with free serum. Furthermore, the lower chambers contained 500 µl DMEM supplemented with 100 µl FBS. Then cells from the upper compartments were wiped out after 24 h, and the invaded cells were fixed with paraformaldehyde for 15 min, followed by staining with 0.3% crystal violet for 15 min at room temperature. Cell counting was conducted using microscopy.



Statistical Analysis

All statistical analyses were conducted using the R software 4.0.5 (http://r-project.org/) and GraphPad Prism 8.0 software (GraphPad Software, Inc.). Group difference analyses were conducted using the Kruskal–Wallis test or Wilcoxon test and expressed as mean ± standard deviation (SD). Correlation analyses were performed using the Pearson correlation coefficient. Moreover, a P-value of < 0.05 was considered statistically significant.




Results


Overexpression of LSM Family Members in HCC

Firstly, the paired differential expression analysis based on the TCGA HCC cohort demonstrated that LSM family members were all notably overexpressed in HCC tissues compared to adjacent normal tissues (Figure 1A). Additionally, the ICGC HCC cohort also revealed that all LSM family members were significantly upregulated in HCC tissues compared with adjacent normal tissues (Figure 1B). Taken together, these results suggest the overexpression of LSM family members in HCC.




Figure 1 | Differential expression analysis of LSM family members. (A) LSM family members were significantly upregulated in HCC tissues compared with that in the adjacent non-tumor tissues in the TCGA HCC cohort. (B) LSM family members were significantly up-regulated in HCC tissues compared with that in the adjacent non-tumor tissues in the ICGC HCC cohort. LSM, Smith-like (LSM) family members; HCC, hepatocellular carcinoma; TCGA, the Cancer Genome Atlas; ICGC, the International Cancer Genome Consortium. **P-value <0.01; ***P-value <0.001; ****P-value <0.0001.





LSM Family Members in Various TNM Stage and Histologic Grade

Twelve LSM family members (e.g., LSM1, LSM2, LSM4, LSM5, LSM6, LSM7, LSM8, LSM10, LSM11, LSM12, LSM14A, and LSM14B) were significantly associated with advanced TNM stage (Figure 2A). Besides, higher expressions of ten LSM family members (e.g., LSM1, LSM2, LSM3, LSM4, LSM7, LSM8, LSM11, LSM12, LSM14A, and LSM14B) were also observed in tumors with higher histological grade, though not statistically significant for LSM5, LSM6, and LSM10 (Figure 2B). Taken together, these findings suggest that LSM family member overexpression may be associated with tumor progression in HCC.




Figure 2 | LSM family member expression in TNM stage and histologic grade. (A) Higher expression of LSM1, LSM2, LSM4, LSM5, LSM6, LSM7, LSM8, LSM10, LSM11, LSM12, LSM14A, and LSM14B were observed in tumors with advanced TNM stage. (B) Higher expression of LSM1, LSM2, LSM3, LSM4, LSM7, LSM8, LSM11, LSM12, LSM14A, and LSM14B were also observed in tumors with higher histologic grade. LSM, Smith-like (LSM) family members. ns >0.05; *P-value <0.05; **P-value <0.01; ***P-value <0.001; ****P-value <0.0001.





The Prognostic Value of LSM Family Members in HCC

To determine the prognostic values of LSM family members in patients with HCC, we assessed the associations between the mRNA expression of LSM family members and OS or DFS using KM survival analysis. KM survival analysis demonstrated that LSM family members were all notably associated with shorter OS or DFS of HCC patients (Figures 3, 4). Additionally, four critical prognosis-associated LSM family members, namely, LSM5, LSM10, LSM12, and LSM14B, were identified using Lasso regression analysis (Figures 5A, B). Then, a risk score system based on these four critical prognosis-associated LSM family members was established using multivariate correlation analysis. Risk score = 0.1435 × LSM5 expression + 06358 × LSM10 expression + 0.2092 × LSM12 expression + 0.1019 × LSM14B expression. The KM survival curves for OS demonstrated that patients with low-risk scores had superior OS compared with those with high-risk scores (Figure 5C). For validation, risk scores were also calculated for 229 patients with HCC in the ICGC HCC cohort. Furthermore, similar results of KM survival analysis were also observed in the ICGC HCC cohort (Figure 5D). The C-indexes of the risk score system for OS prediction in the TCGA and ICGC cohorts were 0.676 (95% CI, 0.621–0.731) and 0.658 (95% CI, 0.571–0.744), respectively, suggesting a reliable predictive capability of the risk score system. Additionally, in the TCGA HCC cohort, the AUC values of the risk score system for 1-, 2-, 3-, and 4-year OS prediction were 0.733, 0.711, 0.705, and 0.697, respectively (Figure 5E). Consistently, the AUC values of the risk score system for 1-, 2-, 3-, and 4-year OS predictions were 0.683, 0.682, 0.702, and 0.683 in the ICGC HCC cohort (Figure 5F). Moreover, univariate and multivariate Cox analyses identified the risk score system as an independent unfavorable prognostic parameter in HCC (Figures 5G, H). These results proved the significant prognostic value of LSM family members in HCC.




Figure 3 | KM survival curves for OS of LSM family members in HCC. KM, Kaplan–Meier; OS, overall survival; LSM, Smith-like (LSM) family members.






Figure 4 | KM survival curves for DFS of LSM family members in HCC. KM, Kaplan–Meier; DFS, disease-free survival; LSM, Smith-like (LSM) family members; HCC, hepatocellular carcinoma.






Figure 5 | Development and validation of a risk score system for OS based on LSM family members. (A, B) Lasso regression analysis identified five critical prognosis-associated LSM family members (e.g., LSM5, LSM10, LSM12, and LSM14B) for HCC. (C, D) KM survival curves for OS of patients with HCC according to the risk scores in the TCGA HCC and ICGC HCC cohorts. (E, F) ROC curve analysis of the risk score system for 1-, 2-, 3-, and 4-year OS prediction in the TCGA HCC and ICGC HCC cohorts. (G) Univariate Cox regression analysis demonstrated that the risk score system and TNM stage were prognostic factor for OS of patients with HCC. (H) Multivariate Cox regression analysis demonstrated that the risk score system was an independent unfavorable prognostic factor for OS of patients with HCC. OS, overall survival; LSM, Smith-like (LSM) family members; Lasso, least absolute shrinkage and selection operator regression analysis; HCC, hepatocellular carcinoma; KM, Kaplan–Meier; TCGA, the Cancer Genome Atlas; ICGC, the International Cancer Genome Consortium; ROC, the receiver operating characteristic curve.





Analysis of Biological Pathways in LSM Family Members

Correlation analyses between LSM family members and thirteen critical biological pathways are shown in Figure 6A. Interestingly, all LSM family members but LSM10 were significantly associated with cell cycle related biological processes, such as the G2M checkpoint, E2F targets, and mitotic spindle. Nine LSM family members, including LSM2-8, LSM10, and LSM11, were notably associated with MYC signaling pathways. Then, six LSM family members may play crucial roles in PI3K-Akt-mTRO signaling in HCC, namely, LSM1, LSM8, LSM11, LSM12, LSM14A, and LSM14B. Besides, four LSM family members (e.g., LSM8, LSM11, LSM14A, and LSM14B) were significantly associated with WNT β-catenin signaling in HCC. Additionally, co-expression genes of LSM family members (|Pearson correlated coefficient| ≥0.55 and P-value <0.05) were imported into ConsensusPathDB for KEGG analysis, which is shown in Table S1. Interestingly, LSM12, LSM14A, and LSM14B were observed to play critical roles in the T-cell receptor signaling pathway, suggesting their potential effects on tumor immunity in HCC (Figure 6B). Of note, KEGG analysis also consistently identified the underlying interactions between the mTOR signaling pathway and LSM12, LSM14A, and LSM14B (Figure 6C). Then, the overlapped co-expressed genes involved in the mTOR signaling pathway and the T-cell receptor signaling pathway were also presented in heat maps for LSM12, LSM14A, and LSM14B, respectively (Figures 6D–F).




Figure 6 | Functional enrichment analysis for LSM family members in HCC. (A) Heat map to show the correlation between LSM family and critical biological pathway. (B) KEGG analysis demonstrated that LSM12, LSM14A, and LSM14B may play important role in T cell receptor signaling pathway in HCC. (C) KEGG analysis also identified the underlying interactions between the mTOR signaling pathway and LSM12, LSM14A, and LSM14B. (D–F) Heat maps to show the overlapped co-expressed genes involved in T-cell receptor signaling pathway and mTOR signaling pathway for LSM12, LSM14A, and LSM14B, respectively. LSM, Smith-like (LSM) family members; KEGG, Kyoto Encyclopedia of Genes and Genomes analysis; HCC, hepatocellular carcinoma. ****P-value <0.0001.





LSM12, LSM14A, and LSM14B Overexpression Correlated With Immune Suppression in HCC

Considering that the T-cell receptor signaling pathway was significantly enriched for LSM12, LSM14A, and LSM14B, we further investigated the association between T-cell-related terms and LSM12, LSM14A, and LSM14B expressions. The LSM12, LSM14A, and LSM14B expressions were negatively correlated with the enrichment levels of activated CD8+ T cell and cytolytic activity, but positively correlated with the enrichment levels of Th2 cell and Th2/Th1 (Figure 7A). Furthermore, tumors with higher expression of LSM12, LSM14A, or LSM14B had lower infiltration of activated CD8+ T cell and impaired cytolytic activity, but increased infiltration of Th2 cell and higher Th2/Th1 (Figures 7B–F). Of note, through the ESTIMATE algorithm, a lower immune score was observed in tumors with higher expression of LSM12, LSM14A, and LSM14B (Figure 7G).




Figure 7 | Tumors with LSM12, LSM14A, and LSM14B overexpression were associated with an immunosuppressive phenotype. (A) Heat map to show the association between LSM12, LSM14A, and LSM14B expression and T-cell-related terms. (B) Tumors with higher LSM12, LSM14A, and LSM14B expression exhibited decreased activated CD8+ T-cell infiltration compared with those with lower LSM12, LSM14A, and LSM14B expression. (C) Tumors with higher LSM12, LSM14A, and LSM14B expression exhibited decreased Th1 cell infiltration compared with those with lower LSM12, LSM14A, and LSM14B expression. (D) Tumors with higher LSM12, LSM14A, and LSM14B expression exhibited decreased cytolytic activity compared with those with lower LSM12, LSM14A, and LSM14B expression. (E) Tumors with higher LSM12, LSM14A, and LSM14B expression exhibited increased Th2 cell infiltration compared with those with lower LSM12, LSM14A, and LSM14B expression. (F) Tumors with higher LSM12, LSM14A, and LSM14B expression exhibited increased Th2/Th1 compared with those with lower LSM12, LSM14A, and LSM14B expression. (G) Tumors with higher LSM12, LSM14A, and LSM14B expression exhibited decreased immune score compared with those with lower LSM12, LSM14A, and LSM14B expression. Th1, type 1 T helper cell; Th2 cell, type 2 T helper cell. *P-value <0.05; **P-value <0.01; ***P-value <0.001; ****P-value <0.0001.



We also found that tumors with higher expression of LSM12, LSM14A, and LSM14B had higher expression of tumor-related immune checkpoints (e.g., PD-L1, B7-H3, and PVR), which are important for the immunosuppressive phenotype in malignancies (Figures 8A–C) (20–24). Furthermore, ImmuneCellAI (http://bioinfo.life.hust.edu.cn/ImmuCellAI/#!/) was used to predict the therapeutic response to immune checkpoint blockade (ICB). Then, higher expression of LSM12, LSM14A, and LSM14B were observed in ICB-non-response tumors (Figures 8D–F). To further verify the association between the response of patients to ICB and the expressions of LSM12, LSM14A, and LSM14B, we evaluated the differences in immunophenoscore (IPS) between different LSM12, LSM14A, and LSM14B expression levels, which were obtained from the Cancer Immunome Atlas (https://tcia.at/) (25). Three subtypes of IPS values (IPS-CTLA4, IPS-PD-1/PD-L1/PD-L2, and IPS-CTLA4/PD-1/PD-L1/PD-L2) were selected to assess the response of HCC patients to anti-PD-1/PD-L1/PD-L2 therapy, anti-CTLA4 therapy, or anti- PD-1/PD-L1/PD-L2 and anti-CTLA4 combination therapy. The IPS-PD-1/PD-L1/PD-L2 was notably higher in tumors with lower expression of LSM14A and LSM14B, but not significantly for LSM12 (Figure 8G). Moreover, tumors with lower expression of LSM12, LSM14A, and LSM14B all exhibited increased IPS-CTLA and IPS-CTLA4/PD-1/PD-L1/PD-L2 (Figures 8H, I). These results indicate that overexpression of LSM12, LSM14A, and LSM14B might be correlated with immunotolerance and evasion and therapeutic resistance to ICB in HCC.




Figure 8 | Tumors with higher LSM12, LSM14A, and LSM14B expression exhibited higher expression of tumor-related immune checkpoints and increased therapeutic insensitivity to immune checkpoint blockade. (A–C) Differential expression analysis of tumor-related immune checkpoints (e.g., PD-L1, B7-H3, and PVR) between high- and low-expression groups of LSM12, LSM14A, and LSM14B, respectively. (D–F) Higher expression of LSM12, LSM14A, and LSM14B were observed in ICB-non-response tumors. (G) Tumors with higher LSM14A and LSM14B expression exhibited lower IPS-PD-1/PD-L1/PD-L2. (H) Tumors with higher LSM12, LSM14A, and LSM14B expression exhibited lower IPS-CTLA. (I) Tumors with higher LSM12, LSM14A, and LSM14B expression exhibited lower IPS-CTLA4/PD-1/PD-L1/PD-L2. ICB, immune checkpoint blockade; NR, non-response; R, response. *P-value <0.05; **P-value <0.01; ***P-value <0.001; ****P-value <0.0001.





LSM12, LSM14A, and LSM14B Knockdown Inhibits the Proliferation and Invasion of HCC Cells

To further investigate the underlying role of LSM12, LSM14A, and LSM14B in tumor cell proliferation and invasion, we transfected SNU-387 cells with si-LSM12, si-LSM14A, and si-LSM14B RNAs. Moreover, LSM12, LSM14A, and LSM14B expressions were significantly downregulated in the si-RNA groups (P <0.0001) (Figures 9A–C). The CCK-8 assay demonstrated that tumor cell proliferation was notably inhibited in LSM12, LSM14A, and LSM14B depleted SNU-387 cells (P <0.0001) (Figures 9D–F). Furthermore, the transwell invasion assay demonstrated that the number of invading cells was significantly decreased in the si-RNAs groups compared with those in the NC group (P <0.0001) (Figures 9G–I).




Figure 9 | The knockdowns of LSM12, LSM14A, and LSM14B suppress the proliferation and invasion of HCC cells. (A–C) qRT-PCR analysis evaluated the efficacies of si-LSM12/14A/14B RNAs in SNU-387 cell. (D–F) Assessment of tumor cell proliferation using the CCK8 assay. (G–I) Assessment of the invasive capacity of SNU-387 cells using transwell invasion assay. **P-value <0.01; ***P-value <0.001; ****P-value <0.0001.






Discussion

These studies showed that overexpression of LSM family members was significantly correlated with advanced TNM stage, histological grade, and worse survival. Additionally, we also constructed a risk score system based on LSM5, LSM10, LSM12, and lsm14B, which was also identified as an independent prognostic factor with optimal predictive ability with reliable C-indexes [0.676 (95% CI, 0.621–0.731) in the TCGA HCC cohort and 0.658 (95% CI, 0.571–0.744) in the ICGC HCC cohort]. These results suggest that LSM family members could serve as novel unfavorable prognostic biomarkers for patients with HCC.

Functional enrichment analysis demonstrated that all LSM family members might take part in the regulation of the cell cycle in HCC. Consistently, suppression of LSM1 expression results in tumor cell proliferation block with decreased G1-phase (26). Fraser et al. also reported that LSM1 knockdown leads to a cytostatic block of the cell cycle (27). Besides, Mili et al. reported that LSM14A interacts directly with tubulin, which is implicated in the stabilization of the mitotic spindle (28). Therefore, it is quite likely that targeting LSM family members may block tumor proliferation through cell cycle arrest in HCC, which deserves further experimental studies.

KEGG analysis revealed that LSM12, LSM14A, and LSM14B were associated with the T-cell receptor signaling pathway, indicating their possible biological roles in T-cell infiltration into the TME of HCC. Additionally, ssGSEA demonstrated that LSM12, LSM14A, and LSM14B overexpression significantly correlated with declined activated CD8+ T-cell infiltration and impaired cytolytic activity, but increased infiltration of Th2 cells and higher Th2/Th1. Previous studies have demonstrated that Th2 cells have been widely considered tumor-promoting immune cells, leading to unfavorable clinical outcomes for HCC (29, 30). Besides, a higher level of Th2 cytokines (e.g., IL4 and IL10) are observed in metastatic HCC, whereas Th1 cytokines (e.g., IFN-γ and IL1) are notably decreased (31). Furthermore, IL-4 and IL-10 restrain IFN-γ production and impair cytotoxic cell-mediated anti-tumor immunity, suggesting that an increased shift from Th1 cells to Th2 cells promotes tumor progression and immunosuppression (31–34). Of note, higher expression of tumor-related immune checkpoints (e.g., PD-L1, B7-H3, and PVR) was also observed in tumors with LSM12, LSM14A, and LSM14B overexpression. Of note, LSM12, LSM14A, and LSM14B overexpression was observed in patients non-responsive to ICB. Moreover, tumors with LSM12, LSM14A, and LSM14B overexpression exhibited decreased IPS to ICB. These results further suggested the potential functions of LSM12, LSM14A, and LSM14B in promoting immunotolerance and evasion in HCC.

This study also found that LSM12, LSM14A, and LSM14B overexpression significantly correlated with higher enriched level of the PI3K-Akt-mTOR signaling pathway. Tumors with LSM12, LSM14A, and LSM14B overexpression also exhibited notably higher expression of critical molecules overlapped between the mTOR signaling pathway and T-cell receptor signaling pathway, namely, AKT2, CHUK, GRB2, GSK3B, IKBKB, KRAS, MAP2K1, MAPK1, NRAS, PDPK1, PIK3CA, PIK3CB, RAF1, RHOA, SOS1, and SOS2, which may be the potential targets of LSM12, LSM14A, and LSM14B for tumor immunity in HCC. It has been shown that the activation of the mTOR signaling pathway is associated with PD-L1 overexpression at both levels of mRNA expression and protein translation in multiple malignancies (35). Suppression of the PI3K-Akt-mTOR signaling pathway cannot only restrain tumor growth itself, but also modulates anti-tumor cytokine production and increase-activated CD8+ T-cell infiltration (35, 36). Besides, Liu et al. also reported that the inhibition of mTOR signaling by tubermoside-1 decreases PD-L1 expression and enhances anti-tumor immunity (37). Additionally, we preliminarily demonstrated knockdown of LSM12, LSM14A, and LSM14B significantly inhibited tumor cell proliferation and invasion. Taken together, these findings suggest the critical pro-tumor effects of LSM12, LSM14A, and LSM14B overexpression on HCC tumor cell proliferation and metastasis. But in depth experimental works are supposed to be done to demonstrate the underlying mechanisms of LSM12, LSM14A, and LSM14B in hepatocellular carcinogenesis and immunosuppression.

As far as we are aware, this study is the first to systematically describe the expression patterns, clinical significance, and underlying biological functions of LSM family members in HCC. Additionally, for the first time, we proposed that LSM12, LSM14A, and LSM14B overexpression may promote immunotolerance and evasion in HCC. However, several limitations should be acknowledged in this study. First, the prognostic prediction capability of the risk score system should be evaluated in a multi-centered and large cohort. Second, further in vivo studies should be performed to investigate the underlying mechanisms by which LSM family members promote tumor progression and immune suppression in HCC.

In summary, our study demonstrated the overexpressed patterns and unfavorable prognostic values of LSM family members in HCC. Of note, we identified the potential inhibition effects of LSM12, LSM14A, and LSM14B on tumor immunity, which laid a novel foundation to further explore the role of LSM family members as novel potential therapeutic targets in HCC.
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Breast cancer has been reported as the most common cancer in women globally, with 2.26 million new cases in 2020. While anthracyclines are the first-line drug for breast cancer, they cause a variety of adverse reactions and drug resistance, especially for triple-negative breast cancer, which can lead to poor prognosis, high relapse, and mortality rate. MicroRNAs (miRNAs) have been shown to be important in the initiation, development and metastasis of malignancies and their abnormal transcription levels may influence the efficacy of anthracyclines by participating in the pathologic mechanisms of breast cancer. Therefore, it is essential to understand the exact role of miRNAs in the treatment of breast cancer with anthracyclines. In this review, we outline the mechanisms and signaling pathways involved in miRNAs in the treatment of breast cancer using anthracyclines. The role of miRNA in the diagnosis, prognosis and treatment of breast cancer patients is discussed, along with the involvement of miRNAs in chemotherapy for breast cancer.
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Introduction

Different kinds of treatments are applied to different immunohistological types of breast cancer. Triple-negative breast cancer (TNBC), which is not sensitive to endocrine and targeted therapies, is treated with a combination of anthracyclines in the clinical. As the first-line drug class for TNBC, anthracyclines can influence the development of tumors by inhibiting the synthesis of biological DeoxyriboNucleic Acid(DNA). Studies have shown that anthracyclines can affect the activity of DNA topoisomerase to stabilize the DNA double-strand and prevent DNA replication (1, 2). Since daunorubicin, the first anthracycline drug, was discovered, many other anthracycline drugs have been developed one after another, including adriamycin, epirubicin, clarithromycin, and so on. They have been widely used in the treatment of hematological malignancies and solid tumors. However, the frequent use of anthracyclines can cause drug resistance to develop gradually. As a result, cancer will continue to develop, proliferate, invade and metastasize, and eventually lead to patient death. Meanwhile, many adverse reactions caused by anthracyclines, in particular, cardiotoxicity, also affect the prognosis of patients. Clinical studies have shown that this adverse reaction is often irreversible and fatal to patients. Even the first use of anthracyclines may cause heart damage (3). In addition, it can also induce liver damage (4) and promote breast cancer metastasis to the lungs (5). Therefore, many researchers are now working on the mechanisms of breast cancer cell resistance to anthracyclines and the mechanisms of anthracycline adverse reactions.

As a non-coding Ribonucleic Acid(RNA), miRNA is composed of approximately 20 nucleotides, and participates in the regulation of RNA transcription by activating or blocking the translation of mRNA targets. More and more studies have found that miRNA plays a significant role in biological processes, such as embryonic development, cell proliferation, differentiation, migration, apoptosis, and signal transduction (6). Therefore, the abnormal expression of miRNA is closely related to the development of tumor cells (7). In recent years, many studies have shown that miRNA is involved in the regulation of the efficacy of anthracyclines in the treatment of breast cancer, and may be used as a specific biomarker for diagnosis, control and prediction of adverse reactions. Through reviewing past research, this article summarizes the effects of various miRNAs in breast cancer treated by anthracyclines, and provides certain guidance for future research. At the same time, we prove the clinical application potential of various miRNAs in risk prediction, diagnosis and treatment.



MiRNAs and Anthracyclines Resistance

An important problem to overcome in the application of anthracyclines is drug resistance. The emergence of drug resistance makes tumor cells more aggressive and metastatic and leads to failure in clinical treatments, eventually leading to patient death (8). Therefore, in hopes of overcoming the resistance of anthracyclines through miRNA regulation, scientists have been studying the mechanism of drug resistance. To modify sensitization, transformation, and metastasis, miRNAs regulate their downstream signaling pathways or associated proteins by modulating their target genes. Increased drug efflux via altering cell membrane transporters is one of the mechanisms of drug resistance generated by anthracyclines, according to Li, X.J. et al.The key factor is the ATP-bindingcassette transporter (ABC) family and its derivatives, P-glycoprotein (P-gp), Multidrug Resistance-associated Protein (MRP) and topoisomerase II. The other potential mechanism of drug resistance is the inhibition of tumor cell apoptosis. Anthracycline reduces tumor cell apoptosis and increases cell survival and causes cell cycle arrest, then activates the epithelial-mesenchymal transition (EMT) by activating or inhibiting cell signaling transduction pathways (9). In addition, the drug resistance of tumors depends on some tumor proteins, which can affect the metabolic function of tumor cells and control their microenvironment.

Wang, Y.D. et al. reported that the target genes of miRNAs can be divided into four types: oncogenes, tumor suppressor genes, signaling pathway genes, and cell cycle regulatory genes (10). The upstream or downstream of these pathways are also interspersed with various apoptotic proteins, oncogenes, and tumor suppressor genes to affect cell apoptosis, changes in EMT processes, and cell cycle arrest. Accumulating studies have found that one miRNA may be able to regulate multiple genes, and these genes can cooperate to influence each other, and even produce feedback loops.



MiRNAs and Membrane Transport

The factors that cause changes in cell membrane transport mainly include the ABC family, P-gp protein, MRP protein, topoisomerase, etc. MiRNAs participate in their regulation cells to anthracycline drugs. Xie, M.X. et al. demonstrated that the expression of miR-132 and miR-212 inhibits the expression of nuclear factor kappa-β (NF-κβ), which leads to an increase in the expression of breast cancer resistance protein (BCRP), a member of ABC family, and reduces the sensitivity of tumor cells to anthracyclines (11). Some studies have reported that miR-128 exerts its function of reducing drug resistance of tumor cells by inhibiting the B-cell- specific Moloney murine leukemia virusintegration site-1 (Bmi-1) and ABCC5 (9, 12, 13). The relationship between miR-760 and ABCA1 has also been studied. The high expression of miR-760 can mediate the decline of tumor cell resistance to drugs by reducing the expression of ABCA1 (13). There was a negative correlation between miR-134 and ABCC1, the high expression of miR-134 resulting in reduced tumor cell proliferation and increased apoptosis, which reflects its potential to reduce drug resistance (14). miR-145, miR-451, miR-326, and miR-199a are also implicated in MRP1 (ABCC1) (15–18). Di, H. et al. reported that miR-124-3p enhanced the sensitivity of tumor cells to drugs by reducing the expression of ABCC4 (19).

P-gp is a molecular pump located on the cell membrane to protect cells from harmful exogenous molecules (20). However, this protective mechanism on tumor cells can hinder the entry of anticancer drugs, thereby inducing drug resistance. P-gp genes can be downstream targets of many oncogenes and tumor suppressor genes. MiRNAs affect the number of transcription and synthesis of P-gp through modulating related signaling pathways. Research showed that miR-302s can cause cancer cells susceptible to anthracyclines by down-regulating the expression of P-gp through the MAP/ERK kinase 1 (MAKK1) pathway (21). The overexpression of miR-195 can inhibit the expression of P-gp through the Raf-1 signaling pathway, making more breast cancer cells susceptible to apoptosis and increasing their sensitivity to anthracyclines (22).


MiRNAs and Cell Apoptosis

Most of the miRNAs achieve their aims by regulating signaling pathways. The most important and widely studied pathways are the Phosphatase and tensin homolog deleted on chromosome ten- phosphatidylinositol 3 kinase- AKT (PTEN-PI3K-AKT) signaling pathway, Notch signaling pathway, Ras signaling p–athway, etc (23). The antiapoptotic protein, B cell leukemia oncogene (Bcl) protein family is the most important link in cell apoptosis, including Bcl-2, Bcl-Xl, Mcl-1, Bcl-w, and so on (24). Many studies have shown that various signaling pathways related to apoptosis have a common junction, which is regulated by the Bcl family. Therefore, Bcl family proteins can inhibit cell death caused by a variety of cytotoxic factors. This phenomenon is even more prominent in tumor cells. Many researchers are trying to link miRNAs with the expression of Bcl family proteins to find a therapeutic strategy to reduce the resistance of tumor cells to anthracyclines. miR-181a is a well recognized miRNA at present. Ying, Z. et al. found that Bcl-2 was decreased by increasing the expression of miR-181a and induced the apoptosis of mitochondria, thereby increasing the apoptosis induced by doxorubicin drugs (25). There is evidence that the overexpression of miR-192-5p will also reduce the expression of Bcl-2, which makes the Bcl-2-Asociated Agonist of Cell Death (BAD) gene competitively increases. As a result, the expression of Peptidylprolyl Isomerase A (PPIA) is inhibited and the resistance of tumor cells to anthracyclines reduced (26). Furthermore, miR-122-5p, miR-195, miR-125b, miR-193b, miR-34a, and miR-200c are negatively related to the regulation of Bcl-2 or Myeloid cell leukemia sequence (Mcl) family and other Bcl family proteins (24, 27–31). Other studies showed that some miRNAs, such as miR-222, miR-19a, and miR-21, are positively correlated with the expression of the Bcl family (32, 33).

The Bcl activating gene proteins are tumor suppressors. Their mutations can affect the process of cell proliferation, transcription and apoptosis. The relationship between the mutation of P53 and miRNA is attractive to researchers. miR-214 has been shown to down-regulate RFWD2-p53 cascade, causing tumor cells sensitive to anthracyclines (34). Yuan, Y. et al. identified that miR-133a improves sensitization of tumor cells by suppressing the expression of the uncoupling protein-2 (UCP-2) (35). This mechanism is considered to be related to P53 mutation (36). Furthermore, it is interesting to note that miR-191-5p declines the expression of P53, which binds to the promoter of miR-191-5p, forming a negative feedback regulation chain by downregulating the expression of SOX4 (37). Not only can miRNAs change drug resistance by regulating the mutation of P53, recent studies demonstrated that some miRNAs can also be regulated by P53. Lin, S. et al. found that the expression level of miR-30c is controlled by P53 mutation, which could contribute to tumor cell sensitivity to doxorubicin by regulating the Fanconi anemia complementation group F protein (FANCY) and REV1 protein (38). In addition, miR-127, miR-34a, and miR-542-3p are all mentioned to be related to P53 network in other studies (16, 39).

PI3K-AKT is also a classic signaling pathway that can induce the apoptosis of cells. The abnormal expression of PTEN protein is enough to antagonize PI3K-AKT via dephosphorylating the Phosphatidylinositol (3–5) Trisphosphate (PIP3) on the cell membrane to produce phosphati-dylinositol-4,5-bisphosphate (PIP2), which plays a role in the growth, apoptosis, adhesion (40), infiltration and migration of cancer cells (41). Once the PI3K-AKT signaling pathway is inhibited or damaged, it will promote the activation of tumor cell apoptosis and reduce the occurrence of drug resistance. It was reported that the expression of miR-222 (42, 43) and miR-29a (44) were decreased after treatment with anthracyclines. As a result, it led to anthracycline resistance because of the decreased of PTEN. In addition, miR-221 has been shown to make the PI3K-AKT pathway more active by targeting the PTEN protein, which strengthens the tolerance of tumor cells to anthracyclines. Many miRNAs, such as miR-21 (45, 46), miR-19a (47), miR-132 (11), and miR-212 (11), are negatively correlated with PTEN expression to promote anthracycline resistance in breast cancer. In contrast, miR-200c raised the expression of PTEN, contributing to reverse drug resistance (48). Not only can the PTEN protein affect the PI3K-AKT pathway, but this pathway also accepts other regulations. For example, insulin-like growth factor-1 receptor (IGF-1R) is a tyrosine kinase receptor that can activate the expression of PI3K-AKT and prevent cell apoptosis. Zhang, H. et al. found that the downregulation of miR-520b expression can increase the expression of PI3K-AKT by activating IGF-1R so that tumor cells can acquire drug resistance (49). Similarly, the downregulation of miR-452 can also induce drug resistance through the IGF-1 signaling pathway (50). Other studies have shown that miR-7 can restrain the expression of epidermal growth factor receptor (EGFR), thereby regulating the PI3K-AKT pathway to enhance the sensitivity of cells to anthracycline drugs (51). miR-200c can enhance tumor cell resistance to anthracyclines by decreasing the expression of Friend of GATA2 (FOG2) protein (52). In addition to the above pathways, vascular endothelial growth factor A (VEGFA) and fibroblast growth factor 2 (FGF2) also target the PI3K-AKT pathway. miR-205 has also been shown to inhibit the synthesis of VEGFA and FGF2, causing damage to the pathway and tumor cell apoptosis (53).

The Notch gene, as a highly conserved gene, regulates cell proliferation, differentiation, and apoptosis (54, 55). It also plays an important role in the interaction of adjacent cells, which makes the Notch pathway a possible target for tumor treatment. Among published studies, miR-34a is closely related to the Notch pathway (56). The expression of homolog 1 declined after downregulating miR-34a. Cell drug resistance is reduced because of the inhibition of the Notch pathway, after upregulating miR-34a (57). Moreover, it has been reported that miR-34a can suppress tumor cell migration effectively through the Notch pathway (28).

Beyond the above pathways, the mitogen-activated protein kinase/the extracellular signal-related kinases (MAPK/ERK) pathway is also a potential direction that countributes to regulate the resistance to anthracyclines (58). The MAPK family are highly conserved serine/threonine protein kinases, a group of major signaling molecules in the process of signal transduction. Thus, it plays an important role in cancer development and disease occurrence (59). It has been reported that miR-302s inhibited the transcription of P-gp glycoprotein and resensitized the resistance of breast cancer cells to Adriamycin (ADR) to death by reducing the expression of mitogen-activated protein kinase/ERK kinase 1 (MEKK1) (21). Furthermore, P38 is an another important member of the MAPK family. miR-381 executes its function by inhibiting the expression of Fyn, a Src-family kinase (60) and cutting down the synthesis of P38 (61). This means that it may become a potential target for overcoming the resistance of anthracyclines in the future. Tyrosine 3-monooxygenase/tryptophan 5-monooxygenase activation protein zeta (YWHAZ), an antiapoptotic gene located downstream of miR-30c, can inhibit the expression of the P38 pathway (62). Other pathways have also been mentioned. For example, miR-140-5p was found to suppress the Wnt1 pathway, resulting in decline of anthracyclines resistance (63). Another miRNA, miR-148a, plays a role in tumor migration and erosion by inhibiting the expression of the Wnt-1 pathway (64). Lastly, miR-129-5p induced apoptosis of cancer cells by disrupting SOX2 expression (65).



MiRNAs and the Cell Cycle

In addition to the function of apoptosis and the EMT process in the formation of drug resistance, abnormal cell cycle is also an important factor to consider. As we all know, cancer cells can produce infinite proliferation, so uncontrollable proliferation is a manifestation of cancer drug resistance. The cell cycle includes the division phase and the interphase. When the cell cycle is in the G0 phase, the cells stop dividing. Therefore, restraining the cancer cell cycle in the G0 phase is a potential way to overcome cancer drug resistance. Cyclin-dependent kinase (CDK), a regulator of the cell cycle, are divided into two categories based on their positive and negative effects (66). The positive regulation is via cyclin and the negative regulation is via cyclin-dependent protein kinase inhibitor (CKI) (67). The reduced expression of p27kip, a CKI regulated by miR-222, causing proliferation of tumor cells and reducing apoptosis. Based on the view of Wang, D.D. et al., the IC50 of tumor cells was increased after upregulating miR-222, which indicated that the increased resistance to anthracyclines (68). Additionly, miR-24 inhibited expression of p27kip (69, 70). It changed the chemosensitivity by regulating autophagy and tumor vascular survival. miR-574 has also been found to inhibit the expression of Smad4. It accelerates the G1-S phase of the cell cycle through regulating the Transforming Growth Factor-β (TGF-β), inducing cell growth and reducing the sensitivity of cells to anthracyclines (71). Other studies have discovered a negative feedback regulation of CDKs. miR-449 could inhibit cell cycle gene expression against drug resistance by reducing the synthesis of CDK2, E2F transcription factor 1 (E2F1), E2F transcription factor 3 (E2F3). Surprisingly, E2F1 regulates the expression of miR-449, forming a negative feedback loop (72). Furthermore, the aforementioned miR-122-5p can reduce the expression of drug resistance by targeting CDKs (27). A mircoRNA targeting cyclin was rarely discovered. The downregulation of miR-135b-5p was confirmed to promote the synthesis of Anterior Gradient 2 (AGR2), an enzyme that functions as a folding protein on the endoplasmic reticulum of tumor cells. It can mediate the expression of cyclin D1 and make cells sensitive to anthracyclines (73).



MiRNAs and Epithelial-Mesenchymal Transition

EMT ensures the cells with the ability of transformation and invasion, therefore against cell senescence and apoptosis (74). EMT regulates the process of cell development, as well as participates in the process of tissue healing, cancer occurrence, and metastasis. So EMT is critical to the development of drug resistance in the treatment of breast cancer with anthracyclines (75). miR-93 was found to strengthen cell proliferation and reduce the sensitivity of tumor cells to the drug by inhibiting the PTEN pathway and promoting the occurrence of EMT (76). Du, F.Y. and his colleagues showed that the overexpression of miR-137 would be detrimental to the synthesis of dual-specifificity phosphatase 4 (DUSP4), which blocked the EMT process. Therefore, it implied that miR-137 has a great potential for sensitivity enhancement against anthracyclines resistance (77). In addition, studies have validated that miR-124 targets the expression of t signal transducer and activator of transcription 3 (STAT3), suppressing the activity of the hypoxia-inducible factor-1(HIF-1) pathway, resulting in the reversal of drug resistance (78). An intriguing discovery is the miR-448 positive feedback. It has been reported that the downregulation of miR-448 can promote the high expression of special AT-rich sequence-binding protein-1 (SATB1) sequence binding protein, sequentially activating the EMT process and the nuclear factor NF-κβ (79). Moreover, NF-κβ, when bonded to miR-448, inhibits the transcription of miR-448. This positive feedback phenomenon enhances the drug resistance of tumor cells. Vimentin and cadherin are important protein targets in the EMT process and are closely related to miRNAs. Zhou, Y. et al. found that miR-25 played a major role in the miR106b-25 cluster, which can reduce the expression of EP300, a transcriptional activator of E-cadherin. This change obstructed the occurrence of EMT and restored the chemosensitivity of tumor cells (80). Similarly, miR-181c renders tumor cells to regain sensitivity to anthracyclines by suppressing vimentin and N-cadherin (81). miR-489 performed its function of improving drug resistance of tumor cells by losing vimentin, but increasing the synthesis of E-cadherin, through reducing the synthesis of Smad3 (82, 83). Because there are many potential targets for a miRNA, a miRNA can also be regulated in many ways. As previously mentioned, it affects drug resistance through the PTEN-PI3K-AKT pathway and also can inhibit the EMT process by reducing the synthesis of E-calcein (48).



MiRNAs and Other Mechanisms of Resistance

In addition to the above-mentioned key factors, exosomes have been discovered as having an emerging role. Exosomes encapsulates specific signaling molecules or biologically active molecules and can transmit from one cell to another, ventually, changing the biological activity of recipient cells (84). Tumor cells with anthracyclines resistance can deliver miRNA to sensitive tumor cells through exosomes so that sensitive cells can be transformed into resistant cells. Therefore, the emergence of drug resistance is also closely related to exosomes (85). From the prespective of Chen, W.X. et al., miR-222 and miR-100 are potential biomarkers that can be used to predic 4t drug resistance and prognosis. Moreover, upregulated miR-222 and miR-29 can be secreted from drug-resistant cells through exosomes and enter sensitive cells to infect them to endure anthracyclines (86). Among them, miR-222 was further studied to show that it can be transported from drug-resistant tumor cells to macrophages through exosomes. Finally, research showed its overall tumor cell resistance by causing inhibition of the PTEN pathway and remodeling of macrophages. Conversely, this mechanism can be used to improve medicinal properties to overcome drug resistance after anthracycline treatment of breast cancer. For example, drug-resistant cells combined with integrin and dvβ3 can deliver miR-159 through exosomes to inhibit tumor cell proliferation (87).

In addition, some miRNAs are associated with the anthracycline resistance of breast cancer cells through their unique effects. For example, miR-548p can elevate the synthesis of phenazine biosynthesis-like domain-containing protein (PBLD),which was identified as a tumor suppressor. Therefore, the overexpression of miR-548p expression restricted tumor growth and proliferation (88). miR-770 proomotes the polarization of macrophages by inhibiting the Stathmin1 (STMN1) protein, indicating that miR-770 controls the tumor microenvironment, which is conducive to reducing the drug resistance of tumor cells (89). miR-548c-3p and miR-1236-3p moderated drug resistance by inhibiting DNA damage and repair (52, 90). The downregulation of miR-149 contributes to the activation of heparinase by increasing the expression of GlcNAc N-deacetylase/N-sulfotransferase-1 (NDST1) and inducing drug resistance (91). In addition, miR-3609 causes tumor cells to become sensitive to anthracyclines through promoting the synthesis of Programmed death-ligand 1 (PDL1) (92). Meanwhile, Drug metabolizing enzymes and transporters can be inhibited by miR-148 and miR-152 to reduce the drug resistance of tumor cells (64). miR-133a plays its role in enhancing cell drug sensitivity by targeting ferritin light chain (FTL) protein (93). It has been shown that the decreasing expression of FBXW7, a tumor suppressor gene regulated by miR-188-5p, leads to the emergence of drug resistance (94).



MiRNAs and Adverse Effects

In the process of applying anthracyclines to treat breast cancer patients, many adverse reactions often emerge. Among them, cardiovascular adverse reactions are the most prominent (95). Studies have shown that when using anthracycline chemotherapy regimens, the occurrence of cardiovascular events increases the risk of patient death (96). Therefore, urgent attention is needed on the occurrence of cardiovascular adverse events clinically. Appropriate stratification of risk factors and early detection is extremely meaningful for the survival and prognosis of breast cancer patients. Thus, a large number of miRNA related research is ongoing. miRNAs clearly show an objective quantitative or expression-intensity correlation with the occurrence of adverse reactions, which may help avoid or reduce the harm caused by adverse reactions to patients. It has guiding significance in improving the prognosis. Furthermore, X-ray photography, a commonly used method in clinical diagnosis, has the unavoidable disadvantage of discomfort, overdiagnosis, and false positives. Figure 1 shows that the different roles of above mentioned miRNAs plays in anthracyclines resistance. As a detection method of peripheral blood indicators, miRNA is more nontoxic, convenient (97).




Figure 1 | The role of miRNAs in anthracyclines resistance. (+): microRNA promotes expression of dowmstream protein; (-): microRNA suppresses expression of dowmstream protein.



Qin, X. et al. (98). showed that anthracyclines induce myocardium damage in three possible ways: Firstly, it increased free radicals can cause tissue lipid oxidation leading to destruction of sarcomeres and causing autophagy and apoptosis of cardiomyocytes. The second mechanism is that it renders the death of cardiomyocytes by influencing topoisomerase II and opening the double strands of DNA of cardiomyocytes. Lastly, anthracyclines can damage myocardial fibers by inhibiting the ErbB-2 pathway (99). Anthacyclines induce early toxicity particularly in the left ventricle. The process of reconstruction is closely related to the reactivation of embryonic genes (100). miRNA can contribute to the cardiotoxicity occurrence (101).

The lethal-7 (let-7) family, a member of miRNAs, is mentioned extensivly. Upregulation of let-7a can predict the occurrence of cardiotoxicity (102). The downregulation of the expression of let-7f, a family member of let-7, signified the appearance of cardiac dysfunction because of its good correlation with N-terminal pro-B type natriuretic peptide (NT-proBNP) (98, 103). In addition to the let-7 family, miR-1 is another important biomarker, and has also been used as a clinical indicator. Expression of miR-1 implies the occurrence of arrhythmia to heart failure through a good response with left ventricular ejection fraction (LVEF) (98). Rigaud. et al. further explored its mechanism by demonstrating that miR-1 has a direct connection with the inhibition of antioxidant genes, leading to oxidative stress, promoting cardiomyocyte apoptosis, and myocardial damage (104). In another study, it was also found that miR-1 expression was increased in patients with adverse cardiotoxic reactions, possibly indicating that miR-1 was released by necrotic cardiomyocytes. miR-20a, miR-210, miR-34a, miR-126, and miR-130a are also have great potential. There is evidence that miR-20a is a dependable predictor of the occurrence of cardiotoxicity via the mechanism of activating angiogenesis and abnormal tumor vascular development. Another miRNA that plays a role in the development of chemoresistance, metastasis, proliferation, and self-renewal of tumor cells from hypoxic conditions is miR-210 (103). miR-34a-5p was also significantly increased after treatment with anthracyclines, which induces DNA breakage and P53 activation (105). MiR-126 also has the potential to be used to predict cardiotoxicity because it was validated to protect cardiomyocyte from apoptosis with its elevated expression (106–108). Recent findings have suggested that β-adrenergic pathway can modulate the contractile function in the heart by stimulating guanylyl nucleotide binding proteins, including adenylyl cyclase,cyclic adenosine monophosphate (cAMP), and so on (109–111). miR-30 affects the activation of the elements of the contraction coupling system by targeting the expression of β-adrenergic receptors. It was also concluded that miR-30 is a cardioprotective biomarker to monitor calcium overload and myocardial damage (112, 113).

In addition, another common adverse effect is liver metastasis. Studies have shown that miR-1-3p can mediate the occurrence of liver injury during the application of anthracyclines (4). Meanwhile, miRNA also plays a role in regulating the metastasis of breast cancer. miR-222 can promote the EMT process through the the mitogen-activated protein kinase (RAS-RAF-MEK-ERK) pathway, inducing breast cancer to be more aggressive and metastatic (68). Moreover, Deng, Z. et al. found that myelosuppressive cells (MDSC) can release miR-126a through exosomes to generate T helper 2 (Th2) cells with Interleukin-13 (IL-13) positive after Dox treatment. It promoted tumor angiogenesis, and ultimately led to breast cancer metastasis to the lungs (5). This also shows that miR-126a has the potential to predict breast cancer metastasis. Table 1 presents the link of several miRNAs involved in response to adverse effects of anthracyclines treatment in breast cancer.


Table 1 | MicroRNAs involved in response to adverse effects linked to anthracyclines treatment in breast cancer.






Conclusions and Outlook

There are many mechanisms and signaling pathways involved in the miRNA implications in breast cancer patients being treated with anthracyclines, and there is an abundance of possible miRNAs involved in the diagnosis, prognosis, and treatment of breast cancer patients. The study of microRNAs in regulating the resistance of anthracyclines in the treatment of breast cancer signifies that people may be able to control various types of microRNAs to overcome the shortcomings of anthracyclines application. MicroRNAs may be the key to the selection and development of personalized and safe anticancer drugs in the future. Moreover, as mentioned above, microRNAs can be used as a more accurate and safe early prediction tool, and has the potential as prognostic markers to be used in the clinic. Therefore, to overcome the challenge of providing individualized medicine in a complex disease, especially breast cancer, it is essential that more understanding of the biological effects of the various miRNAs will guide the possible direction of future academic interests.

Moreover, there are many challenges in current researches. Firstly, many groups of miRNAs involving breast cancer were found by metabonomics methods (9, 114, 115). To a certain extent, these results only found a simple quantitative relationship between them. But do not provide adequate epidemiological information, such as age, the course of disease, the breast cancer type and stage, complications, the dosage and dosing interval of anthracyclines administration and so on. More importantly, most studies do not consider whether drug interactions, especially some cardioprotective drugs, have influence on the outcomes. Whether this relationship could be used as a reliable early detection indicator for the clinic is doubtful. Therefore, more effort should be invested into a more deeper study. Lastly, not only are the traditional techniques of miRNA detection complex and require special laboratory skills, but they can also generate false-positives during the amplification process (116). The optimization of methods for quantification and visualization of abnormal miRNA expression are needed for early clinical diagnosis. A more accurate and economical detection method is an absolutely need in the future.
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Cholangiocarcinoma (CCA) is an aggressive malignancy originating from the epithelium of the bile duct. The prognosis of patients is poor regardless of radical resection and chemoradiotherapy. The current classification and prognostic model of CCA are unable to satisfy the requirements for predicting the clinical outcome and exploring therapeutic targets. Estrogen signaling is involved in diverse cancer types, and it has long been established that CCA could be regulated by estrogen. In our study, estrogen response was identified to be significantly and stably correlated with poor prognosis in CCA. Employing several algorithms, CCA was classified into ES cluster A and B. ES cluster B was mainly composed of patients with fluke infection and overlapped with CCA cluster 1/2, and ES cluster A was mainly composed of patients without fluke infection and overlapped with CCA cluster 3/4. COMT and HSD17B1 were identified to be responsible for the differential estrogen response between ES clusters A and B, and the estrogen response may be correlated with the differentiation and cancer stemness of CCA at the single-cell level. Complement activation and the expression of C3 and C5, which are mainly expressed by CCA cells, were significantly downregulated in ES cluster B. An estrogen response risk score (ESRS) model was constructed to predict the prognosis of CCA, followed by a nomogram integrating ESRS and clinical features. Finally, altered pathways, applicable drugs and sensitivity to chemical drugs were analyzed specific to the estrogen response. In summary, our results provide insights into the role of the estrogen response in CCA progression as well as applicable drugs and potential therapeutic targets in estrogen metabolism, the complement system and ESRS-related pathways.
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Introduction

Cholangiocarcinoma (CCA) is one of the most malignant cancers derived from cholangiocytes of the bile duct (1, 2). The epidemiology of CCA varies around the world. Fluke infection is the leading cause of CCA in some regions, such as Thailand (3). In the Western world, primary sclerosing cholangitis (PSC) is the only identifiable risk factor (4). CCA can be subdivided into intrahepatic (iCCA), perihilar (pCCA), and distal CCA (dCCA) according to anatomic location and differential treatment (5). Surgery is the preferred treatment for early resectable CCA. Most patients with CCA are diagnosed at late stages due to a lack of obvious symptoms (~70%), and only 25% of them are recommended for surgery (6, 7). Unfortunately, patients with unresectable CCA share a median overall survival time of less than 1 year (8). For patients after radical resection of CCA, the 5-year overall survival is lower than 30% (9). In addition, current radiotherapy and chemotherapy show limited effects on patients with CCA (8). Existing CCA classification is mainly based on anatomic location or pathologic features. Until recently, the International Cancer Genome Consortium classified CCA into CCA clusters 1-4 based on integrated analysis of genomic, epigenomic, and transcriptomic information of nearly 500 CCAs from 10 countries, which provided insights into the mechanisms of tumorigenesis of CCA as well as potential therapeutic targets (10). Further studies in the classification and characterization of CCA are necessary and instrumental in breaking the predicament of the poor prognosis of patients with CCA.

Beyond physiological functions in regulating the menstrual cycle, reproduction, bone density, brain function and cholesterol mobilization, estrogen is associated with the development and progression of various types of cancer, such as cancers in the breast, ovary, endometrium, colon, prostate and lung (11). The role of estrogen also varies among different cancer types, which are mediated by the activation of the different estrogen receptor (ER) subtypes: ERα and ERβ. Generally, ERα is involved in proliferation, inflammation and tumorigenesis and is responsible for the adverse effect of estrogen. ERβ is involved in the suppression of proliferation, differentiation and apoptosis and is responsible for the beneficial effect of estrogen (12). Estrogen also plays an important role in the tumor immune microenvironment (TIME). For instance, estrogen may promote the accumulation of myeloid-derived suppressor cells (MDSCs) and impair the antitumor effect of CD8+ T cells (13). In addition, the aberrant estrogen effect could also arise from the fluctuation of estrogen concentration by change of endogenous or exogenous estrogen or the disorder of estrogen metabolism. For example, under chronic inflammatory conditions, steroid sulfatase (STS), which can catalyze inactive estrogen sulfates to active estrogen, is upregulated, thus increasing the concentration of active estrogen in chronic liver disease (12).

Both ERα and ERβ are expressed in cholangiocytes (14, 15). Substantial evidence shows that estrogen promotes carcinogenesis and the development of CCA, and selective modulation of estrogen receptors could inhibit the growth of CCA (16–19). In addition, a meta-analysis enrolling 1,107,498 women of 12 North American-based cohort studies suggested that long-term use of oral contraceptives with only estrogen may be associated with an increased iCCA risk (20).

Until recently, however, the whole picture of the complexity of the estrogen response in CCA has remained obscure and largely incomplete. To what extent the estrogen response could influence CCA progression has not been determined. With the development of high-throughput sequencing and bioinformatic technologies, we are equipped to evaluate the level of estrogen response of CCA samples and even single cells. In this study, we systematically characterized the estrogen response in CCA. Furthermore, we will explore the mechanism of the differential estrogen response, the role of the estrogen response in the TIME and potential targets specific to the estrogen response (Supplementary Figure 1).



Materials and Methods


Data Gathering and Preprocessing

In our investigation, four microarray datasets from the GEO database (https://www.ncbi.nlm.nih.gov/gds/), including GSE26566, GSE33327, GSE76297 and GSE89749, a microarray dataset from the ArrayExpress database (https://www.ebi.ac.uk/arrayexpress/) named E-MTAB-6389, and an RNA-sequencing dataset from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) named TCGA-CHOL, were downloaded. In brief, primary microarray data sets were preprocessed with background adjustment and normalization employing the R package for microarray data processing (21). Probe IDs or ensembl gene IDs were transferred into gene symbols according to the corresponding annotation file, and the median value was selected to represent the expression value for gene symbols with multiple probes. All the expression data enrolled in this study were log2 transformed. Only the survival information of the GSE89749 cohort, E-MTAB-6389 cohort and TCGA-CHOL cohort was publicly accessible. In addition, a single-cell sequencing dataset for 5 iCCA samples was also retrieved from the GEO database, named GSE138709 (22). Basic information on the datasets used in this study is summarized in Supplementary Table S1.



Weighted Gene Coexpression Network Analysis

All microarray datasets of CCA samples, including GSE26566 (n = 104), GSE33327 (n = 149), GSE76297 (n = 91), GSE89749 (n = 118) and E-MTAB-6389 (n = 78), were merged and followed with bath correction. The expression of the top 30% genes with the highest variance in the merged dataset was performed with WGCNA utilizing the R package WGCNA 1.70.3. First, the optimal soft thresholding power β of five was selected to construct a scale-free network topology. Then, a topological overlap matrix (TOM) was generated out of the adjacency matrix to calculate the corresponding dissimilarity. Genes were hierarchically clustered to produce a dendrogram that was divided into different gene modules using the dynamic tree cut method. The eigengene was calculated to represent each module, and the most relevant gene module for specific traits was evaluated by Spearman correlation analysis.



Gene Set Enrichment Analysis and Gene Set Variation Analysis

The hallmark gene sets, biological processes and canonical pathways were downloaded from the Molecular Signatures Database (MSigDB, http://www.gsea-msigdb.org/gsea/index.jsp). GSEA was performed to demonstrate the altered biological processes or canonical pathways between different patient groups. The R package fgsea 1.18.0 was employed to carry out the GSEA and plot the results. GSVA was performed to evaluate the relative level of specific biological processes for a single sample. The R package GSVA 1.40.1 was employed to evaluate the GSVA score for each sample with the “ssgsea” method.



Single Cell Data Processing

For the analysis of single-cell sequencing data, the R package Seurat 4.0.5 was used to process the raw data of GSE138709 (23). Only CCA samples of GSE138709 were loaded followed by filtration with the criteria of >20% mitochondria-related genes and more than 1,000 genes.

Expressed per cell. A total of 17,090 cells were selected for subsequent analysis. After data normalization, identification of variable features and principal component analysis (PCA) dimensional reduction, the dataset was batch corrected by the “RunHarmony” function of the R package 0.1.0 All the cells were clustered into 16 cell populations using the “FindClusters” function of Seurat (resolution = 0.5). TSNE dimensionality reduction was performed to generate the TSNE plot. The annotation of the cell clusters was fulfilled by the R package singleR 1.6.1 and adjusted by signatures from the original publication (22). EPCAM, KRT7, KRT19, ANXA4 and TM4SF4 were chosen as markers for CCA cells. The AUCell score of specific gene sets for single cells was calculated using the R package irGSEA 1.0.0. Monocle 2.30.0 was employed to perform the cell trajectory analysis.



Survival Analyses

The survival curves were plotted with the R package survminer 0.4.9. In brief, the Kaplan–Meier method was employed for the drawing, and the log-rank test was used for evaluation of differences in survival. The best cutoff value of parameters was calculated by the ‘surv_cutpoint’ function. The R package survivalROC 1.0.3 was used to plot the time-dependent receiver operating characteristic curve (ROC) for prognostic factors.



Establishment of the Estrogen Response-Related Score

First, the GSE89749 cohort and E-MTAB-6389 cohort were merged and followed with batch correction. Samples without valid survival information were removed. Then, the merged dataset was randomly divided into a training cohort (n = 128) and a testing cohort (n = 55) at a ratio of 7:3 via the “sample” function in R. Subsequently, we performed univariate Cox regression for genes in the gene set “Estrogen response late” using the “coxph” function of the R package survival 3.2.13, and 65 genes with a p value less than 0.1 were included in the least absolute shrinkage and selection operator (LASSO) regression by the R package glmnet 4.1.2. In our model, 11 genes maintained their Cox coefficients under a tuned penalty parameter (λ). The ESRS was established based on multivariate regression of the selected genes. The stability of the model was further tested in the testing cohort. We also integrated the ESRS with the clinical information of CCA patients to construct a nomogram with the R package regplot 1.1. A calibration curve was plotted to check the veracity of the nomogram using the R package rms 6.2.0.



Additional Bioinformatics and Statistical Analyses

The differential expression of genes between patient groups was calculated using the R package limma 3.48.3. Correlation analysis was performed using the R package Hmisc 4.6.0. The immune infiltration of 22 types of immune cells was estimated by the R package Cibersort at 1,000 permutations. Unsupervised clustering analysis was carried out to define the optimal clustering of CCA samples based on the expression of genes related to the estrogen response by the R package ConsensusClusterPlus 1.56.0 at 1,000 permutations, and the R package Rtsne 0.15 was employed to visualize the clustering. The protein–protein interaction (PPI) networks were constructed by the STRING database (https://cn.string-db.org/) and visualized by Cytoscape 3.8.2 software. The network of biological processes based on genes in estrogen response-related genes was generated by ClueGO, a plug-in of Cytoscape. A connectivity map (CMap) was employed to identify potential targets and drugs for the ESRS_high group. The IC50 of each chemical compound of each cancer cell line along with the RNA sequencing data of all the cancer cell lines were downloaded from the Genomics of Drug Sensitivity in Cancer database (GDSC, https://www.cancerrxgene.org/) To which drugs the CCA patients with high estrogen response are sensitive or resistant is evaluated by Spearman correlation analysis between the GSVA score of “Estrogen response late” and IC50 of the drugs in all cancer cell lines.

For comparison of two groups, Student’s t test and Wilcoxon rank-sum tests were employed to estimate the statistical significance of normally distributed and nonnormally distributed variables, respectively. For comparisons of more than two groups, Kruskal–Wallis tests were used. Differences with p < 0.05 were considered statistically significant. Statistical p value (*, P < 0.05; **, P < 0.01; ***, P < 0.001; ****, P<0.0001; ns, not significant).




Results


Identification of an Estrogen Response-Related Gene Set

First, the GSE89749 cohort containing 118 CCA samples was chosen as the discovery cohort due to the appropriate sample size and clinical information. Then, we scored the active level of all the hallmark gene sets utilizing the GSVA algorithm, and the result was further subjected to univariate Cox regression. It showed that “Estrogen response late” along with “Estrogen response early” were significantly correlated with poor prognosis (Figure 1A). These two gene sets were curated by MSigDB according to transcriptomic alterations in early (within 6 hours) or late (over 12 hours) stage of cellular response to estrogen. The Kaplan–Meier curves for the GSVA score of these two gene sets in the GSE89749 cohort, E-MTAB-6389 cohort and TCGA-CHOL cohort were plotted, and only “Estrogen response late” showed stable predictive capability for prognosis (Figure 1B, HR=4.02, log-rank test p value= 1.7×10-5; Supplementary Figures 2A–E). Through dimensionality reduction of 200 genes in “Estrogen response late” for 32 types of cancer in TCGA cohort, we found that the response to estrogen differs in almost all cancer types (Supplementary Figure 2F). Additionally, the prognostic value of the GSVA score of “Estrogen response late” varies among different solid cancer types, and the hazard ratio of which in CCA was highest of all the solid cancer types. Meanwhile, we investigated the difference in estrogen response score between non-tumoral and tumoral tissues in those cohorts with considerable sample size of normal bile duct tissues. Surprisingly, the estrogen response was stably upregulated in CCA tumor tissues, which further indicates the role of estrogen response in CCA progression (Figures 1C, D)




Figure 1 | An estrogen response-related gene set was identified. (A) Forest plot showing the prognostic value of the GSVA score of the top 20 hallmark gene sets in the GSE89749 cohort. The horizontal coordinates represent the univariate regression coefficient of the normalized GSVA score of each hallmark of cancer, and the horizontal line represents the 95% confidence interval of the univariate regression coefficient. (B) Kaplan–Meier curves for overall survival of the patients with high or low GSVA scores of “Estrogen response late” in the GSE89749 cohort. Score_low, n = 37; Score_high, n = 78. HR=4.02, Log-rank test, p value = 1.7×10-5. (C, D) Violin plots showing the GSVA score of “ HALLLMARK_ESTROGEN_RESPONSE_LATE” in CCA tumoral and non-tumoral tissues in TCGA_CHOL cohort and GSE76297 cohort. (E) Weighted gene coexpression network analysis (WGCNA) was performed with an expression matrix of 462 samples in the meta cohort to construct a scale-free coexpression network. The cluster dendrogram shows the clustering of genes into gene modules. (F) Eleven gene modules were generated, and a green module exhibited the highest correlation with the GSVA score of “Estrogen response late” (Spearman correlation test, r= 0.9, P = 2e-58) and was considered an “ES-specific module”. (G) Scatter plot showing the Spearman correlation coefficient between the expression of genes in the green module and the eigengene of the green module or the GSVA score of “Estrogen response late”. (H) Bar plot showing the top 15 enriched biological processes in the green module.



Subsequently, a scale-free coexpression network was established from the expression matrix of the GSE89749 cohort with the WGCNA algorithm. Genes were divided into 11 gene modules according to a similar expression pattern, and the green module was significantly correlated with the GSVA score of “Estrogen response late” (r=0.66, p=2×10-58) and “Estrogen response early” (r=0.61, p=8×10-49) (Figures 1E–G). Therefore, genes in the green module were identified as estrogen response-related genes (ESRGs). To determine the molecular function of ESRGs, gene enrichment analysis was performed and the results demonstrated that digestion, neutrophil activation and epithelial cell differentiation were among the top enriched biological processes (Figure 1H).



Clinical and Transcriptomic Characteristics of Estrogen Response in the GSE89749 Cohort

Then, to investigate the clinical features of estrogen response, we attempted to cluster the CCA samples into different clusters on the basis of the expression of ESRGs in 118 CCA samples in the GSE89749 cohort. These samples were divided into two clusters (ES cluster A, n = 52; ES cluster B, n = 66) according to the optimal clustering chosen by delta area (Figure 2A, Supplementary Figure 3A). The UMAP plot based on dimensionality reduction of ESRGs indicated that these two clusters exhibited great transcriptome heterogeneity (Figure 2B). These two clusters showed significant differences in response to estrogen (Figure 2C) and overall survival probability (Figure 2D, HR = 2.99, log-rank p value = 5.8 ×10-5). Furthermore, the expression of genes in “Estrogen response late” also differed between the two clusters (Figure 2E).




Figure 2 | Clinical characteristics of ES clusters in the GSE89749 cohort. (A) Consensus matrixes of the GSE89749 cohort based on the expression of genes in the green module. K=2 was chosen as optimal clustering by delta area. (B) A UMAP plot of 118 patients by dimensionality reduction of genes in the blue module showing 2 distinct ES clusters. (C) ES cluster B exhibited significantly higher GSVA scores for “estrogen response late” and “estrogen response early” than ES cluster (A, D) Kaplan–Meier curves for overall survival of the patients in ES cluster A and ES cluster B in the GSE89749 cohort. ES cluster A, n = 51; Score_high, n = 64. HR = 2.99, Log-rank test, p value = 5.8×10-5. (E) Heatmap showing the expression of 198 genes involved in “estrogen response late” in 118 CCA patients in the GSE89749 cohort. Clinical information, including overall survival status, sex, age, fluke infection status, country, CCA clusters, location, histology, T stage, N stage, M stage, clinical stage, and ES clusters, is shown as patient annotation. The GSVA score of “Estrogen response early” of each patient was annotated on the top of the heatmap. The log2FoldChange of each gene between ES cluster A and ES cluster B is annotated on the left of the heatmap. (F) Stacked bar chart showing the proportion of different histological classifications in the ES cluster A and B groups in the GSE89749 cohort. (G) Violin plot showing the GSVA score of “Estrogen response early” in four subtypes of CCA clusters. (H) Alluvial diagram showing the relation among different ES clusters, fluke infection status, histology and CCA clusters. Statistical p-value ( ****,P < 0.0001).



The different clinical classification constitutions of the two ES clusters and the GSVA score of “Estrogen response late” in different clinical classifications were analysed (Figure 2E, Supplementary Figure 3B, Supplementary Table S2). ES cluster B contained the majority of people with fluke infection. Fluke infection is supposed to be a major cause of CCA in some regions, such as Thailand (3). Fluke infection could cause mechanical damage to cholangiocytes as well as chronic inflammation (24). Abnormal estrogen metabolism has long been detected in chronic liver disease (25). It has been reported that estrogen can act as an anti-inflammatory hormone and that STS chronic inflammation induced by chronic inflammation can increase the level of estrogen, which in turn alleviates the inflammatory response (26). Therefore, we hypothesized that the chronic inflammation caused by fluke infection may be responsible for the higher estrogen response in ES cluster B. In addition, ES cluster B was mainly composed of eCCA, which is mostly caused by fluke infection, and well-differentiated CCA (Figure 2F). The GSE89749 cohort was classified into 4 distinct CCA subtypes based on multiomics data (10). Our results indicated that CCA cluster 1 and 2 had higher GSVA scores for “Estrogen response late” than CCA cluster 3 and 4 (Figure 2G). Meanwhile, ES cluster A was mainly composed of CCA clusters 3 and 4, and ES cluster B was mainly composed of CCA clusters 1 and 2 (Figure 2H). As reported, CCA cluster 1/2 was enriched in ERBB2 amplifications and TP53 mutations. In addition, CCA cluster 3/4 are characterized by high copy number alterations and expression of PD-1/PD-L2 or epigenetic changes (IDH1/2, BAP1) along with FGFR/PRKA-related gene rearrangements. The overlaps of ES clusters and CCA subtypes indicated the potential of ES clusters in selecting personalized treatment, for example, promising IDH inhibitors (ClinicalTrials.gov identifier: NCT02073994). In addition, CCA had also been classified into “Inflammation” and “Proliferation” subtypes based on multiomics data (27). The inflammation-related class shows enrichment of inflammation and cytokine pathway, like overexpression of IL-6, IL-10, IL-17, and STAT3 constitutive activation, while the proliferation-related class shows more aggressive behavior, reflected by earlier recurrence and an enrichment of several oncogenic pathways, such as RTK signaling and angiogenesis-related pathways, and gene signatures of poor prognosis. Our results showed that the proliferation-related class showed significantly higher estrogen response than that in inflammation-related class (Supplementary Figure 3C).

We also analyzed the difference in biological processes between ES cluster A and ES cluster B (Supplementary Figure 3D). O-GlcNAcylation and glycosylation were significantly enriched in ES cluster B, which have been shown to mediate invasiveness and metastasis of CCA (28). The activation of complement was significantly suppressed in ES cluster B, indicating that the humoral immune response against CCA was compromised. Considering that a few metabolism-related processes were enriched, we analyzed several metabolism-specific gene sets between ES cluster A and B, including “Amino acid”, “Carbohydrate”, “Energy”, “Lipid”, “Nucleotide”, “TCA cycle”, and “Vitamin cofactor” (29). Among them, “TCA cycle” and “amino acid” were significantly downregulated in ES cluster B, and no difference was detected in other gene sets, indicating a role of the estrogen response in CCA metabolism (Supplementary Figures S3E, F).



Potential Cause and Spatiotemporal Specificity of Differential Estrogen Response

To explore the potential mechanism of the differential estrogen response in ES cluster A and B, we compared the expression of estrogen receptors and genes related to estrogen metabolism (Figure 3A). There was no difference in the expression of ESR1 (estrogen receptor alpha) and ESR2 (estrogen receptor beta) between the two ES clusters, while genes related to estrogen metabolism differed, especially catechol-O-methyltransferase (COMT) and hydroxysteroid (17beta) dehydrogenase 1 (HSD17B1). COMT could catalyze O-methylation of catechol estrogens and significantly compromise its estrogen receptor binding affinities (30). HSD17B1 efficiently catalyzes the conversion from estrone (E1) to the highly active estrogen estradiol (E2) (31). Coincidentally, COMT was significantly downregulated in ES cluster B, and HSD17B1 was significantly upregulated in ES cluster B. Then, we performed Spearman correlation analysis between the GSVA score of “Estrogen response late” and the expression of COMT and HSD17B1. As expected, the expression of COMT negatively correlated with the estrogen response (Figure 3B, Spearman correlation test, r = -0.28, p=0.002), and the expression of HSD17B1 positively correlated with the estrogen response (Figure 3C, Spearman correlation test, r = 0.43, p = 1.3×10-6). Furthermore, the expression of COMT was a favorable factor for CCA patients (Figure 3D, HR = 0.453, log-rank p value = 0.0023), and HSD17B1 was a risk factor for CCA patients (Figure 3E, HR = 0.453, log-rank p value = 0.00023).




Figure 3 | Potential cause and spatiotemporal specificity of the differential estrogen response. (A) Differential expression of estrogen receptors and estrogen metabolism-related genes. The top and bottom of the boxes represent the interquartile range of the values. The thick lines in the middle of the boxes represent the median values. The black dots show the outliers. The significant differences among different ECM clusters were evaluated using Student’s t test. (B, C) Scatter plot depicting the correlation between the GSVA score of “Estrogen response late” and the expression of COMT (Spearman correlation test, R = -0.28, p value =0.002) or HSD17B1 (Spearman correlation test, R = 0.43, p value =1.3×10-6). The color of the dots represents the ES clusters annotated by the legend. (D, E) Kaplan–Meier curves for overall survival of the patients with low or high expression of COMT or HSD17B1 in the GSE89749 cohort. (F) Single cell clusters for tumor tissues from five CCA samples. (G) Ridge plot showing the AUCell score of “Estrogen response late” in different cell types. (H) CCA cells were further divided into six subgroups exhibited by the TSNE plot. (I, J) Cell trajectory plot of cholangiocarcinoma cells annotated by subgroups of CCA cells and pseudotime. (K) Scatter plot showing the correlation between the AUCell score of “Estrogen response late” and the pseudotime of CCA cells. Spearman correlation test, r = 0.72, p <2.2×10-16. (L) The combined scatter plot and heatmap plot exhibiting the change in expression of COMT and HSD17B1 following pseudotime in CCA cells. Statistical p-value (*,P < 0.05; **,P < 0.01; ***,P < 0.001, ****,P < 0.0001). ns, not significant.



Subsequently, we attempted to investigate the heterogeneity of the estrogen response within CCA tissues at the single-cell level. A total of 17,090 qualified single cells from cancer tissues of 5 CCA samples in the GSE138709 cohort were clustered after batch correction. Seven types of cells were identified according to the annotation of the R package singleR along with the cell markers from the literature (22), including CCA cells, macrophages, CD8+ T cells, endothelial cells, fibroblasts, B cells and monocytes (Figure 3F). The estimation of the score of “Estrogen response late” for single cells via the AUCell method showed that the CCA cells exhibited the strongest estrogen response (Figure 3G, Supplementary Figure 4A). Then, we figured the expression of COMT and HSD17B1 in different cell types within CCA tissues to confirm the responsible cell types. It was shown that COMT was highly expressed in almost all cell types except for CD8+ T cells and HSD17B1 was mainly expressed in part of CCA cells, indicating CCA cells may directly regulate the estrogen response (Supplementary Figures 4C, D). Then, the CCA cells were further divided into 6 subgroups (Figure 3H). The estrogen response score also differed among the 6 subgroups (Supplementary Figure 4B). Transient cell states often followed with dynamic regulation of gene expression. Single cell RNA-seq helps in placing the cells on a hypothetical time trajectory that reflects gradual transition of their transcriptomes and also called pseudotime (32). The cell trajectory of CCA cells was plotted and annotated by cell clusters and pseudotim (Figures 3I, J). Interestingly, the estrogen response score significantly correlated with pseudotime (Figure 3K, Spearman correlation test r = 0.72, p < 2.2×10-16), indicating the potential links between the estrogen response and differentiation of CCA cells. KRT19 is considered to be a cholangiocyte/stem-cell marker (33, 34). Annexin A4 (ANXA4) is a marker of epithelial cell polarity (35). It seems that the expression of KRT19 was positively correlated and the expression of ANXA4 was negatively correlated with the estrogen response (Supplementary Figure 4E–H). Moreover, KRT19 increased and ANXA4 decreased following pseudotime (Supplementary Figures 4I, J). In summary, we hypothesized that the estrogen response is higher in cancer stem cells (CSCs) and may also be involved in cancer stemness acquisition. In addition, we found that the expression of COMT and HSD17B was also increased following pseudotime (Figure 3L).



The Immune Microenvironment Differs Between Different ES Clusters

The functional analysis of ESRGs and GSEA results between ES clusters indicated that the immune microenvironment might be different between ES cluster A and B. Therefore, first, we established the landscape of immune cells in CCA. The immune filtration of 22 immune cells in 118 CCA samples of the GSE89749 cohort was estimated utilizing the cibersort algorithm. The hazard ratio of each cell type and the correlation between different cell types were calculated (Figure 4A). M2 macrophages, CD8+ T cells, CD4+ memory T cells, CD4+ naïve T cells, eosinophils, activated mast cells, and naïve B cells were favorable prognostic factors, and plasma cells, resting mast cells, activated NK cells, CD4+ activated memory T cells, M1 macrophages, activated dendritic cells, memory B cells and resting dendritic cells were risk prognostic factors. Then, we compared the abundance of these cells between ES cluster A and B. M2 macrophages and M1 macrophages decreased in ES cluster B, and CD4+ activated memory T cells, plasma cells and activated dendritic cells increased in ES cluster B (Supplementary Figure 5A). However, the immune score evaluated by the estimation algorithm between these two clusters showed no significant difference. (Data not shown) Among these differential immune cells, M2 macrophages were the top favorable factors, and plasma cells were the top risk factors, with the most significant difference between ES cluster A and B. Spearman correlation analysis also showed that the estrogen response was positively correlated with the abundance of plasma cells and negatively correlated with the abundance of M2 macrophages or M1 macrophages (Figure 4B). Interestingly, both plasma cells and macrophages are major components of humoral immunity, and aberrant humoral immunity is associated with tumor development (36). Several biological processes concerning humoral immunity were significantly downregulated in ES cluster B, such as “complement activation”, “regulation of humoral immune response” and “humoral immune response mediated by circulating immunoglobulin” (Figures 4C–E). It is well known that complement activation is an important part of antibody opsonization, and in terms of that the core enrichment of humoral immunity processes were mainly complement components, we supposed that the complement activation is the main difference between ES cluster A and B.




Figure 4 | The immune microenvironment differs between different ES clusters. (A) Landscape of immune cells in CCA. The size of the circle represents the |log2HazardRatio| of each immune cell. The color filling the circle represents the -log10(log-rank p value). The color of the border represents the prognostic value of the immune cells, and the color of the line between two immune cells represents the cell interaction estimated by Spearman correlation analysis. (B) Correlation analysis among the GSVA score of “Estrogen response late” and infiltration of different immune cells. (C–E) GSEA plot showing that complement activation and humoral immune response are downregulated in ES cluster B versus ES cluster A (F) The expression of complement of different complement activation pathways in ES clusters A and B. (G) The expression of specific complements in different cell types of CCA tissues. Statistical p-value (*,P < 0.05; **,P < 0.01; ****,P < 0.0001). ns, not significant.



The role of the complement system in tumor progression is sophisticated. It may directly eliminate antibody-coated tumor cells or mediate an immunosuppressive environment supporting tumor development. The activation of complement consists of three pathways, including the classical pathway, lectin pathway and alternative pathway, which could further initiate the terminal pathway and the formation of the membrane attack complex (MAC) (37). Then, we analyzed the differential expression of the key genes in these four pathways between ES cluster A and B. The expression of C1QA, C1S, C4A, C3, CFB, CFP, C5, C6, C7 and C8B was downregulated, and no gene was upregulated in ES cluster B (Figure 4F). The genes in the classical pathway shared the greatest difference, and C3 and C5 were the top differentially expressed genes between the two groups. Then, we attempted to examine complement activation at the single-cell level. Considering the distinction between KRT19+ and ANXA4+ CCA cells were then subdivided into KRT19+ and ANXA4+ subtypes (Supplementary Figure 5B). We scored the complement activation process with the AUCell method and found that complement activation was most significant in macrophages and monocytes (Supplementary Figures 5C, D). Therefore, we supposed that the decrease in macrophages may partially account for the downregulation of complement activation in ES cluster B. In addition, it was surprising that the level of complement activation in ANXA4+ CCA cells ranked second only to macrophages and monocytes. Then, we checked the expression of these differentially expressed genes at the single-cell level (Figure 4G). The expression of C3 and C5 was highest in ANXA4+ CCA cells and hardly expressed in KRT19+ CCA cells. Moreover, C1S was mainly expressed in ANXA4+ CCA cells, and C1QA and CFP were mainly expressed in macrophages and monocytes. Meanwhile, we investigated the difference in activity of complement activation between CCA tumor and non-tumor tissues. Surprisingly, “GO_COMPLEMENT_ACTIVATION” was significantly downregulated in CCA tissues, and all the key genes in the four complement activation pathways were significantly declined (Supplementary Figures 5E, F). Finally, the results showed that both the expression of C3 and C5 could predict good prognosis (Supplementary Figures 5G, H, C3: HR = 0.442, log-rank p value = 0.0036; C5: HR = 0.338, log-rank p value = 0.00011).



Establishment and Validation of the Estrogen Response-Related Score in CCA Patients

Because the estrogen response varies among different clinicopathological features and stably correlates with poor prognosis, we attempted to construct a prognostic model based on genes in “Estrogen response late” to predict overall survival probability in CCA. First, the GSE89749 cohort and E-MTAB-6389 cohort were merged into meta-data, followed by batch correction. The TCGA-CHOL cohort was dismissed due to incompatible RNA sequencing data and a small sample size. The merged data set was further randomly divided into a training cohort (n = 128) and a testing cohort (n=55). Then, univariate Cox regression analysis was performed for each gene in “Estrogen response late” (Figure 5A). Sixty-five genes with univariate Cox regression p values less than 0.1 were subsequently entered into the LASSO Cox regression model (Figure 5B). Tenfold cross-validation was then employed to tune parameter selection in the LASSO model, and 11 genes, including ANXA9, NRIP1, FKBP5, PDLIM3, GJB3, MYOF, PTGES, ID2, CDC20, MDK and SNX10, were filtered to construct the ESRS via multivariate Cox regression analysis (Figure 5C). The best cutoff value, used to divide the training cohort into ESRS_high and ESRS_low groups, was chosen by maximally selected rank statistics (Figure 5D). It was shown that the ESRS did an excellent job in predicting prognosis in the training cohort (Figure 5E, HR = 5.68, log-rank p value= 7×10-15). To test the stability of the ESRS model, the computational formula along with the best cutoff value was applied in the testing cohort. The ESRS also performed well in predicting overall survival probability in the testing cohort (Figure 5F, HR = 6.78, log-rank p value= 2×10-7)




Figure 5 | Establishment and validation of the estrogen response-related score (ESRS) in CCA patients. (A) Volcano plot showing the univariate Cox regression results of the estrogen response-related genes in the meta-cohort. The horizontal coordinate represents the coefficient of univariate Cox regression, and the vertical coordinate represents the -log10p value of univariate Cox regression. (B) With a filtering threshold of a P value less than 0.1, 65 candidates remained and were entered into the LASSO Cox regression model. (C) Tenfold cross-validation for tuning parameter selection in the LASSO model. The dotted vertical lines are drawn at the optimal values by minimum criteria (lambda.min, left vertical dotted line) and 1-SE criteria (lambda.1 se, right vertical dotted line). (D) The best cutoff value of ESRS was chosen by maximally selected rank statistics. (E) Kaplan–Meier analysis demonstrated that patients with higher ESRS exhibited worse prognosis in the training cohort (HR = 5.68, log-rank p value = 7×10-15). (F) In the testing cohort, Kaplan–Meier analysis showed that patients with higher IRS exhibited worse prognosis (HR = 6.78, log-rank p value = 2×10-7). (G) A personalized scoring nomogram was generated to predict 3- and 5-year OS probability with the seven parameters, and the red arrow shows an example. (H) Time-dependent ROC analysis demonstrated that combining ESRS and stage information could better predict the 5-year OS probability. (I) Calibration curves of 1-year and 3-year OS prediction were close to the ideal performance (45-degree line). Statistical p-value (*,P < 0.05; ***,P < 0.001).



To improve the risk stratification and personalized assessment of the prognostic model, we integrated the ESRS with the clinical information of CCA patients. In total, 98 samples with full clinical information on age, sex, fluke infection status, anatomy and clinical stage in the GSE89749 cohort were selected for the construction of the integrated prognostic model. Next, a nomogram was established based on the selected clinical information and ESRS, which could provide personalized and convenient assessment of 3-year and 5-year survival probability. The red arrow is an example (Figure 5G). As shown in the nomogram, ESRS and the clinical stage of CCA patients were independent and stable prognostic factors in CCA patients. Time-dependent ROC curves indicated that combining clinical stage could improve the predictive ability of ESRS for OS (Figure 5H). Finally, to check the validity of the nomogram, we drew calibration curves for the prediction of 1-year and 3-year OS, which were closely correlated with the ideal performance, indicating the accuracy of the prediction of the nomogram (Figure 5I). Altogether, the integrated prognostic model could accurately and effectively predict the OS of CCA patients.



Potential Therapeutic Targets and Applicable Drugs According to ESRS or Estrogen Response

Since the estrogen response and the established ESRS are closely correlated with CCA progression, we attempted to explore personalized chemotherapeutic agents or molecular targeted therapeutic drugs for individuals, taking the estrogen response as a clue. First, we performed GSEA for the differentially expressed genes between the ESRS_high and ESRS_low groups to identify the potential pathways involved in CCA progression. The top enriched pathway in the ESRS_high group was “keratinization” (Figure 6A; Supplementary Figure 6A). A protein–protein interaction network (PPI) was constructed based on the differentially expressed genes in the gene set “Keratinization” utilizing the STRING database (Supplementary Figure 6B). Desmoglein 3 (DSG3) was identified as the core gene of the network to the highest degree. Similarly, “drug metabolism cytochrome P450” was the top enriched pathway in the ESRS_low group (Figure 6B; Supplementary Figure 6C). Cytochrome P450 Family 2 Subfamily C Member 9 (CYP2C9) and Cytochrome P450 Family 3 Subfamily A Member 7 (CYP3A7) were identified as core genes in the PPI network of “Drug metabolism cytochrome P450” (Supplementary Figure 6D). These identified pathways and core genes could be potential targets for drug development.




Figure 6 | Potential therapeutic targets and applicable drugs according to ESRS or estrogen response. (A, B) GSEA was performed between the ESRS_high and ESRS_low groups. The bar plots show the top 10 upregulated or downregulated pathways in the ESRS_high group. (C) The differentially expressed genes were submitted to CMap mode-of-action (MoA) analysis, and the results showed 39 mechanisms of action shared by the top 50 compounds potentially applicable for ESRS_high patients. (D) The correlation between GSVA score of “Estrogen response late” and ln(IC50) of drugs in cancer cell lines. (E, F) Scatter plots showing the correlation between the GSVA score of “Estrogen response late” and the ln(IC50) of TL-1-85 or afatinib in cancer cell lines. The color of the dot represents the histologic origin of the cancer cell lines.



Thanks to previous efforts, CMap, a map of disease-gene-drug connections, has been constructed, which takes differential gene expression as a common language of disease and chemical compounds (38, 39). We submitted a list of 150 upregulated and 150 downregulated genes between the ESRS_high and ESRS_low groups to the mode-of-action (MoA) analysis of CMap to search for chemical compounds that could lead to similar or reverse genomic fluctuations (Supplementary Table S3). 39 mechanisms of action were shared by the top 50 compounds potentially applicable for ESRS_high patients, which could cause reverse changes between the ESRS_high and ESRS_low groups (Figure 6C). In particular, SB-202190, a p38 MAPK inhibitor, ranked first among all the potential compounds, and 7 potential compounds, namely, apicidin, panobinostat, ISOX, scriptaid, HC-toxin, vorinostat and THM-I-94, were all histone deacetylase (HDAC) inhibitors. In addition, we also showed 42 mechanisms of action shared by the top 50 compounds that show similar impacts on cancer cells to ESRS, which should be dismissed for ESRS_high patients (Supplementary Figure 6E).

Drug resistance has always been the principal factor impeding satisfactory cures for patients with cancer, for which tumor heterogeneity may be partially blamed (40, 41). To optimize drug selection, we correlated the IC50 of chemical drugs with the GSVA score of “Estrogen response late” in all cancer cell lines from GDSC (Figure 6D; Supplementary Table S4). Patients with a high estrogen response may be more likely to acquire resistance to drugs with a positive correlation with the estrogen response and more sensitive to drugs with a negative correlation with the estrogen response. Among them, the IC50 of TL-1-85 was the top drug positively correlated with the estrogen response (Figure 6E, Spearman correlation test, r = 0.49, p < 2.2×10-16). The IC50 of afatinib was the top drug negatively correlated with the estrogen response (Figure 6F, Spearman correlation test, r = -0.31, p < 2.2×10-16).




Discussion

Estrogen has been proven to be involved in cancer progression by modulating proliferation, apoptosis, epithelial-to-mesenchymal transition (EMT), angiogenesis, tumor metabolism and the immunosuppressive microenvironment (42–47). Therapeutics targeting selective estrogen receptor or estrogen signaling have been developed and have achieved satisfactory clinical outcomes, especially in breast cancer (48, 49). While it has long been established that CCA could be regulated by estrogen, current knowledge about the mechanism of estrogen signaling regulating CCA progression is still in its infancy. Let alone exploration for potential therapeutic targets specific to the heterogeneity of estrogen response.

We were the first to characterize the clinical and transcriptomic landscape of the estrogen response in CCA. In our study, it was shown that the estrogen response differs among different cancer types and that the estrogen response predicted the worst prognosis in patients with CCA. WGCNA was conducted to identify the ESRGs, based on which patients with CCA were clustered into ES cluster A and B. The clinical features, biological characteristics and estrogen metabolism were significantly different between the two clusters. Single-cell level analysis indicated that the estrogen response was strongest in CCA cells and possibly correlated with cancer stemness acquisition. The immune landscape in CCA was constructed, and it was shown that the estrogen response was positively correlated with the infiltration of plasma cells and negatively correlated with that of macrophages. The activation of complement was significantly downregulated in ES cluster B, and the decrease in C3, C5 and C1S in CCA cells may be a potential cause. We also established an ESRS prognostic model based on the expression of estrogen response-related genes and integrated the ESRS with clinical features to construct a nomogram. Finally, we constructed a pharmacological landscape specific to the estrogen response in patients with CCA, taking advantage of CMap and the GDSC database.

In the GSE89749 cohort, ES cluster B with an intense estrogen response was mainly composed of patients with fluke infection. Estrogen is well known for its anti-inflammatory effect (26, 50). Meanwhile, the main risk factors to date are fluke infection and primary sclerosing cholangitis, both of which could give rise to a chronic inflammatory environment (2). In addition, the liver is the primary site for estrogen metabolism (30, 51), and substantial evidence has indicated that chronic liver inflammation is accompanied by elevated estrogen levels and endocrine disturbance, potentially on account of the impaired function of liver cells to inactivate estrogen (25, 52, 53). Therefore, we hypothesized that chronic inflammation and elevated estrogen response accompany each other and are involved in the tumorigenesis and progression of CCA. The ES clusters also overlapped with the classification of the International Cancer Genome Consortium (10). ES cluster A was mainly composed of CCA cluster 3/4 characterized by high copy number alterations and expression of PD-1/PD-L2 or epigenetic changes (IDH1/2, BAP1) along with FGFR/PRKA-related gene rearrangements. ES cluster B was composed of CCA cluster 1/2, characterized by ERBB2 amplifications and TP53 mutations. Therefore, ES clusters may provide a reference in the development and selection of specific chemotherapeutic targets in CCA, such as therapies targeting ERBB2/HER2 signaling (54), IDH inhibitors (ClinicalTrials.gov identifier: NCT02073994) and RGFR-targeting agents (55).

The differential estrogen response could be derived either from the different expression of estrogen receptors or the disturbance in estrogen metabolism. For example, genetic variations in COMT may influence the risk of breast cancer as a result of significant changes in catechol estrogen and methoxyestrogen levels (56). Studies have shown that five cytochrome P450 1B1 (CYP1B1) variants, which could change the hydroxylation activity of estrogen, have greater than twofold higher activity than the wild-type enzyme, thereby increasing the risk for cancers (57). The expression of HSD17B2, which catalyzes estradiol (E2) to E1 in human CRC tissue, was also proven to be downregulated in colon cancers and predicts poor prognosis, suggesting an important role of estrogen metabolism in CRC progression (58). In our study, we found that COMT, which is responsible for the inactivation of estrogen, was negatively correlated with the estrogen response and HSD17B1, which catalyzes E1 to more active E2, was positively correlated with the estrogen response. Meanwhile, COMT correlates with good prognosis, and HSD17B1 predicts poor prognosis. These findings strongly suggest the important role of these two genes in estrogen metabolism in CCA and provide potential targets for CCA treatment. In addition, we also found that the estrogen response was correlated with cancer cell differentiation and cancer stemness, marked by KRT19, in CCA, which deserves further investigation.

Complement plays a key role in the innate immune system and defense against pathogens and is also a neglected component of the TME derived from tumor cells, infiltrated cells or the circulation (37). The role of the complement system in cancer progression is crucial and complex. For example, C1q can also exert antitumoural effects by induction of apoptosis in breast or prostate cancer cell lines (59, 60). While C5a exerts immunosuppression effect by recruiting MDSCs to the TME, which in turn suppress effector T cells (61). In our study, we found that downregulation of complement activation was a representative feature of ES cluster B. Further investigation indicated that most of the complement components were decreased in ES cluster B, including C1QA, C1S, C4A, C3, CFB, CFP, C5, C6, C7 and C8B. Single-cell level analysis revealed that the expression of C3 and C5 was highest in ANXA4+ CCA cells and hardly expressed in KRT19+ CCA cells, both of which were correlated with good prognosis in patients with CCA. Interestingly, the downregulation of complement activation in CCA tumor tissues compared with CCA non-tumor tissues was even more significant. Our findings suggested that complement activation may play a protective role in patients with CCA, and the downregulation of complement activation may be attributed to an upregulated estrogen response, which needs further investigation. Many agents targeting complement are in the pipeline for various diseases, including cancer therapy (62–64). For example, IgG hexamerization was designed to promote C1q binding and complement activation and enhance the anticancer effect (65). Our findings of complement in CCA may provide insights into the exploration of relevant chemotherapeutic agents.

Several prognostic models have been established in CCA based on signatures of mRNA, DNA methylation or alternative splicing (66–68). These prognostic models could help predict overall or disease-free survival and are beneficial to the individual management of CCA patients. In our study, we constructed an ESRS model based on the expression of estrogen response-related genes, which performed well in predicting the prognosis of patients with CCA and performed well in both the training and testing cohorts. PPI networks concerning “keratinization” and “drug metabolism cytochrome P450” were constructed to find potential gene targets for the ESRS_high group. Then, the CMap database was employed to identify potential chemotherapeutic agents for the ESRS_high group. Among them, SB-202190, a p38 MAPK inhibitor, ranked at the top of recommended drugs, and p38 MAPK signaling has been reported to be a downstream signal of estrogen (69). In addition, 7 HDAC inhibitors were on the recommended list. It was reported that the addition of the HDAC inhibitor vorinostat (VPA), which is also in the recommended list, to ER-positive breast cancer cells could significantly increase the efficacy of tamoxifen treatment (70). Thus, we supposed that the drug list for the ESRS_high group was trustworthy. Furthermore, we also scanned all the chemotherapy drugs to make a list of drugs sensitive or resistant to CCA with a high estrogen response employing the data from the GDSC database.

Despite comprehensive characterization of the estrogen response, the preliminary research basis is insufficient. We obtained thrilling results, while the explanation for the findings was mainly based on speculation. Further clinical trials and experiments are needed to illuminate our findings. In addition, the size of the samples with available clinical information was limited, and the source of the datasets was diverse, which may cause bias of the results. Finally, further multiomics analyses, such as copy number variation, DNA methylation, and gene mutation, may promote an in-depth understanding of the role of estrogen in CCA progression and broaden the range of potential molecular targets.

In summary, our study characterized the landscape of the estrogen response in the clinical features, transcriptome and TIME of CCA. Estrogen response-based classification and risk models were established to predict prognosis and optimize individual management for patients with CCA. In addition, our results also provide applicable drugs and potential therapeutic targets in estrogen metabolism, the complement system and ESRS-related pathways for CCA.
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Purpose

Necroptosis is a mode of programmed cell death that overcomes apoptotic resistance. We aimed to construct a steady necroptosis-related signature and identify subtypes for prognostic and immunotherapy sensitivity prediction.



Methods

Necroptosis-related prognostic lncRNAs were selected by co-expression analysis, and were used to construct a linear stepwise regression model via univariate and multivariate Cox regression, along with least absolute shrinkage and selection operator (LASSO). Quantitative reverse transcription polymerase chain reaction (RT-PCR) was used to measure the gene expression levels of lncRNAs included in the model. Based on the riskScore calculated, we separated patients into high- and low-risk groups. Afterwards, we performed CIBERSORT and the single-sample gene set enrichment analysis (ssGSEA) method to explore immune infiltration status. Furthermore, we investigated the relationships between the signature and immune landscape, genomic integrity, clinical characteristics, drug sensitivity, and immunotherapy efficacy.



Results

We constructed a robust necroptosis-related 22-lncRNA model, serving as an independent prognostic factor for breast cancer (BRCA). The low-risk group seemed to be the immune-activated type. Meanwhile, it showed that the higher the tumor mutation burden (TMB), the higher the riskScore. PD-L1-CTLA4 combined immunotherapy seemed to be a promising treatment strategy. Lastly, patients were assigned to 4 clusters to better discern the heterogeneity among patients.



Conclusions

The necroptosis-related lncRNA signature and molecular clusters indicated superior predictive performance in prognosis and the immune microenvironment, which may also provide guidance to drug regimens for immunotherapy and provide novel insights into precision medicine.





Keywords: breast cancer, necroptosis, immune infiltration, immunotherapy, long non-coding RNAs



Introduction

Among the causes of global cancer incidence, breast cancer (BRCA) ranked the first in 2020 and was the fifth leading cause of cancer-related mortalities worldwide. According to the data reported, approximately 2.3 million new cases of BRCA were recorded in 2020 (1, 2). As a highly complex and heterogeneous disease with different molecular profiles, the decision-making of BRCA diagnostic and treatment were difficult, as well as the prediction of the clinical responses to therapeutic agents and prognoses (3). Thus, new effective targeted-therapeutic precision strategies are necessary.

The dynamic change in tumor microenvironment (TME) heterogeneity is considered to be the most important aspect of tumor heterogeneity, which depends on the tumor cells themselves in the microenvironment where the infiltrating immune cells and matrix together form an antitumor and/or pro-tumor network (4). The TME, a complex ecosystem composed of stromal cells, cancer cells, fibroblasts, chemokines, and immune cells (5), serves as a site of tumor cell growth and metastasis for promoting tumor immune escape, tumor growth, and metastasis (6–8), further influencing prognosis and prediction of response to specific treatments (9).

Necroptosis, seen as a novel form of programmed necrotic cell death, plays an important part in overcoming apoptosis resistance, triggering and amplifying antitumor immunity in cancer therapy (10, 11), similar to apoptosis in mechanism and necrosis in morphology (12).

LncRNAs are involved in regulating gene expression and transcription and post-transcription processes through chromatin modification (13) and then play an important role in dysregulation of gene expression and signaling pathways that are closely related to tumorigenesis, progression, and distant metastasis (14). According to recent research results, by participating in immune gene expression (TIM) and regulating inflammation, lncRNAs could influence the malignant phenotype of cancer by changing the tumor immune microenvironment (15–17).

Nevertheless, the prognostic value of necroptosis-related lncRNAs in BRCA has not been systematically demonstrated yet, and we still lack direct evidence about the predictive power of necroptosis-related genes (NRGs) in the prognosis and immunotherapy of BRCA. In this study, we identified a novel 22-prognostic-NRlncRNA signature and four NRLClusters to characterize the molecular features of BRCA using The Cancer Genome Atlas (TCGA) database. Subsequently, we further validated that the signature could serve as a robust independent predictor of prognosis and immuno-sensitivity response.



Methods


Data Acquisition and Processing

Primary expression data, corresponding clinical characteristics, and mutation data for 1,078 BRCA samples were extracted from the TCGA database. A total of 1,078 patients were assigned to train and test cohorts randomly with the ratio of 1:1 using the “createDataPartition” function in the “caret” package. Copy number variation (CNV) data were collected from the University of California, Santa Cruz (UCSC) website, and the immunology treatment response data were from The Cancer Immunome Atlas (TCIA) (18–20). Based on the expression files of 67 genes associated with necroptosis sorted out from the previous literature, 1,520 necroptosis-related lncRNAs were acquired by correlation analysis using the “cor” function in the “limma” R package (21).



Construction and Validation of the Necroptosis-Related LncRNA Signature

Univariate Cox regression analysis was performed to screen out prognostic necroptosis-related lncRNAs in the train cohort using the “coxph” function in the “survival” R package. Then, the least absolute shrinkage and selection operator (LASSO) was used for the dimension reduction and K-fold cross-validation using the “cv.glmnet” function, which was multiplied by ten, and the optimal parameter was the λ value that corresponded to the lowest deviation. Subsequently, the riskScore of each patient was calculated based on each selected gene expression value multiplied by their coefficients, which were derived from the coefficient of multivariate Cox regression in the train cohort. The LASSO regression model was as follows:

	

We divided patients into a high-risk and low-risk group with the median value of riskScore in the train cohort, and applied the value in the test and the entire cohort. The time-dependent receiver operating characteristic (ROC) curve using the “timeROC” R package and Kaplan–Meier (K-M) survival curves using the “survival” package were used to assess the signature’s predictive accuracy in the train, test, and entire cohort. Based on the value of riskScore, the K-M method was used to plot survival curves with log-rank p-value < 0.05 considered statistically significant. Moreover, we paid attention to the association between clinicopathological parameters and riskScore.



Cell Culture

We purchased the normal breast epithelial cell line MCF-10A, and the epithelial BRCA cell lines MCF-7, T47D, MDA-MB-231, MDA-MB-468, and BT-549 from the American Type and Culture Collection (ATCC; Manassas, VA, USA). MDA-MB-231 and BT-549 cells were cultured in Dulbecco’s Modified Eagle’s Medium (DMEM) (ATCC; Manassas, VA, USA) supplemented with 10% fetal bovine serum (HyClone; Logan, UT, USA) and 1% antibiotic (100 IU/ml of penicillin and 100 µg/ml of streptomycin; HyClone; Logan, UT, USA). MCF-10A cells were cultured in DMEM/F12 medium supplemented with 20 ng/μl EGF, insulin, hydrocortisone, NEAA, 5% HS, and 1% P/S Solution (Procell; Wuhan, China). MCF-7 and MDA-MB-468 were cultured in Minimum Essential Medium (MEM) (Gibco BRL, USA) supplemented with 10% fetal bovine serum (HyClone; Logan, UT, USA) and 1% antibiotic (100 IU/ml of penicillin and 100 µg/ml of streptomycin; HyClone; Logan, UT, USA). T-47D cells were cultured in RPMI 1640 (HyClone, Logan, UT, USA) with 10% fetal bovine serum (HyClone; Logan, UT, USA). All the cell lines were incubated at 37°C, with a humidified atmosphere of 5% CO2.



RNA Isolation and Real-Time PCR of LncRNAs in the Signature

Total RNAs were isolated from cells using the Trizol reagent (Invitrogen). The PrimeScript™ RT reagent Kit (Takara, Japan) was employed to perform reverse transcription to synthesize cDNA following the manufacturer’s protocol. Then, SYBR Green PCRMaster Mix (Applied TaKaRa, Otsu, Shiga, Japan) was used to conduct real-time PCR on Applied Biosystems 7500 Fast Real-Time RCR System (Applied Biosystems, Foster City, CA, USA). The primers of NRlncRNAs for qRT-PCR used in this research are shown as follows, which could also be seen in Table 1.


Table 1 | The primers of NRlncRNAs for qRT-PCR used in this research.





Construction and Validation of a Prognostic Nomogram

To improve the accuracy of predicting the prognosis of BRCA patients, we further built a prognostic nomogram based on the NRL signature and other clinicopathologic features FOR forecast the 1-, 2-, and 3-year OS using the “rms” R package (22, 23), with corresponding calibration plots reflecting the predictive accuracy of the nomogram via the “calibrate” function (24).



Prediction of Chemotherapy and Target Agent Response

Via the “pRRophetic” package, we calculated the half-maximum inhibitory concentration (IC50) to evaluate the difference in drug response between different groups in the Genomics of Drug Sensitivity in Cancer (GDSC) database (25, 26) using Ridge’s regression, along with 10-fold cross-validation for the purpose of improving the accuracy of the prediction (27, 28).



Assessment of Immune Cell Infiltration, Immune Checkpoint, and Immunotherapy

We calculated immune cell infiltration in each sample using the single-sample gene set enrichment analysis (ssGSEA) algorithm and found out the significantly differential pathways between the two groups with gene set variation analysis, using the “GSEABase” and “GSVA” packages. Furthermore, we further performed CIBERSORT algorithm, which used expression data to assess the stromal and immune cells using the “e1071”, “parallel”, and “preprocessCore” packages, and Spearman rank correlation analysis for analyzing the correlation between the riskScore and the relative expression level of the 22 tumor-infiltrating leukocytes using the “limma” package. We also probed into the expression levels of known immune checkpoint genes in high- and low-risk groups. Furthermore, we discussed the relationship between the NRLscore and clinical PD-L1 and CTLA-4 subtypes in the TCIA database using Student’s t-test.



Tumor Mutation Burden Analyses

Using mutation data of BRCA patients, the waterfall plot was generated with Maftools R-package to compare the differences in gene mutation frequency between high- and low-risk BRCA patients. We analyzed the correlation between TMB and riskScore using Student’s t-test and Spearman rank correlation analysis.



Profiles of Necroptosis-Related LncRNAs Identified Four Distinct Molecular Phenotypes of BRCA

By using hierarchical agglomerative clustering on the basis of Euclidean distance and Ward’s linkage (29), BRCAs with qualitatively varying necroptosis-related lncRNA expressions were clustered. The K-means method was applied to classify patients for further study using the “ConsensusClusterPlus” package (30).



Statistical Analysis

All statistical data analyses were performed in GraphPad Prism (version 7) and R software (version 4.1.1). Wilcoxon test (for comparison between two groups) and Kruskal–Wallis test (for comparison among more than two groups) were applied to discuss the statistically significant differences. Log-rank test was used to determine the differences in overall survival between different risk groups and molecular clusters. The correlations between the two were evaluated via Spearman’s correlation analysis. p < 0.05 was considered to be the threshold for statistical significance, and all the p-values mentioned in the paper were two-tailed.




Results


Genetic Variation Landscape of Necroptosis-Related Genes in BRCA

According to the previous literature, we confirmed 67 NRGs (22). Genomic mutations were common in these genes, with genetic changes occurring in 145 (14.75%) of 983 patients, in which ATRX (2%) had the most genetic alteration, and a mutation frequency of 1% was observed in CASP8, GATA3, BACH2, EGFR, STAT3, TLR3, DNMT1, BRAF, RIPK1, TSC1, AXL, HSPA4, FLT3, ALK, RNF31, and IDH1 (Figure 1A). The location of the 67 NRGs in human chromosomes can be seen in Figure 1B. Meanwhile, we found that most genetic variations had CNV amplification (Figure 1C). In order to discover the interaction of the 67 NRGs directly, we constructed a network to show the connection between each other (Figure 1D). The differential analysis in normal breast tissue and tumor tissue revealed that, except for RIPK1, RIPK3, TNF, MAP3K7, and STAT3, all the other genes showed significantly differential expression in BRCA (Figure 1E). PLK1, CDKN2A, TERT, LEF1, MYCN, GATA3, ZBP1, TRIM11, IDH2, FLT3, TRAF2, and FADD were seen as upregulated genes in BRCA, with the value of log FC of TERT being the highest (log FC = 2.627). ALK, ID1, BACH2, EGFR, and KLF9 were seen as downregulated genes in BRCA, with the value of log FC of KLF9 being the highest (log FC = −1.601) (Figure 1F). The alteration and genetic variation of NRGs acted as an important part in regulating the happening, aggravation, and prognosis of BRCA.




Figure 1 | Profile of the 67 necroptosis-related genes in BRCA. (A) In all, 145 of 983 (14.75%) BC patients experienced 67 necroptosis-related gene alterations. (B) The location of the 67 necroptosis-related genes in chromosomes. Blue points represented that the gene mainly had CNV deletion, red points represented that the gene mainly had CNV amplification. (C) CNV mutation frequency of the 67 necroptosis-related genes. This column represents the frequency of change. Deletion frequency is represented by green dots, while amplification frequency is represented by pink dots. (D) Expression interaction of the 67 necroptosis-related genes in BRCA. The lines connecting the necroptosis-related genes show how they are correlated with each other, with positive associations in red and negative associations in green. (E) Expression of the necroptosis-related genes in normal tissues and BRCA tissues. Genes with red color represented the differentially expressed genes. (F). The value of logFC of the genes. *P<0.05; **P<0.01; ***P<0.001.





Identification of Prognostic Necroptosis-Related LncRNAs

The clinical data and transcriptome data were retrieved from the TCGA database, including 1,096 BRCA specimens and 112 normal specimens. We performed Spearman correlation analysis between the lncRNAs and NRGs, and 1,520 necroptosis-related lncRNAs (NRlncRNAs) were sorted out with the filter criteria of correlation coefficients >0.4 and p < 0.001 (21, 22, 31, 32) (Table S1 and Figure 2A). Forty-six prognostic NRlncRNAs in BRCA were extracted by univariate analysis, of which the significant filtering condition was p < 0.05 (Table S2 and Figures 2B, C).




Figure 2 | (A) The network between necroptosis-related genes and lncRNAs (correlation coeffcients >0.4 and p < 0.001). (B) The prognostic necroptosis-related lncRNAs extracted by univariate Cox regression analysis. (C). The heatmap that showed the expression profiles of 46 prognostic lncRNAs, which showed significant difference between normal and cancer tissues. (D) The 10-fold cross-validation for variable selection in the LASSO model. (E) The LASSO coeffcient profile of 22 necroptosis-related lncRNAs. (F) Correlation analysis between risk groups and clinical features. (G) Expression of the 22 NRlncRNAs in the model between normal tissues and BRCA tissues. (H) The value of logFC of the 22 NRlncRNAs. (I–L) qRT-PCR results showing the expression of lncRNAs in the normal breast and five breast cancer cell lines. *P<0.05; **P<0.01; ***P<0.001.





Establishment and Validation of Prognostic Signature for NRlncRNAs in BRCA

LASSO‐penalized Cox regression was used to establish the following equation based on the expression of 22 NRlncRNAs in the train cohort (Figures 2D, E):

	

Compared with the normal breast tissue, the expression levels of LMNTD2-AS1, AC007608.3, and LINC02446 were significantly higher in the BRCA group, while the expression levels of LINC00377, AL450322.1, MEF2C-AS1, and AC079298.3 were lower with the filter criteria of p < 0.05 and |log FC| > 1 (Figures 2F–H). qRT-PCR analyses verified the results of bioinformatics analysis, revealing that expression levels of LncRNA LINC00377 MEF2C-AS1 were significantly downregulated in BRCA cell lines compared with the normal breast cell line (p < 0.05, Figures 2I–L).

Combining the coefficients and expression of the above NRlncRNAs, we computed the riskScore for each BRCA patient. The entire cohort included 1,078 samples, which were randomly divided into a train cohort (540 samples) (Table S3, Sheet train) and a test cohort (538 samples) (Table S3, Sheet test) according to the ratio of 1:1. Based on the value of the median riskScore in the train cohort, we divided patients into high- and low-risk groups in the train and test cohort, respectively. A total of 270 patients were categorized into the high-risk group, and 270 patients were categorized into the low-risk group in the train cohort while 258 patients were categorized into the high-risk group and 280 patients were categorized into the low-risk group in the test cohort (Figures 3A, G, M).




Figure 3 | (A, G, M) Risk curve; scatter plot of vital status by risk score; heatmap of the 22 lncRNAs’ expression in the train, test, and entire cohort. (B, H, N) Principal component analysis (PCA) of BRCAs based on the riskScore in the train, test, and entire cohort. (C, D, I, J, O, P) Univariate and multivariate Cox regression analyses in the train, test, and entire cohort. (E, K, Q) Kaplan–Meier curves of the high- and low-risk patients in the train, test, and entire cohort. (F, L, R) Time-dependent ROC curves for predicting 1-, 2-, and 3-year OS in the train, test, and entire cohort.



We performed principal component analyses (PCAs), and the result indicated good discriminative performance of the NRlncRNA model in the train, test, and entire cohort (Figures 3B, H, N). The K-M survival curve displayed that compared with the high-risk group, the OS of patients in the low-risk group was significantly longerp < 0.001 in three cohorts) (Figures 3E, K, Q). The area under curve (AUC) values for the 1-year (0.812), 2-year (0.801), and 3-year (0.776) survival rates in the train cohort, 1-year (0.720), 2-year (0.696), and 3-year (0.682) survival rates in the test cohort, and 1-year (0.765), 2-year (0.745), and 3-year (0.732) survival rates in the entire cohort showed favorable specificity and sensitivity of the signature in predicting OS (Figures 3F, L, R). Lastly, we performed univariate and multivariate Cox regression analyses internally and externally, implying that age and riskScore, which served as high-risk factors, were significantly correlated with OS (p < 0.05, HR > 1) (Figures 3C, D, I, J, O, P). These results revealed that the NRlncRNA signature could efficiently and independently identify the risk of BRCA prognosis.



Stratified Prognostic Analysis and Association of NRlncRNA Signature With Clinical Logical Features

To further demonstrate the predictive power of the prognostic model, we performed the K-M analysis by log-rank test for the purpose of assessing the prediction capacity of multiple clinical characteristics on BRCA patients after stratifying the patients into subgroups of age (≥55 and <55), AJCC stage (I + II and III + IV), T stage (T1-2 and T3-4), N stage (N0-1 and N2-3), and M stage (M0 and M1). The results revealed that the NRlncRNA signature had good prognostic ability in each clinical subgroup (Figures 4A–J).




Figure 4 | (A–J) Kaplan–Meier survival analysis for BRCA patients with diverse clinical characteristics of (A, B) age, (C, D) T-Stage, (E, F) N-stage, (G, H) M-stage, and (I, J) AJCC stage. (K–P) Correlation between signature and clinical characteristics. (Q) The nomogram plot integrating NRlncRNA riskScore, age, T-, N-, and M-classification. (R–T) The calibration plot for the probability of 1-, 2-, and 3-year OS. NA, P>0.05.



We also focused our attention to the association of NRlncRNA signature with age, T stage, M stage, N stage, and AJCC stage in BRCA patients. The riskScore was significantly higher in the T4, M1, and stage IV groups compared with the other corresponding groups (Figures 4K–O). However, we also observed that HER-2-positive BRCA indicated a higher riskScore, while Luminal BRCA indicated a lower riskScore (Figure 4P).



Development of the Nomogram for Prognostic Prediction

To further enhance the prognostic prediction power, we developed a nomogram that integrated age, TNM stage, and riskScore (Figure 4P). Then, we built calibration curves, of which the y- and x-axis represent the actual and predicted survival rate from the nomogram to assess the predictive accuracy and clinical practicability of this nomogram. The calibration plot for OS probability at 1, 2, and 3 years suggested satisfactory consistency between the actual and predicted survival probabilities (Figures 4Q–T).



Prediction of Chemotherapy or Target Agent Response

The IC50 values of several chemotherapeutic agents were used to evaluate chemotherapeutic response to BRCA patients. We observed that low-risk patients had dramatically reduced IC50 values of bleomycin, bortezomib, cisplatin, dasatinib, doxorubicin, gefitinib, and paclitaxel compared to those with high risk, suggesting that low risk was indicative of increased sensitivity to the above drugs (Figures 5A–H). Therefore, the NRlncRNA signature could act as a potential chemotherapy predictor.




Figure 5 | Correlation between NRlncRNA signature and drug sensitivity. Box plots for the estimated IC50 of drugs between high- and low-risk BRCA patients. Bleomycin (A), Bortezomib (B), Cisplatin (C), Dasatinib (D), Doxorubicin (E), Gefitinib (F), Lapatinib (G), Paclitaxel (H).





Mutation Analysis and Tumor Mutation Burden Calculation

We observed a broader TMB in the high-risk group with 365 (76.2%) of 479 patients compared to the low-risk group. PIK3CA, TP53, and TTN had the most genetic alteration, of which mutation frequency was all over 10%. The results revealed a potential interaction between individual somatic mutations and riskScore (Figures 6A, B). The K-M curves showed a significantly better OS in the low-TMB group compared with the high-TMB group (Figure 6C). Moreover, we noticed that the tumor mutation load (TMB) was closely related to the riskScore with R = 0.18, p < 4e-08 (Figure 6F); the higher the riskScore, the higher the TMB (Figure 6E). Then, the two factors were taken into account together; the patients with a low riskScore and low TMB had the best prognosis; meanwhile, the patients with a high riskScore and high TMB had the worst prognosis (Figure 6D).




Figure 6 | (A, B). Tumor somatic mutation waterfall chart established from patients with high and low riskScores: (A) High-riskScore group and (B) low-riskScore group. (C) Kaplan–Meier survival analyses of TMB in BRCA patients on overall survival. (D) Kaplan–Meier survival analyses of TMB and riskScore on overall survival. (E) The relationship between TMB and riskScore groups. (F) Correlation analysis of the riskScore and tumor mutation load.





Gene Set Enrichment Analysis and Gene Set Variation Analysis Between the High- and Low-Risk Groups

After GSEA was performed, we observed that several pathways with enrichment in the high-risk group were related to immunity with the filter criteria of FDR q-value<0.05 (Table S4), including “ECM_RECEPTOR_INTERACTION”, “FOCAL_ADHESION”, and “GAP_JUNCTION” (Figure 7A). Based on the calculated enrichment score of each sample, we identified enriched-pathway variation between the low-risk and high-risk group using the GSVA method (FDR < 0.05). We observed that from the low-risk to the high-risk group, the enrichment score was obviously increased in “HALLMARK_PROTEIN_SECRETION”, “MTORC1_SIGNALING”, “MYC_TARGETS_V1”, “OXIDATIVE_PHOSPHORYLATION”, “UNFOLDED_PROTEIN_RESPONSE”,”G2M_CHECKPOINT”, and “E2F_TARGETS”. The above results indicating the NRlncRNAs may affect immune-related mechanisms (Figure 7B).




Figure 7 | (A) Different pathways between the high-risk and low-risk groups. (B) Enrichment analyses of biological functions and pathways in the high- and low-risk group. (C) Single-sample gene set enrichment analysis of immune status between low- and high-risk subgroups. (D–M) Correlation between the distribution of tumor immune cells and value of NRlncRNA riskScore. (N, O) Comparisons of the expression levels of immune checkpoints between two groups. (P) The immune cell bubble of risk groups. (Q–S). Treatment effects of CTLA-4 or PD-1 and combined CTLA-4 and PD-1 were evaluated in patients with high and low riskScores. (Q) CTLA-4 treatment group, (R) PD-1 treatment group, and (S) CTLA-4 and PD-1 combined treatment group. *P<0.05; **P<0.01; ***P<0.001. ns, P>0.05.





Potential Application of Necroptosis LncRNA Signature for Predicting Tumor Immune Microenvironment and Immunotherapy Responses

Subsequently, we used the “CIBERSORT” algorithm to investigate the correlation between riskScore and tumor-infiltrating immune cell (TIC) infiltration (Table S5). The relative proportion of immune cells in the BRCA samples by the “CIBERSORT” algorithm can be seen in Figure S1. The scatter plots showed the association between riskScore and the proportion of related TIC species (p < 0.05) in BRCA samples. We observed that the value of riskScore was positively correlated with the infiltrating levels of M2 macrophages and M0 macrophages, while the value of riskScore was negatively associated with the infiltrating levels of naive B cell, resting dendritic cells, activated NK cells, plasma cells, CD4+ T cells, CD8+ T cells, CD4+ memory T cells, follicular helper CD4 T cells, and regulatory T cells (Figures 7D–M).

We furthermore aimed to explore the relationship between the risk groups and immune cell infiltration by calculating the number of immune cells in BRCA using ssGSEA (Table S6 and Figure 7C). The results demonstrated that the contents of CD56+ NK cells, γδ-T cells, immature dendritic cells, neutrophils, and type 17 T-helper cells did not show a significant difference among the 28 types of immune cells between two groups. The other 22 types of immune cells were decreased in the high-risk group (Figure 7C). Thus, it was concluded that low risk is a type of immune activation, while high risk is a type of immune failure. The above results were validated based on XCELL, CIBERSORT-ABS, TIMER, QUANTISEQ, MCPCOUNTER, EPIC, and CIBERSORT-ABS algorithms (Figure 7P). According to the conclusion, we speculated that the riskScore may be significantly correlated with regulating immunity and then affecting the prognosis of BRCA patients.

Synthesizing the results of ssGSEA and CIBERSORT, we came to a conclusion: the riskScore was negatively correlated with the infiltrating levels of naive B cells, resting dendritic cells, activated NK cells, plasma cells, CD4+ memory T cells, CD8+ T cells, follicular helper T cells, and regulatory T cells, indicating that the riskScore may affect tumor-infiltrating immune cell (TIC) infiltration.



Immune Checkpoint and Immunotherapy

Immune checkpoint inhibitors (ICIs) were a rising and valid treatment strategy targeting numerous species of cancers; filtrating patients sensitive to ICIs will be beneficial to precise and effective medicine. As previous results showed that riskScore was a dependable prognostic factor, and was associated with TMB and tumor infiltration, we then aimed to verify the ability of riskScores in predicting immunotherapeutic benefits. We observed that a lower riskScore indicated a higher expression level of the other immune checkpoints except for TNFSF4 (Figures 7N, O).

In TCIA, the IPS (immunophenoscore), which was based on immunogenicity, could achieve a high accuracy on predicting the immunotherapy response of patients. Therefore, we analyzed the relationship of IPS between high- and low-riskScore groups. We perceived that in the CTLA-4 and PD-1 groups, patients in the low-riskScore group both showed better treatment effects (CTLA-4: 5.9e−09; PD-1: 1.4e-14) (Figures 7Q, R). In the CTLA-4 and PD-1 combined treatment group, patients in the high-m6A score group still indicated better treatment effects (p = 3.6e−14) (Figure 7S), which meant that patients accepting the treatment of both PD-L1 and CTLA4 showed superior reactivity of immune response. The result provided us advice in clinical practice on whether to use and what to use for immunotherapy. Overall, the riskScore established by us had great potential in predicting prognosis and immunotherapeutic benefits, which may provide sally ports for us to provide individualized and precise treatment.



Identification of Necroptosis-Related Molecular Phenotypes

Based on the expression profiles of the 22 NRlncRNAs in the signature, we performed consensus clustering. k = 4 was identified with optimal clustering stability from k = 2 to 9, which showed the greatest correlation within the group and a low correlation among groups (Figure 8B), suggesting the practicability of dividing the patients into four clusters based on 22 NRlncRNAs. A consensus cumulative distribution function (CDF) diagram showed that when k = 4, CDF reached an approximate maximum (Figure 8C), and classification was robust (Figures 8A, D). The K-M curve revealed that patients in NRLCluster 4 had the best OS, while those in NRLCluster 3 had the worst OS (Figure 8E).




Figure 8 | Consensus clustering of 22 NRlncRNAs identified four clusters of patients. (A) The tracking plot for k = 2 to k = 9. (B) The heatmap for k = 4. (C) Consensus clustering CDF with k = 2 to k = 9. (D) Relative change in area under the CDF curve for k = 2–9. (E) KM curve of the survival difference among clusters 1–4. (F) KM curve of the survival difference between high- and low-risk groups. (G) Correlation between NRLCusters and NRLScore. (H) Sankey diagram showing the co-expression of riskScores, NRLClusters, and NRLScores.





Development of NRLScore to Quantify Individual Necroptosis Pattern

In view of the individual heterogeneity and complexity of BRCA patients, we calculated NRLScore based on the PCA on the 22 NRlncRNAs in the model. We defined NRLScore = PC1+PC2 to quantify the individual necroptosis pattern of BRCA patients and further to facilitate precise treatment. As indicated from the K-M curve, patients with a higher NRLScore had a better OS (Figure 8F). We also observed that NRLScores of patients in ferrCluster 4 were significantly higher than NRLClusters 1, 2, and 3 (Figure 8G). The Sankey diagram shows the attribute changes in riskScore, NRLCluster, NRLScore, and survival status, indicating that the higher the riskScore and the lower the NRLScore, the higher the risk of death (Figure 8H). The above results enriched treatment strategies for BRCA patients not only in targeted therapy and chemotherapy but also in immunotherapy.




Discussion

Immunotherapy is a rapidly evolving concept that has been given the tag “fifth pillar” of cancer therapy (33), which has shown clinical efficacy in a variety of cancers (34), and has become an established form of cancer treatment (35). Historically, BRCA has been considered to be an immunogenic “cold” tumor. However, the appearance of ICIs resulted in immunotherapy becoming an emerging new treatment modality for BRCA (36). BRCA subtypes are both genetically and phenotypically distinct, and response rates to immunotherapy in BRCA vary among the different clinical subtypes of BRCA, which may not be the optimal classification to assess immunotherapy sensitivity (37).

Necroptosis plays an integral part in the induction and amplification of cancer immunity (10). RIPK3 is required to regulate cytokine expression in DCs, which is a key sentinel in regulating immune homeostasis (38). As is reported, necroptosis occurs during the late stage of T-cell proliferation and necroptotic signaling is markedly intensified in T cells absent in FADD, suggesting that FADD may negatively regulate necroptosis mediated by T-cell receptors (39). Furthermore, necroptosis initiates adaptive immune responses by releasing DAMPs into the tissue microenvironment (40). The TME status is the leading cause of the differential responses and outcomes in cancer patients receiving the same treatment, especially for multiple immunotherapies (41, 42). Therefore, explaining the diversity and complexity of TME is an indispensable step to enhance the predictive power and clinical guidance of immunotherapy.

Extensive interest in cancer immunotherapy is reported according to the clinical importance of CTLA-4 and PD-1/PD-L1 [programmed death (PD) and programmed death-ligand (PD-L1)] in immune checkpoint therapies (43). The main immune checkpoints for BRCA include cytotoxic T-lymphocyte-associated protein-4 (CTLA-4), programmed death receptor 1/programmed cell death ligand 1 (PD-1/L1), lymphocyte activation gene 3 (LAG-3), T-cell immunoglobulin domain and mucin 3 (TIM-3), and other molecules (44). Clinical trials like SOLTI-1503 PROMETEO TRIAL (45), KEYNOTE-086 (46), NIMBUS (47), KEYNOTE-173 (48), KEYNOTE-522 (49), and KEYNOTE-355 (50) showed that ICIs have made significant progress in BRCA immunotherapy, which is expected to become a new treatment for BRCA.

In this study, 46 NRlncRNAs were obtained by using the univariate Cox regression analysis. To prevent model overfitting, we performed LASSO regression analysis to identify 22 key NRlncRNAs, and multivariate Cox regression analysis was applied to calculate coefficients and construct the risk model. The K-M curves showed that patients in the low-risk group had longer survival than those in the high-risk group. Afterwards, we established forest plots and ROC plots including age, sex, T-stage, N-stage, M-stage, AJCC stage, and risk scores. By plotting a risk heatmap, a risk curve, an ROC curve, and a survival curve, we drew a conclusion that the risk model indeed had a good predictive effect. Meanwhile, we obtained similar results in the test cohort.  According to the results of GSEA and GSVA, it was concluded that these two groups were associated with immunity. Then, ssGSEA and CIBERSORT algorithms were used to assess the status of the immune cell infiltration of each patient, and we found out that the low-risk group could be described as the immune-activated type, while the high-risk group could be described as the immune failure type. Meanwhile, the riskScore has a positive correlation with TMB; the higher the TMB, the worse the prognosis. The PD-L1 combined CTLA4 immunotherapy seemed suitable for patients who had a lower riskScore. Finally, we identified three necroptosis-related molecular patterns using consensus clustering analysis.

Compared with existing signature makers, Xu et al. provided an RNA binding protein-related lncRNA prognostic signature for prognosis (51), Yan et al. built a signature for CRISPR-Cas9-Based Cancer Dependency Map Genes (52), and Zou et al. identified glycolysis-related lncRNAs (53); the NRlncRNA signature showed higher values of AUCs and performed better prediction of prognosis in stratified risk analysis of survival. However, we also noticed TNBC patients with a lower riskScore, which seemed not so rational. We thought that based on our small sample size (we chose the BRCA patients whose clinicopathological parameters were complete), a certain degree of deviation rather than the NRlncRNAs signature itself might contribute to this strange phenomenon. Nonetheless, there are certain limitations to our study. First, our conclusions were only based on the datasets from TCGA. In other words, only retrospective datasets were used to identify our conclusion. Thus, a large, prospective, and multicenter clinical cohort is needed to confirm and improve the accuracy of the model. Moreover, the range of studies included all subtypes of BRCA. However, anti-PD-1/PD-L1 or anti-CTLA4 was mainly used in triple-negative breast cancer (TNBC) (54–56); thus, we would choose TNBC patients in further studies. Finally, the specific mechanism of necroptosis-related lncRNAs in BRCA and their interconnection with immunity are not yet fully understood; we will verify the expression levels of LINC00377, MEF2C-AS1, LMNTD2-AS1, and LINC02446 in patients in Zhejiang Provincial People’s Hospital rather than only in BRCA cells, and more experimental studies are needed to reveal the detailed molecular mechanisms in BRCA of the NRlncRNAs in the signature.



Conclusions

Our research constructed a novel NRlncRNA signature that is useful for predicting the survival outcome of patients with BRCA to evaluate the TME immune cell infiltration characteristics of a single patient with BRCA. Furthermore, it also showed superior predictive power in clinical response to immunotherapy. In short, our results provide insights to improve personalized cancer immunotherapy and to distinguish the drug response of patients with BRCA well.
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Background: Hepatocellular carcinoma (HCC) is one of the most common malignant tumors in the world with high morbidity and mortality. Identifying specific molecular markers that can predict HCC prognosis is extremely important. MELK has been reported to play key roles in several types of human cancers and predict poor prognosis. This study was aimed to explore the impact of MELK on HCC.
Methods: A pan-cancer analysis of MELK was conducted by The Cancer Genome Atlas (TCGA) and the Genotype-Tissue Expression (GTEx) data. The prognosis of MELK in various cancers was analyzed in GEPIA. Then, a ceRNA network of MELK was constructed based on the comprehensive consideration of the expression analysis, the correlation analysis, and the survival analysis by R software. The correlation of MELK and immune cell infiltration was analyzed by TIMER and ﻿CIBERSORT. Then, the overall survival of differentially expressed immune cells was conducted. The correlation of MELK and immune checkpoints expression was analyzed by GEPIA.
Results: MELK was overexpressed in 14 types of human cancers, and its expression was significantly higher than that in both unmatched and paired normal samples in HCC. Higher MELK expression was correlated with poorer survival and advanced clinical stage, topography (T) stage, and histological grade. The univariate and multivariate Cox regression analyses showed that MELK was an independent risk factor for poor prognosis in HCC. Then, we constructed a ceRNA network consisting of MELK, miR-101-3p, and two lncRNAs (SNHG1 and SNHG6) after evaluating the expression and impact on prognosis in HCC of these RNAs. TIMER and CIBERSORT databases indicated that MELK was correlated with various immune cells including B cells, CD8+ T cells, CD4+ T cells, macrophage, neutrophil, and dendritic cells in HCC. Of them, B cells, CD4+ T cells, macrophage, and neutrophil were related to the prognosis of HCC. In addition, MELK was significantly positively correlated with the immune checkpoint genes.
Conclusions: MELK may be a novel potential biomarker for predicting prognosis and immunotherapy efficacy in patients with HCC. Our study may provide new molecular and therapeutic strategies for the treatment of HCC patients.
Keywords: MELK, ceRNA network, immune cell infiltration, biomarker, immunotherapy, hepatocellular carcinoma
INTRODUCTION
Primary liver cancer is the sixth most commonly diagnosed cancer and the third leading cause of cancer death worldwide in 2020, with approximately 906,000 new cases and 830,000 deaths (Sung et al., 2021). HCC is the main type of primary liver cancer, comprising 75–85% of cases (Llovet et al., 2012). In contrast to the decreasing disease burden and impact of many other major cancers, the overall burden of HCC is increasing worldwide over time (Yang et al., 2019). Due to lack of specific clinical manifestations in the early stage, many HCC patients are diagnosed at advanced stages when they suffer from an aggravated condition and miss the best timing of treatment. Although the diagnostic and therapeutic approaches of HCC have gradually improved, the overall survival of the patients with HCC remains very low. The recurrence is still common and elusive, even for the patients who received successful surgical excision or liver transplantation. Given the lack of early diagnostic methods, it is often difficult to detect the early recurrence and metastasis. Immune checkpoint inhibitors (ICIs) have already shown systemic and durable anti-tumor responses in many types of cancers including HCC (Federico et al., 2020). However, the immune-related adverse events during the ICI therapy can affect any organ system and in some cases can be lethal (Postow et al., 2018). Therefore, early prediction for the HCC progression as well as the immunotherapy efficacy is of great importance to improve the prognosis of HCC patients.
Maternal embryonic leucine zipper kinase (MELK) was a member of the snfl/AMPK kinase family, encoding a serine/threonine kinase that is highly conserved across a variety of mammalian and non-mammalian species. Unlike most members of this family, only functioning in cell survival under metabolically challenging conditions, MELK participates in diverse processes, including cell cycle, cell proliferation, apoptosis, RNA processing, and embryonic development (Davezac et al., 2002; Vulsteke et al., 2004; Jung et al., 2008). Furthermore, MELK is involved in multiple protein interactions that affect many stages of tumorigenesis (Chung et al., 2012). Recent studies indicated that MELK was highly expressed in several human cancers, including breast cancer, prostate cancer, gastric cancer, liver cancer, glioblastoma multiforme, and lung cancer (Gray et al., 2005; Xia et al., 2015). Furthermore, overexpression of MELK has been markedly associated with decreased survival and poor prognosis for some tumors (Gray et al., 2005; Sun et al., 2021). However, a comprehensive study to identify the role and mechanism of MELK in HCC is still absent. Also, the impact of MELK on the tumor immune infiltration in HCC is still not evaluated.
The competitive endogenous RNA (ceRNA) hypothesis was first proposed in 2011 and suggested that the long non-coding RNAs (lncRNAs) could act as ceRNAs to bind to microRNAs (miRNAs) and affect the regulation of miRNAs on target mRNAs, thus regulating the expression of related target genes (Cao et al., 2018). In this study, we performed expression analysis, correlation analysis, and survival analysis for MELK in HCC using TCGA database. Then, a ceRNA network consisting of MELK, lncRNAs, and miRNAs was established. Finally, we explored the association of MELK with the immune cell infiltration, markers of immune cells, and immune checkpoints expression in HCC. In summary, our work suggested that ncRNA-mediated overexpression of ﻿MELK was correlated with poor prognosis, tumor immune infiltration, and immunotherapy efficacy of patients in HCC. Our study may provide new molecular and therapeutic strategies for the treatment and prognosis of HCC patients.
MATERIALS AND METHODS
The Cancer Genome Atlas Data Download and Analysis
The RNA-seq data and clinical data of 33 types of cancer were downloaded from TCGA database (https://portal.gdc.cancer.gov/). The RNA expression data from different patients were integrated separately into files. Duplicated samples were removed from the RNA expression matrix, and the expression data of duplicated genes were averaged. The expression analysis of MELK was performed in pan-cancer using the R package limma, and p < 0.05 was considered statistically significant. Then, the RNA expression data and the clinical characteristics of 421 samples, including 371 tumor samples and 50 adjacent non-tumor samples, were obtained from TCGA-LIHC dataset.
GEPIA Database Analysis
GEPIA (http://gepia.cancer-pku.cn/) is a public data platform containing gene expression data and patient characteristics for the majority of human tumors based on TCGA and GTEx data (Tang et al., 2017). We used this web tool to perform the comparison of the MELK expression between tumor and normal groups. p value < 0.05 and log2FC > 1 were considered statistically significant. GEPIA was also employed to conduct the overall survival (OS) and disease-free survival (DFS) analysis for MELK in various human cancers. In addition, the correlation of MELK and markers of various immune cells in HCC was also evaluated using the GEPIA database. |R| >0.1 and p value < 0.05 were considered statistically significant.
Survival Analysis
The OS time and OS status in the clinical phenotype data from TCGA were used to perform survival analysis. The Cox proportional hazard model was performed to estimate whether the expression of MELK was related to patient prognosis. Hazard ratios (HR) > 1 and p < 0.05 indicated a significant relationship between MELK and increased risk of death. Kaplan–Meier (KM) analysis based on the log-rank test was conducted using R software (version 4.1.1). The plotted curves were visualized using a ggsurvplot R package. A p-value < 0.05 was considered to represent a significant difference in survival.
Constructing the ceRNA Network
A co-expressed regulatory network comprised MELK, miRNA, and lncRNA was constructed to explore the potential functions of MELK in HCC. Based on the hypothesis, the candidate lncRNA and mRNA expression must have the same expression variation trend in HCC, while miRNA and mRNA expression should have the opposite trend. We predicted the miRNA–lncRNA interactions and MELK–miRNA interactions based on starBase 3.0 (http://starbase.sysu.edu.cn/). The differentially expressed miRNAs and lncRNAs between HCC samples and normal liver samples in TCGA-LIHC were identified using the limma package in R with a |log2FC | > 1 and adjusted p-value < 0.05 threshold. To improve the reliability, the Spearman’s correlation analysis was conducted between the expression of MELK–miRNA and miRNA–lncRNA individually. The criteria were set at r < −0.2 and FDR < 0.05. Finally, we established a ceRNA network by matching lncRNA–miRNA and miRNA–MELK pairs.
Then, we conducted OS analysis to assess the prognostic value of miRNA and lncRNA in the constructed ceRNA network. The surv_cutpoint function of the survminer package in R was used to determine the optimal cutoff value of the candidate miRNA and lncRNA. The KM survival curve was plotted to analyze the difference in survival between patients in high- and low-expression groups.
Evaluation of Tumor Immune Cell Infiltration
The TIMER database (https://cistrome.shinyapps.io/timer/) is a web database for comprehensive analysis of tumor-infiltrating immune cells (Uhlen et al., 2017). Correlations between the MELK expression and various immune cell types, including B cells, neutrophils, CD4+ T cells, macrophages, CD8+ T cells, and dendritic cells, were estimated using TIMER. Then, we analyzed the correlation of MELK expression and the immune checkpoints expression in HCC. In addition, we estimated the proportion of 22 kinds of immune cell types in HCC patients by CIBERSORT. The p value and root mean-squared error were calculated for each sample. Samples with p < 0.05 were selected for further analysis. The immune cell abundance in different MELK expression groups was compared using the Wilcoxon rank-sum test. A KM survival curve analysis was performed to evaluate the OS of different immune cells in HCC patients.
Statistical Analysis
Data were processed and analyzed by Perl and R software. The MELK expression in unmatched HCC samples and normal samples and matched HCC samples and adjacent normal samples were analyzed by Wilcoxon rank-sum tests and Wilcoxon signed-rank tests, individually. Comparisons of clinicopathological characteristics were performed via Wilcoxon rank-sum tests for quantitative variables and chi-square or Fisher’s exact tests for categorical variables. Differences among multiple groups were analyzed by the Kruskal–Wallis test. The correlation analysis was conducted by the Spearman’s correlation. Univariate and multivariate Cox regression analyses were performed to find independent variables related to prognosis.
RESULTS
Pan-Cancer Analysis of MELK Expression in The Cancer Genome Atlas Database
To explore the possible roles of MELK in carcinogenesis, we compared its expression between tumor and normal tissues in 33 types of human cancer in TCGA database. As shown in Figure 1A, the MELK has a significant higher expression in 18 human cancers including BLCA, BRCA, CHOL, COAD, ESCA, GBM, HNSC, KICH, KIRC, KIRP, LIHC, LUAD, LUSC, PRAD, READ, STAD, THCA, and UCEC. To further validate the expression of MELK in 18 types of human cancer, the GEPIA database consisting of TCGA data and the GTEx data was employed. As shown in Figure 1B, the MELK expression was significantly increased in BLCA, BRCA, CHOL, COAD, ESCA, GBM, HNSC, KIRC, LIHC, LUAD, LUSC, READ, STAD, and UCEC compared with the normal group.
[image: Figure 1]FIGURE 1 | Pan-cancer analysis of MELK expression in TCGA database. (A) Expression of MELK in diverse cancers compared with the corresponding normal samples in TCGA database. (B) Expression of MELK in 18 types of human cancer based on TCGA and GTEx normal tissues. *p value < 0.05; **p value < 0.01; ***p value < 0.001.
The Impact on Prognosis of MELK in Pan-Cancer
We used different methods to investigate the prognostic effect of MELK in the 14 types of cancer. The Cox analysis showed that higher expression of MELK was significantly correlated with OS of HCC (HR = 1.79, 95%CI: 1.26∼2.53, p = 0.001), LUAD (HR = 1.41, 95%CI: 1.06∼1.89, p = 0.02), and KIRC (HR = 1.43, 95%CI: 1.05∼1.94, p = 0.022). Then, KM analysis based on the log-rank test was accordingly employed indicating that the higher expression of MELK in LIHC, LUAD, and KIRC predicted a poor prognosis (Figure 2). Then, the DFS was further analyzed and higher expression of MELK indicated poor prognosis in HCC (Figure 3), while no statistical significance of MELK for predicting prognosis of patients in other cancer types was observed. Therefore, MELK may be utilized as a prognostic biomarker in patients with HCC based on the OS and DFS results.
[image: Figure 2]FIGURE 2 | Overall survival (OS) analysis of MELK in various human cancers determined by GEPIA database.
[image: Figure 3]FIGURE 3 | Disease-free survival (DFS) analysis of MELK in various human cancers determined by the GEPIA database.
MELK-Related ceRNA Network Construction in Hepatocellular Carcinoma
The ceRNA hypothesis suggests that some RNAs possessing miRNA-binding sites can competitively bind to target miRNAs as molecular sponges and subsequently alter the expression of genes encoding proteins (Salmena et al., 2011). It has been widely acknowledged that lncRNAs are responsible for the regulation of gene expression. To ascertain whether MELK was regulated by some lncRNAs, the miRNAs that could potentially bind to MELK were predicted by starBase, and we finally identified 35 miRNAs (Supplementary Table S1). Based on the principle of negative correlation between miRNA and its regulating target gene expression, the correlation between the 35 screened miRNAs and MELK was analyzed. As shown in the Supplementary Tables S1, S7, miRNAs were negatively correlated with MELK in HCC but only hsa-miR-101-3p met the criteria of r < −0.2 and FDR < 0.05 (Figure 4A). Then, the differential expression of hsa-miR-101-3p between HCC samples and normal samples was confirmed (Figure 4B). Taken together, the hsa-miR-101-3p was identified as the most potential regulatory miRNA of MELK in HCC. Also, the binding site between MELK and miR-101-3p is chr9:36677537-36677542 [+].
[image: Figure 4]FIGURE 4 | Construction of MELK-associated ceRNA networks. (A) Correlation analysis of MELK and hsa-miR-101-3p. (B) Expression of hsa-miR-101-3p was compared between HCC and normal samples. (C) Correlation analysis between MELK and lncRNAs, SNHG1, and SNHG6. D) Differential expression of SNHG1 (E) and SNHG6 (F) in HCC and normal samples. The survival analysis of hsa-miR-101-3p (G), SNHG1 (H), and SNHG6 (I).
Next, we used starBase to further predict the lncRNAs that may bind to the hsa-miR-101-3p, and a total of 25 lncRNAs were forecasted. According to the ceRNA hypothesis, lncRNA could upregulate mRNA expression by competitively binding to shared miRNA. Therefore, there should be negative correlation between lncRNA and miRNA or positive correlation between lncRNA and mRNA. As shown in Supplementary Table S2, correlation analysis proved that there are six lncRNAs significantly negatively correlating with hsa-miR-101-3p, namely, SNHG1(Figure 4C), LINC00265, MIR3142HG, GSEC, SNHG6 (Figure 4D), and SNHG14. Of them, SNHG1 (Figure 4E) and SNHG6 (Figure 4F) were differentially expressed between the HCC samples and the normal samples with a log2FC > 1 and p < 0.05 threshold. The binding site between SNHG1 and miR-101-3p is chr11:62622753-62622772 [-], and the binding site of SNHG6 targeting miR-101-3p is chr8:67834696-67834716 [-]. Then, the correlation of the two lncRNAs and MELK expression was also conducted. As shown in FigureS1A, they both positively correlated with the MELK.
Finally, combining the lncRNA–miRNA pairs and miRNA–mRNA pairs, a lncRNA–miRNA–mRNA network was constructed, including MELK, hsa-miR-101-3p, and two lncRNAs, SNHG1 and SNHG6. The survival analysis of these RNAs grouping by the calculated optimal cutoff was conducted by the KM curve. The results showed that hsa-miR-101-3p (Figure 4G), SNHG1 (Figure 4H), and SNHG6 (Figure 4I) were significantly correlated with OS in HCC. Taking expression analysis and correlation analysis together, SNHG1 and SNHG6 might be the two most potential upstream lncRNAs of the hsa-miR-101-3p/MELK axis in HCC.
Relationship of MELK Expression and Clinicopathological Features of Hepatocellular Carcinoma Patients
The clinicopathological features of HCC patients were obtained from TCGA-LIHC database. Then, we investigated the relationship between the expression of MELK and the clinical features. The expression of MELK in the HCC samples was significantly higher than that in both unmatched (Figure 5A) and paired (Figure 5B) normal samples based on TCGA database. The MELK expression was positively correlated with the AFP level (Figure 5F). The higher level of MELK tended to be correlated with advanced HCC. The Kruskal–Wallis tests revealed that the MELK expression was higher in the advanced clinical stage (Figure 5G), topography (T) stage (Figure 5H), and histological grade (Figure 5I). The univariate and multivariate Cox regression analyses showed that MELK was an independent risk factor for poor prognosis in HCC (Table1). However, the MELK expression was not associated with age, gender, and vascular invasion (Figures 5C–E). The chi-square test was also performed with other clinical information (Supplementary Table S3).
[image: Figure 5]FIGURE 5 | Association of MELK expression and clinicopathological features in HCC. The expression of MELK in HCC was upregulated in both unmatched (A) and paired (B) normal samples in HCC. Relationship of MELK with age, gender, vascular invasion, clinical stage, T stage, and histological grade (C–I).
TABLE 1 | Univariate and multivariate Cox regression analyses of OS/DFS and clinicopathological features in HCC patients.
[image: Table 1]Characteristics of MELK Immune Cell Infiltration
Immune cells in the tumor microenvironment (TME) largely influence the biological behavior of the tumor (Xiong et al., 2018). Previous studies have confirmed that tumor infiltration is associated with the recurrence of HCC (Shi et al., 2011; Gabrielson et al., 2016). Therefore, the correlation of the MELK expression with immune cell infiltration was evaluated using TIMER. As presented in Figure 6A, the MELK expression was significantly positively correlated with all analyzed immune cells, including B cells, CD8+ T cells, CD4+ T cells, macrophage, neutrophil, and dendritic cell, in HCC. However, the immune cell infiltration level did not alter by various copy numbers of MELK in HCC (Figure 6B). The KM analysis showed that the higher B cells and CD8+ T cells were correlated to a better prognosis, while the higher macrophage and neutrophil indicated poor prognosis in HCC (Figures 7A–F). Then, we determined the correlation of MELK and the markers of immune cells using the GEPIA database. The MELK expression was significantly positively correlated with the markers of B cells, M1 macrophage, M2 macrophage, natural killer cell, neutrophil, dendritic cell, and T cells including Treg, Th1, Th2, Tfh, and CD8+ T cell (Table2).
[image: Figure 6]FIGURE 6 | . Relationship of immune cell infiltration with the MELK level in HCC. (A) Correlation of the MELK expression level with B cell, CD8+ T cell, CD4+ T cell, macrophage, neutrophil, and dendritic cell in HCC. (B) Infiltration level of various immune cells under different copy numbers of MELK in HCC. (C) 22 immune cell subtypes in the high- and low-MELK expression groups in HCC by CIBERSORT. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001. ns, not significant.
[image: Figure 7]FIGURE 7 | Prognostic value of immune cell infiltration in HCC. B cell (A), CD8+ T cell (B), CD4+ T cell (C), macrophage (D), neutrophil, (E) and dendritic cell (F).
TABLE 2 | Correlation analysis between MELK and biomarkers of immune cells in HCC by the GEPIA database.
[image: Table 2]In addition, 22 types of immune-infiltrating cells were calculated by CIBERSORT. After removing samples that might be computationally inaccurate, the HCC samples were divided into two groups according to the median of MELK expression, the high group and the low group. As shown in the Figure 6C, the naïve B cell, the gamma delta T cell, the resting NK cell, the monocytes, and the M2 macrophage were significantly higher in the low-expression group of MELK, while the memory B cell, the activated CD4 + T cell, the follicular T helper cell, the M0 macrophage, and the resting DC cell were higher in the high-expression group of MELK. The OS analysis of the differential expression of immune cells is shown in Supplementary Figure S2. Altogether, it suggested that MELK may participate in immune response in the tumor microenvironment through affecting immune cells.
Relationship Between MELK and Immune Checkpoints in Hepatocellular Carcinoma
﻿Immune checkpoints are inhibitory immunoreceptors expressed by effector immune cells that prevent them from becoming overactivated (Liu et al., 2021). ICIs increase anti-tumor immunity by blocking intrinsic downregulators of immunity, such as cytotoxic T lymphocyte antigen 4 (CTLA-4), programmed cell death protein-1 (PD-1), and its ligand programmed cell death-ligand 1 (PD-L1) (Postow et al., 2018). In our study, the correlation between the MELK expression and the immune checkpoint genes was conducted by TIMER. MELK was significantly positively correlated with PD1, PD-L1, and CTLA-4 in HCC (Figure 8). These results provide further evidence that MELK is associated with immunotherapy prognosis.
[image: Figure 8]FIGURE 8 | Correlation between MELK and immune checkpoint genes, PD1, PD-L1, and CTLA4.
DISCUSSION
HCC is one of the most common malignant tumors with high mortality worldwide. The main treatments for HCC include radiofrequency ablation, surgical resection, immunotherapy, and liver implantation. Due to the lack of early clinical symptoms, most HCC patients are generally diagnosed at an advanced stage and lose the timing of better or thorough treatments. They are also at high risk of recurrence and metastasis. Therefore, it is crucial to find effective biomarkers for early diagnosis and prognostic prediction.
It has been reported that MELK is highly upregulated in various types of human cancer according to TCGA dataset and that elevated MELK expression is correlated with poor prognosis of cancer patients (Inoue et al., 2016; Xia et al., 2016). Silencing MELK inhibited the cell growth, invasion, stemness, and tumorigenicity of HCC cells by inducing apoptosis and mitosis (Xia et al., 2016). An orally available MELK inhibitor, OTSSP167, could suppress the growth of GBM (Zhang et al., 2021). This indicated that, especially inhibiting the MELK could be a potential treatment for not only GBM but also other tumors. Nevertheless, the underlying molecular mechanism of MELK affecting HCC is not defined and needs to be further investigated.
We first conducted pan-cancer analysis of the expression of MELK by analyzing RNA-seq data from TCGA database and GEPIA database. MELK was highly expressed in 14 types of tumors including the BLCA, BRCA, CHOL, COAD, ESCA, GBM, HNSC, KIRC, LIHC, LUAD, LUSC, READ, STAD, and UCEC. This suggested that MELK may have a potential promoting role in tumor development. We observed that MELK overexpression significantly indicated the advancement of clinical stages, histological grades, and T stages in HCC patients, and MELK was positively correlated with AFP, the specific HCC marker. For OS and RFS, increased expression of MELK indicated poor prognosis in HCC among all cancer types. Based on the expression analysis and survival analysis, MELK may be utilized as an unfavorable prognostic biomarker for HCC patients.
The ncRNAs, including miRNAs, lncRNAs, and circular RNAs (circRNAs), participated in regulation of gene expression by communicating with each other through the ceRNA mechanism. In this study, we combined the analyses of multiple databases to construct a ceRNA network consisting of lncRNA–miRNA–MELK. A total of thirty five miRNAs that could potentially bind to MELK were predicted by the starBase database. According to our strict screening criteria, hsa-miR-101-3p was chosen as the upstream miRNA. Numerous studies have revealed that miR-101-3p emerges as an essential modulator in the development of human cancers (Ramírez-Salazar et al., 2014; Floor et al., 2015). miR-101-3p has been shown to be downregulated in HCC tissues and cells and could be a potential diagnostic marker of HCC (Yang et al., 2018). In addition, miR-101-3p is responsible for the sensitivity of HCC cells to oxaliplatin by inhibiting Beclin-1-mediated autophagy (Sun et al., 2019). In our study, we found that miR-101-3p was downregulated in HCC patients, and the survival analysis showed a poor prognosis of HCC. Then, we further predicted the upstream lncRNAs of miR-101-3p. A total of twenty five lncRNAs were forecasted. By combining the expression analysis and correlation analysis, two potential upregulated lncRNAs, SNHG1 and SNHG6, were identified. The two lncRNAs have been reported to function as oncogenes in multiple malignancies, including HCC. SNHG1 is upregulated in HCC (Gao et al., 2018), and the knockdown contributed to suppression of HCC cell viability, invasion, and migration properties and promotion of apoptosis, exerting anti-tumor activity in HCC (Meng et al., 2021). SNHG6 is reported to be remarkably increased in HCC tissues and functioned in the proliferation, migration, and invasion abilities of HCC (Fan et al., 2021). The results of the two lncRNAs in our study were consistent with the previous reports. We also found that the higher expression of SNHG1 and SNHG6 was related to poor prognosis and indicated advanced HCC progression (Supplementary Figure S3). Synthetically considering, we suggested that the SNHG1 or SNHG6/miR-101-3p/MELK axis functioned in the HCC progression and could be a potential treatment target in HCC.
In recent decades, convincing evidence has shown that the TME plays an important part in the development of many malignant tumors (Lu J. et al., 2019). The TME of HCC is a complex mixture of hepatic non-parenchymal resident cells, tumor cells, immune cells, and tumor-associated fibroblasts (Sangro et al., 2021). Many types of immune cells are abundant in HCC tumors cooperating in the generation of an immunosuppressive TME, and their presence generally correlates with a worse prognosis (Sangro et al., 2021). Intratumor infiltration of B cells is significantly impaired during HCC progression. The densities of B-cell subsets significantly decreased in the tumor, and high densities of tumor-infiltrating B cells imply a better clinical outcome (Zhang et al., 2019). MELK was significantly positively correlated with the B cells and the markers of B cells. Also, the lower density of B cells predicted a poor prognosis in HCC. Tumor-infiltrating T lymphocytes, especially CD4+ and CD8+ T cells, play an adaptive immune role in HCC progression. CD8+ T cells could recognize tumor-associated antigens and kill tumor cells. The presence of tumor-infiltrating CD8+ T cells was significantly correlated with longer OS (Itoh et al., 2020). CD4+ T cells could differentiate into Th1, Th2, Th17, Treg cells, and Tfh cells. Treg cells increase in HCC and promote tumor evasion by impairing the function of CD8+ T cells and lead to disease progression (Fu et al., 2007). In our study, MELK was positively correlated with the CD8+ T cells, CD4+ T cells, and the markers of these cells including the subsets of CD4+ T cells, Th1, Th2, Th17, Tfh cells, and Tregs. The accumulation of CD8+ T cells showed a better prognosis in HCC patients. In the TME, some immune cells could help tumor cells to proliferate, invade, and metastasize. The immunosuppressive features are not only participating in the tumor progression but also a big challenge for effective immunotherapy. The immunosuppressive cells mainly include tumor-associated macrophages (TAMs), tumor-associated neutrophils (TANs), DCs, and Treg cells (Lu C. et al., 2019). MELK was positively correlated with TAMs, TANs, and DCs and the markers of these immune cells. Also, the abundance of TAMs, TANs, and DCs in tumor showed a poor clinical outcome in the HCC patients. This indicated that MELK may involve in the immunosuppression with these immunosuppressive cells.
However, in the CIBERSORT analysis, decreased M2 macrophages were detected in HCC samples (Supplementary Figure S1C) and higher MELK group. Also, better prognosis was found in the group with lower M2 macrophages. Traditionally, macrophages are classified into a classical M1 pro-inflammatory phenotype and a dichotomic M2 anti-inflammatory phenotype (Tacke and Zimmermann, 2014). TAMs are mostly polarized into the M2 phenotype and promote HCC growth, angiogenesis, invasion, and metastasis (Qian and Pollard, 2010). In our work, the analysis of macrophage subsets showed a complicated result remaining to be investigated in further research studies. In addition, CIBERSORT is a convenient and widely used method to determine the composition of immune-infiltrating cells; it is still inaccurate compared with immunohistochemistry and flow cytometry. Overall, the MELK overexpression was significantly correlated with various immune cells, which might indicate its contributions to the immune regulation leading to HCC development.
With the improving understanding of the TME of HCC, the immunotherapy that enhanced tumor immune response and blocked tumor immunosuppression has become a new direction for the treatment of HCC. ICIs targeting PD1, PD-L2, or CTLA-4 are most widely used in the field of advanced HCC (El-Khoueiry et al., 2017; Zhu et al., 2018). PD-1 could transmit inhibitory signals to T cells after binding with PD-L1 or PD-L2 resulting in an immunosuppression and immune tolerance environment and induce the immune escape of tumor cells (Okazaki and Honjo, 2007). CTLA-4 is mainly expressed in activated T cells and dendritic cells and inhibits the activation of T cells, leading to immune escape of HCC cells (Liu and Zheng, 2020). ICIs can cause immune-related adverse events, such as pneumonitis, myocarditis, hypophysitis, and diabetes. It is an important reason preventing the extensive application of ICIs although many patients benefit from the therapy. Therefore, it is of great importance to monitor the treatment efficacy and balance the benefits and side effects for patients receiving ICI therapy. In our study, MELK expression is significantly positively correlated with the immune checkpoint expression, CD274, CTLA4, and PDCD1. This indicated that MELK could predict the efficacy of immunotherapies and provided a direction for new immunotherapy methods.
CONCLUSION
In summary, we constructed the MELK–ceRNA network by various bioinformatic analyses which was related to HCC and impacted the prognosis. MELK may also play a vital role in the microenvironment of HCC by regulating various tumor-infiltrating immune cells. In addition, the MELK expression was positively correlated with the immune checkpoint expression. MELK may be a suitable biomarker for HCC patients receiving immunotherapy and can be used as a monitor method to evaluate benefits of patients undergoing ICIs.
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Most of the high-grade serous ovarian cancers (HGSOC) are accompanied by P53 mutations, which are related to the nucleotide excision repair (NER) pathway. This study aims to construct a risk signature based on NER-related genes that could effectively predict the prognosis for advanced patients with HGSOC. In our study, we found that two clusters of HGSOC with significantly different overall survival (OS) were identified by consensus clustering and principal component analysis (PCA). Then, a 7-gene risk signature (DDB2, POLR2D, CCNH, XPC, ERCC2, ERCC4, and RPA2) for OS prediction was developed subsequently based on TCGA cohort, and the risk score-based signature was identified as an independent prognostic indicator for HGSOC. According to the risk score, HGSOC patients were divided into high-risk group and low-risk group, in which the distinct OS and the predictive power were also successfully verified in the GEO validation sets. Then we constructed a nomogram, including the risk signature and clinical-related risk factors (age and treatment response) that predicted an individual’s risk of OS, which can be validated by assessing calibration curves. Furthermore, GSEA showed that the genes in the high-risk group were significantly enriched in cancer-related pathways, such as “MAPK signaling pathway”, “mTOR signaling pathway”, “VEGF signaling pathway” and so on. In conclusion, our study has developed a robust NER-related genes-based molecular signature for prognosis prediction, and the nomogram could be used as a convenient tool for OS evaluation and guidance of therapeutic strategies in advanced patients with HGSOC.
Keywords: high-grade serous ovarian cancers, nucleotide excision repair, prognosis, nomogram, gene signature predicting prognosis of NER genes
INTRODUCTION
High-grade serous ovarian cancer (HGSOC) is of great concern to the researchers among all ovarian cancers, as it accounts for 70%–80% of deaths from ovarian cancer. The modes of carcinogenesis, molecular-genetic characteristics, and the origin are distinctive from low-grade serous ovarian cancer (Kurman et al., 2014; Bowtell et al., 2015). Due to the lack of effective early screening methods for ovarian cancer, almost 90% of serous ovarian cancer patients are diagnosed as stage III–IV at first diagnosis, while the 10-year survival rate of advanced patients with HGSOC is only 15% (Narod, 2016). So far, surgery remains the most important treatment approach and the subsequent chemotherapy, targeted therapy, radiation, and immunotherapy are used to enhance the curative effect according to the International Federation of Gynecology and Obstetrics (FIGO) staging system (González-Martín et al., 2010; Jessmon et al., 2017). However, for advanced patients, the current FIGO classification method failed to provide accurate information to predict prognosis, nor guide physicians’ treatment decisions (Llueca et al., 2018; Tajik et al., 2018). It is a widespread phenomenon for advanced patients with HGSOC at the same FIGO stage to have completely different prognostic outcomes due to complex biological processes and unintelligible molecular mechanisms. Therefore, it is necessary and urgent to prompt a search for novel and reliable prognostic molecular signatures for predicting prognosis and guiding appropriate therapeutic strategies.
In recent years, genome-wide expression profiling detection can effectively provide detailed information for the prognosis assessment of cancer patients (Anurag et al., 2018; Zhu et al., 2018). In breast cancer, the genomic panel detection methods, which included 21-gene recurrent score and 70-gene MammaPrint assay, could provide some valuable information for the prognosis evaluation and treatment selection of patients (Cardoso et al., 2016; Sparano et al., 2018). Notably, although HGSOC shares high molecular similarity with basal-like breast cancer, there is no molecular evaluation system available for clinical use in HGSOC (Cancer Genome Atlas Network, 2012).
DNA damage response and repair pathways play an essential regulatory role in the occurrence and development of ovarian cancer (Majidinia et al., 2017). DNA repair mechanisms mainly contain various pathways, such as mismatch repair, base excision repair, nucleotide excision repair (NER), homologous recombination, and non-homologous end joining (Mirza-Aghazadeh-Attari et al., 2019). Importantly, HGSOC is mostly accompanied by mutations of P53 that are near related to the NER pathway (Williams and Schumacher, 2016). The NER pathway is composed of various proteins acting in concert and is the main pathway to remove large DNA lesions caused by ionizing radiation and other mutagens (Shuck et al., 2008). In addition, the NER pathway also can repair the damage caused by platinum drugs (such as cisplatin and carboplatin), which are most widely used in the treatment of ovarian cancer. In recent years, a large number of studies have reported that NER-related genes, such as ERCC1, XPC, and GTF2H5, could be used as biomarkers of treatment response or prognosis for tumor patients (Lin et al., 2010; Fleming et al., 2012; Gayarre et al., 2015). Besides, other studies have found that subtle changes of NER function may greatly increase the susceptibility of healthy individuals to lung cancer and head and neck squamous cell cancer (Wei et al., 1996; Cheng et al., 1998). However, despite the increased concern of NER in the field of ovarian cancer, there is still a lack of comprehensive analysis of NER-related genes in advanced patients with HGSOC to assess prognosis and guide therapy strategies effectively.
In the present study, we comprehensively explored the roles of 31 NER-related genes in HGSOC based on multiple transcriptome datasets, such as The Cancer Genome Atlas (TCGA), the Genotype-Tissue Expression (GTEx) Project, and the Gene Expression Omnibus (GEO) database. We evaluated the interaction and correlation among the 31 NER-related genes and employed the consensus cluster analysis to identify two HGSOC clusters with different clinical outcomes based on their expression patterns of these genes. Then we conducted the least absolute shrinkage and selection operator (LASSO) Cox regression to obtain a 7-gene signature on TCGA HGSOC cohort. This robust risk signature was successfully confirmed in two GEO validation sets and showed an excellent predictive effect on prognosis. Moreover, the risk signature and clinical characteristics were used to construct a nomogram to predict the prognosis of advanced patients with HGSOC. Finally, we also used the gene set enrichment analysis (GSEA) to explore the differences in the signaling pathways between subgroups classified by risk signature. Our results indicated that the risk signature derived from seven NER-related genes could serve as novel prognostic biomarkers for advanced patients with HGSOC.
MATERIALS AND METHODS
Public Data Collection and Processing
The study design flowchart is presented in Supplementary Figure S1. The Fragments per Kilobase of transcript per Million mapped reads (FPKM) for RNA-seq data of 378 ovarian cancer tissues and 88 normal ovarian tissues were respectively extracted from two datasets, including the Cancer Genome Atlas (TCGA) and the Genotype-Tissue Expression (GTEx), which were downloaded from UCSC Xena (https://xenabrowser.net/datapages) (Goldman et al., 2018). According to patients’ clinicopathological information of TCGA, RNA-seq data and clinical data of 326 advanced HGSOC samples were eventually enrolled in our analysis. The exclusive criteria were as follows: 1) patients with stage I–II or unclear stage; 2) patients with neoadjuvant chemotherapy; 3) patients with well differentiation or unspecified defined; 4) patients with non-ovarian primary tumor or other histological types; 5) patients with survival less than 30 days. We re-annotated the gene symbols based on the information recorded in the HUGO Gene Nomenclature Committee (HGNC; http://www.genenames.org) (Eyre et al., 2006), and the gene expression of both datasets was unified as log2 (x + 1) to increase comparability. Then, the “limma” package was used to average the repeated data of each expression and merge the two datasets with normalization in programming language R (version 4.0.1; https://cran.r-project.org) (Ritchie et al., 2015).
Four independent expression data of advanced patients with HGSOC (GSE13876, GSE49997, GSE17260, and GSE63885) were downloaded from Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo). Gene expression in GSE13876 was performed using Operon human v3 ∼35 K 70-mer two-color oligonucleotide microarrays (GPL7759; N = 415); Gene expression in GSE49997 was performed using ABI Human Genome Survey Microarray Version 2 (GPL2986; N = 204); Gene expression in GSE17260 was performed using Agilent-014850 Whole Human Genome Microarray 4 × 44K G4112F (Probe Name version) (GPL6480; N = 110); Gene expression in GSE63885 was performed using Affymetrix Human Genome U133 Plus 2.0 Array (GPL570; N = 101). Then, we integrated 346 standards-compliant samples from three datasets [GSE49997 (N = 166), GSE17260 (N = 110) and GSE63885 (N = 70)] as a combined validation set based on the exclusive criteria to improve the sample size, and we executed batch normalization between these three platforms using the “sav” and “limma” packages in R to avoid generating unreliable results (Johnson et al., 2007; Leek et al., 2012). Gene expression values of all GEO datasets were converted by log2 and for genes with multiple probes, and we used average values to represent the performance of specific genes.
The 31 Candidate Genes
We used the database (TCGA, GTEx, and four GEO databases) for gene screening. A total of 8,466 common genes were selected. According to previous studies (Friedberg, 2001; Marteijn et al., 2014), 31 shared genes among TCGA-GTEx and four GEO datasets related to nucleotide excision repair (NER) were used for our analysis, including RAD23A, RAD23B, RPA2, RPA3, ERCC8, POLR2A, POLR2B, POLR2C, POLR2D, POLR2F, POLR2G, POLR2K, POLR2L, DDB1, DDB2, LIG1, GTF2H1, GTF2H3, GTF2H5, CUL3, CUL4A, CUL5, RBX1, CCNH, CDK7, XPA, XPC, ERCC2, ERCC3, ERCC4, and MNAT1.
mRNA Expression Analysis of 31 NER-Related Genes
We first analyzed the mRNA expression levels between HGSOC tissues and normal tissues by using the “limma” package with cut-off criteria of p < 0.05. The mRNA expression profiles of 31 NER-related genes were obtained. The heatmap and violin plots were presented by “pheatmap” and “ggplot2” packages in R.
Protein-Protein Interaction Network Analysis and Correlation Analysis
All 31 NER-related genes were used for the protein-protein interaction (PPI) analysis with a combined confidence score  ≥ 0.9 via the Search Tool for the Retrieval of Interacting Genes (STRING) (https://string-db.org/) (Szklarczyk et al., 2015). Pearson correlation analysis was utilized to present the collinearity among different NER-related genes.
Consensus Clustering Analysis and Principal Component Analysis
The “ConsensusClusterPlus” package in R (50 iterations, resample rate of 80%) was applied to explore the clinical implications of the 31 NER-related genes in the TCGA HGSOC cohort. The number of clusters and their stability were determined by the consensus clustering algorithm (Kanungo et al., 2002). Then, the TCGA HGSOC cohort was clustered into different two clusters. To further confirm the rationality of clustering, principal component analysis (PCA) was carried out in R to observe the distribution of gene expression in two clusters. The Kaplan-Meier method and log-rank test were used to present the difference of overall survival (OS) between two clusters. The associations between the clinical characteristics and two different clusters were analyzed by Chi-square test.
Construction of Gene Signature
Seven candidate genes associated with OS (p < 0.1) were determined by the univariate Cox regression analysis of 31 NER-related genes; the hazard ratios (HRs) of genes <1 or >1 were regarded as protective or risk genes, respectively. To prevent over-fitting in our analysis, the least absolute shrinkage and selection operator (LASSO) regression analysis was used to identify the optimal prognostic model out of the selected seven candidate genes (Goeman, 2010), and genes’ coefficients were determined based on the best penalty parameter λ. The risk score for the signature was estimated accurately using the following formula:
[image: image]
N is the number of selected genes, Coefi is the regression coefficient generated by the LASSO regression and Expi is the expression value of each selected gene. TCGA HGSOC patients were divided into low- and high-risk groups according to the median risk score. Kaplan-Meier (K-M) survival was used to estimate the OS between two risk groups. In addition, the receiver operating characteristic (ROC) curves and area under the ROC curves (AUC) were also performed to estimate sensitivity and specificity. Chi-square test was used to assess the association between the clinical characteristics and two risk groups.
Validation of the Prognostic Signature
Similarly, the risk score of each advanced patient with HGSOC from the GSE13876 and the merged GEO datasets was calculated based on the formula above. Taking the median risk score in the TCGA cohort as the cut-off value, HGSOC patients in both validation sets were divided into high- or low- groups. The K-M method and log-rank test were employed to calculate OS with an overall significance level of p < 0.05. The risk score was identified as an independent prognostic factor by the method of the univariate and multivariate Cox regression analyses. Moreover, the prognostic nomogram based on the risk score of NER-related signature and clinical-related variables was constructed. The performance of the prediction model developed was validated by assessing the internal calibration curves of the TCGA cohort. To further confirm the expression of seven selected genes, we analyzed normal ovarian tissues and serous ovarian cancer tissues obtained from the Human Protein Atlas (HPA) database.
Gene Set Enrichment Analysis
Gene set enrichment analysis (GSEA) was used in the TCGA cohort to investigate the potential biological pathways underlying the different risk groups defined by the 7-gene expression signature. Kyoto Encyclopedia of Genes and Genomes (KEGG) gene sets (v7.1) and phenotype label (high risk vs. low risk) files were generated and loaded into the GSEA software (v4.0.3; Broad Institute, Cambridge, MA). The permutation test run 1,000 times. The pathways with normalized enrichment score (NSE) absolute value >1, normalized p-value < 0.05, and false discovery rate (FDR) q-value < 0.25 were significantly enriched.
Statistical Analysis
Unless otherwise specified, all statistics analyses were performed with R software. The differences between groups for the continuous and categorical variables were respectively assessed by studentʼs t-test or one-way ANOVA and the Chi-square test. The “limma”, “sva”, “ConsensusClusterPlus”, “pheatmap”, “ggplot2”, “corrplot”, “pROC”, “rms”, “survival” packages were used for analysis or visualization in R. All statistical tests were two-sided and p < 0.05 was considered statistically significant.
RESULTS
The Expression of 31 NER-Related Genes Between Tumor Samples and Normal Control Samples
To better understand the importance of the NER-related genes in tumor initiation and progression, we firstly investigated expression levels of NER-related genes in different tissue samples of the merged TCGA-GTEx dataset. The TCGA-GTEx cohort comprised 326 advanced patients with HGSOC and 88 ovaries of healthy donors. The clinicopathological characteristics of the TCGA HGSOC cohort were listed in Table 1. We selected 31 NER-related candidate genes among 8,466 shared genes in all datasets for further analysis (Figure 1A). Then, mRNA expression levels of the 31 genes were presented for HGSOC along with corresponding normal controls by the heatmap (Figure 1B). Overall, the expression levels of 13 NER-related genes were significantly increased, and 15 genes were significantly downregulated in HGSOC tissues when compared to those with normal controls (Figure 1C). However, the expression levels of three genes (including POLR2B, ERCC4, and POLR2A) had no significant difference.
TABLE 1 | The clinical characteristics of the HGSOV cohort in the TCGA database.
[image: Table 1][image: Figure 1]FIGURE 1 | The expression levels of NER-related genes between tumor samples and normal samples in TCGA HGSOC cohort and GTEx normal ovary cohort. (A) Venn diagram displays that 8,466 shared genes were contained in the TCGA, GTEx, and four GEO datasets. (B) The TCGA and GTEx databases were used to jointly analyze 31 NER-related genes and the heatmap was used to visualize the expression levels of these genes in each clinical sample. (C) The violin-plot shows the expression of 31 NER-related genes between tumor tissues and the normal tissues. ∗p < 0.05, ∗∗p < 0.01, and ∗∗∗p < 0.001. Abbreviation: HGSOC: high-grade serous ovarian cancer; TCGA: The Cancer Genome Atlas; GTEx: the Genotype-Tissue Expression project; GEO: Gene Expression Omnibus; NER: Nucleotide excision repair.
The Interaction and Correlation Among the NER-Related Genes
The interaction relationships among the 31 NER-related genes were shown by the PPI network, and the number of interactions for each gene was counted in Figure 2. Our results showed that the interrelationships among 31 genes were of high closeness and great complexity (Figure 2A). Except CUL3 and CUL5, the other 29 genes seemed to be the hub genes of the interaction network, because they had interactions with more than half of the genes (Figure 2B). We also conducted correlation analysis and observed that there were various degrees of positive and negative collinearity among some NER-related genes in HGSOC (Figure 2C). We believe that the changes in the correlation of 31 NER-related genes may reflect the inherent characteristics of antagonistic or synergistic effects between the corresponding transcribed functional proteins.
[image: Figure 2]FIGURE 2 | The interaction and correlation among 31 NER-related genes. (A) The PPI network of the 31 NER-related genes was constructed by STRING database and each line represents a reported physical protein–protein interaction between nodes. (B) The number of bar graphs represents the total connections of each node to other nodes frequency. (C) The Pearson correlation analysis shows the collinearity among 31 NER-related genes. Abbreviation: NER: Nucleotide excision repair; PPI: Protein-protein interaction; STRING: the Search Tool for the Retrieval of Interacting Genes.
Consensus Clustering of NER-Related Genes Identified Two Clusters of HGSOC With Different Prognostic Outcomes
Next, TCGA HGSOC samples were selected for the subsequent consensus clustering analysis. According to the expression similarity of the 31 NER-related genes, k = 2 could be the optimal choice when clustering stability datasets increased from k = 2–9 (Figures 3A–C). We noticed that the distribution of sample numbers in each group was roughly balanced, and the interference between groups was minimal in the two groups when k = 2 (Figure 3C). Hence, TCGA HGSOC samples were correspondingly classified as two groups (184 samples in cluster1 and 142 samples in cluster2) through consensus cluster analysis. The clinical characteristics of the two clusters were shown in Supplementary Table S1. Moreover, Principal component analysis (PCA) was used to compare the difference of transcriptional profiles between the two clusters, and the results exhibited a significant distinction (Figure 3D). Besides, advanced patients with HGSOC were found to have the significantly lower OS in the cluster1 than those in the cluster2 (p = 0.021), which suggested that the 31 NER-related genes could classify the advanced patients with HGSOC at the prognostic level (Figure 3E). We then analyzed the associations between the clusters and clinicopathological characteristics. However, no significant difference was found between two clusters in the age, grade, stage, treatment response, and residual tumor (all p > 0.05).
[image: Figure 3]FIGURE 3 | Consensus clustering and overall survival of TCGA HGSOC patients in the different two clusters. (A) Consensus clustering CDF for k = 2 to 9. (B) Relative change in area under CDF curve for k = 2 to 9. (C) The TCGA HGSOC patients was divided into two distinct clusters when k = 2. Consensus clusteringmatrix for k = 2. (D) PCA of the total mRNA expression profile in the TCGA dataset. HGSOC patients in the cluster1 subgroup are marked with red, HGSOC patients in cluster2 are marked with green. (E) Kaplan–Meier OS curves for different clusters. (F) No significant difference was found for the clinicopathologic features between cluster1 and cluster2.
Identification of Prognostic Value and a Risk Signature Based on NER-Related Genes
To further explore the prognostic value of 31 NER-related genes, univariate Cox regression analysis was performed based on the mRNA expression levels of genes from TCGA. The results demonstrated that seven out of the 13 NER-related genes were potentially associated with the OS (p < 0.1). Among these seven genes, only DDB2 and POLR2D were considered as protective genes with HR <1, while RPA2, CCNH, XPC, ERCC2, and ERCC4 were considered as risky genes with HR >1 (Figure 4A).
[image: Figure 4]FIGURE 4 | Construction of risk signature based on seven NER-related genes. (A–D) The process of constructing the signature based on seven NER-related genes. (A) Univariate Cox regression analysis of the NER-related genes was identified seven genes that potentially correlated with OS (p < 0.1). (B) LASSO algorithms was used to identify and evaluate the 7-gene signature in the TCGA HGSOC cohort and seven genes were finally selected and used to develop a risk signature to predict patients prognosis. (C) LASSO coefficient profiles of the seven genes based on the TCGA HGSOC cohort. (D) The coefficients estimated by multivariate Cox regression via LASSO are presented. (E–G) Visualization of the association of the risk scores with survival status and gene expression profiles in HGSOC. (H) The OS was remarkably worse in the high-risk group than that of low-risk group. (I) ROC curve was used to evaluate the prediction efficiency of the risk signature. (J) Significant differences were found for the treatment response between high- and low-risk groups. Abbreviation: NER: Nucleotide excision repair; OS: Overall survival; LASSO: Least absolute shrinkage and selection operator; TCGA: The Cancer Genome Atlas; HGSOC: Highly-grade serous ovarian cancer; ROC: Receiver operating characteristic.
According to our previous results, the collinearity between these genes may affect the accuracy of traditional Cox regression analysis (Figure 2C). Therefore, the LASSO Cox regression method to the seven potentially prognosis-related genes was performed to identify the most powerfully prognostic NER-related genes finally. The LASSO results demonstrated that all seven genes were chosen to construct the prognostic risk signature (Figures 4B,C), and the coefficients of selected genes were shown in Figure 4D. Then, the risk scores were calculated according to the coefficients, and the median risk score was the cut-off value. A total of 326 HGSOC patients were divided evenly into the high- and low-risk groups. The distributions of the 7-gene signature-based risk scores, OS status, and mRNA expression profiles were displayed in Figures 4E–G. The K-M survival plot showed that the OS of the advanced patients with HGSOC was significantly worse in the high-risk group than that in the low-risk group (p = 5.707e-05) (Figure 4H). The 5-year OS was 14.1% in high-risk group and 27.0% in low-risk group. The predicting power of the risk signature showed well-prediction efficiency with the AUC value equal to 0.693 (Figure 4I). Next, the associations between the risk groups and clinicopathological characteristics were also investigated in the present study (Figure 4J and Supplementary Table S2). The results showed that except treatment response (p = 0.049), there were no significant differences between the high- and low-risk groups in the age, grade, stage, and residual tumor (all p > 0.05).
Moreover, the Human Protein Atlas (HPA) database was used to validate the cellular sub-localization and expression patterns of the seven selected genes in serous ovarian cancer tissues and normal ovarian tissues at the protein levels (Figures 5A–G). HPA analysis showed that at protein levels, the expressions of DDB2, POLR2D, CCNH, and RPA2 in HGSOC tissues and normal controls were similar to the mRNA level changes and were mainly located in the nucleus (Figures 1C, 5). However, XPC and ERCC2 did not show significant distinctions at the protein levels between serous ovarian tissues and normal ovarian tissues (Figures 5C,E). The heterogeneity between the HPA data and TCGA RNA-seq data may be ascribed to the differences in post-transcriptional regulation. Altogether, the results further verified that the regulation of NER-related genes was highly disordered in serous ovarian cancer.
[image: Figure 5]FIGURE 5 | The protein expression levels of seven NER-related genes by IHC staining and the validation of the prognostic signature. (A) Representative IHC staining of RPA2 in serous ovarian cancer and normal ovarian tissues. (B) Representative IHC staining of CCNH in serous ovarian cancer and normal ovarian tissues. (C) Representative IHC staining of XPC in serous ovarian cancer and normal ovarian tissues. (D) Representative IHC staining of DDB2 in serous ovarian cancer and normal ovarian tissues. (E) Representative IHC staining of ERCC2 in serous ovarian cancer and normal ovarian tissues. (F) Representative IHC staining of POLR2D in serous ovarian cancer and normal ovarian tissues. (G) Representative IHC staining of ERCC4 in serous ovarian cancer and normal ovarian tissues. (H) For advanced patients with HGSOC, the high-risk group had a significantly worse OS than that in the low-risk group in GSE13876. (I) For advanced patients with HGSOC, the high-risk group had a significantly worse OS than that in the low-risk group for the combined GEO datasets. (J) Visualization of the association of the risk scores with survival status and gene expression profiles in GSE13876. (K) Visualization of the association of the risk scores with survival status and gene expression profiles in the combined GEO datasets. Abbreviation: T: Serous ovarian cancer; N: Normal ovarian tissue; NER: Nucleotide excision repair; HPA: The human protein atlas; IHC: Immunohistochemistry. GEO: Gene Expression Omnibus; HGSOC: Highly-grade serous ovarian cancer; OS: Overall survival.
Validation of the Risk Signature to Predict OS of Advanced Patients With HGSOC
To confirm that the NER-related genes based on classifier had similar prognostic value in different cohorts, we assessed the samples in GSE13876 (n = 415) and the merged GEO dataset (n = 346), respectively. According to the median risk score as the cut-off value in the TCGA HGSOC cohort, 192 (46.3%) patients were classified as low-risk, and 223 (53.7%) as high-risk in GSE13876; 255 (73.7%) patients were classified as low-risk, and 91 (26.3%) as high-risk in the merged GEO datasets. The corresponding 5-year OS was 24.1% for the high-risk group and 35.0% for the low-risk group in GSE13876 (HR: 1.394, 95% CI: 1.107–1.754; p = 3.901e-03; Figure 5H). Similarly, in the merged GEO validation set, the 5-year OS was 35.3% for the high-risk group and 67.8% for the low-risk group (HR: 2.300, 95%CI: 1.663–3.181; p = 2.035e-07; Figure 5I). The distributions of the risk scores, OS status, and mRNA expression profiles of the two validation sets were respectively conducted (Figures 5J,K). As shown in Figures 6A–F, the worse OS rate was observed in the high-risk group compared to that in the low-risk group for patients with FIGO stage IIIC (p = 6.78e-04), or patients with CR/PR (p = 1.214e-03), or patients with optimal cytoreductive surgery (p = 2.263e-03), or those with non-optimal cytoreductive surgery (p = 0.025). However, no significant difference was observed for OS between high- and low-risk groups for patients with FIGO stage IV (p = 0.116), or patients with SD/PD (p = 0.245) due to sample size limitation.
[image: Figure 6]FIGURE 6 | Differences in survival between high- and low-risk groups stratified by clinicopathological factors in TCGA cohort. (A) The OS was remarkably worse in the high-risk group than that of low-risk group in FIGO stage IIIC patients. (B) The low-risk group showed a better prognosis trend than the high-risk group in FIGO stage IV patients. (C) Among patients who achieved CR or PR after treatment, the OS of the high-risk group was also shorter than that of the low-risk group. (D) Among patients who achieved SD or PD after treatment, there was no significant difference in OS between the high-risk group and the low-risk group. (E) The OS was remarkably worse in the high-risk group than that of low-risk group among patients with optimal cytoreductive surgery. (F) The OS was remarkably worse in the high-risk group than that of low-risk group among patients with non-optimal cytoreductive surgery. Abbreviation: OS: Overall survival; CR: Complete remission; PR: Partial remission; SD: Stable disease; PD: Progressive disease.
Nomogram Combined NER-Related Risk Signature and Clinical-Related Features to Predict Patients’ OS
To investigate whether the prediction was better by the risk signature constructed from mRNA expression than from any other clinical-related features, various variables, such as age, stage, grade, treatment response, and residual tumor were included as the potential prognostic factors. In the TCGA HGSOC cohort, the results of both univariate and multivariate analysis revealed that treatment response and risk signature were significantly associated with OS (Figures 7A,B). Due to the potential impact of age on OS (p = 0.077), a nomogram that combined the age, treatment response, and risk signature was developed to predict 3- or 5-year survival of advanced patients with HGSOC (Figure 7C). The calibration plots for the nomogram presented the acceptability and conformance in the original cohort between the nomogram forecast and actual observation for the 3- or 5-year OS (Figure 7D). Conclusively, we constructed a nomogram combining various clinical-related factors. NER-related risk signature could provide the most useful and accurate information for the prognosis of these advanced patients with HGSOC.
[image: Figure 7]FIGURE 7 | Nomogram development of 7-gene signature to predict the risk of survial in advanced patients with HGSOC. (A) Univariate Cox regression analysis of the risk score and clinicopathological factors to identify the indicators that were significantly associated with OS. (B) Multivariate Cox regression analysis of the risk score and clinicopathological parameters to reveal the independent prognostic factors. (C) A nomogram was constructed to predict three- or 5-year survival. (D) Calibration curves of the nomogram to predict 3-or 5-year OS in TCGA internal validation. The actual OS is plotted on the y-axis; nomogram predicted probability is plotted on the x-axis. Abbreviation: NER: Nucleotide excision repair; HGSOC: Highly-grade serous ovarian cancer; OS: Overall survival.
Gene Set Enrichment Analysis of High-Risk and Low-Risk Groups
To better understand the significance of risk signature based NER-related genes, GSEA analysis was performed to scrutinize the signaling pathways between the high-risk group and low-risk group from the TCGA cohort. Intriguingly, genes involved in the following biological processes/signaling pathways showed active expression in the high-risk group: mTOR signaling pathway (NSE = 2.15, normalized p < 0.0001, FDR q = 0.009), inositol phosphate metabolism (NSE = 2.14, normalized p < 0.0001, FDR q = 0.007), phosphatidylinositol signaling system (NSE = 2.13, normalized p < 0.0001, FDR q = 0.006), MAPK signaling pathway (NSE = 1.97, normalized p < 0.0001, FDR q = 0.014), and VEGF signaling pathway (NSE = 1.94, normalized p < 0.0001, FDR q = 0.018). In contrast, two downregulated biological processes/signaling pathways were observed in the high-risk group: DNA replication (NSE = -1.82, normalized p = 0.024, FDR q = 0.144) and spliceosome (NSE = -1.80, normalized p = 0.037, FDR q = 0.112) (Supplementary Figure S2). These results above showed the risk signature identified based on the seven NER-related genes were closely associated with the malignancy of HGSOC.
DISCUSSION
Serous ovarian cancer was divided into low-grade serous ovarian cancer and HGSOC, and they had significantly different features in genomics, clinical manifestations, origin, and prognosis (Schmeler and Gershenson, 2008). The previous study initially explored the value of a single NER-related gene in HGSOC (Gayarre et al., 2015), but we considered that it failed to provide a robust predictive efficacy due to the expression of a single gene restricted by multiple factors. Therefore, we comprehensively analyzed the specific value of 31 NER-related genes in HGSOC. Our results demonstrated that the expression levels of NER-related genes were closely associated with the prognostic outcomes of advanced patients with HGSOC. Firstly, we compared the expression levels of 31 NER-related genes using the merged TCGA-GTEx dataset and found that most genes were abnormally expressed in HGSOC. Then, two clusters (cluster1 and cluster2) of HGSOC with completely different prognosis were identified through consensus clustering. Also, based on the data of TCGA HGSOC, a prognostic risk signature of seven NER-related genes was retrieved through the LASSO algorithm. Advanced patients with HGSOC were assigned into two risk subgroups with significant differences for OS according to the risk signature. More importantly, in the external validation datasets, the risk signature was further successfully confirmed as a highly robust prognostic indicator. In addition, a stratified analysis based on clinical factors demonstrated the robustness of the risk signature in prognostic evaluation, and it also implied that the difference in survival based on the risk signature was more likely to be associated with the tumor inherent biological characteristics. Taking advantage of the risk signature, we constructed a nomogram including 7-gene signature and clinical-related factors (age and treatment response) to predict OS of advanced HGSOC patients. Finally, the GSEA analysis explored the differences in oncology-related pathways and key biological processes between the two risk subgroups classified based on the risk signature. Overall, our nomogram could be used as a prognostic classification tool and help clinicians make individualized therapeutic strategies for advanced patients with HGSOC.
NER is a complex biochemical process that requires multiple proteins assemble in an ordered at base damaged sites and then function as a multi-protein complex (De Boer and Hoeijmakers, 2000; Hoeijmakers, 2001). In our research, we also noticed the complex association between various genes expression levels and protein interactions in the NER pathway of HGSOC patients (Figure 2). Surprisingly, two clusters with distinctive OS were identified based on 31 NER-related genes consensus clustering analysis (Figure 3), which indicated the practical possibility of further distinguishing the HGSOC patients at the molecular level.
We also identified a risk signature of seven genes consisting of ERCC2, ERCC4, POLR2D, DDB2, XPC, CCNH, and RPA2 that predicts OS in the TCGA and GEO datasets. ERCC2 single nucleotide polymorphisms (SNPs) were found to be associated with an increased risk of ovarian cancer (Bernard-Gallon et al., 2008; Bicher et al., 1997). The same is applied for ERCC4 (Osorio et al., 2013). POLR2D is also known as DNA-directed RNA polymerase II, which was associated with shorter disease-free survival in prostate cancer (Yamada et al., 2018). In contrast, our results showed that POLR2D was a protective factor for the OS in HGSOC patients (Figure 4A), and this difference may attribute to the fact that the same gene may play different roles in the occurrence and development of different cancers. The other protective factor discovered in our study was DDB2 (Figure 4A), and it was reported that DDB2 could repress ovarian cancer stem cell properties (Cui et al., 2018). In addition, the highly expressed DDB2 could enhance the sensitivity of ovarian cancer cells to cisplatin by increasing cell apoptosis (Barakat et al., 2010). Moreover, downregulation of XPC could also enhance the sensitivity of ovarian cancer to cisplatin (Zhang et al., 2015), and XPC SNPs were correlated with survival outcomes of ovarian cancer treated with platinum-based chemotherapy (Kang et al., 2013). Our results also demonstrated that the low-risk group was associated with better treatment response, which meant that these patients had upregulated DDB2 and downregulated XPC expression and were more sensitive to chemotherapy (Figure 4J). In addition, CCNH was related to the promotion of cancer cell migration (Wang et al., 2013), and RPA2 expression was an independent predictor of adverse outcome in ovarian cancer (Levidou et al., 2012). Taken together, these findings revealed the universal importance of NER-related genes, and indicated that these inhibitor or promotor genes in cancer development were interdependent.
The mechanisms were further investigated to reveal the causes of the different prognosis of the two HGSOC risk subgroups stratified by the 7-gene signature. GSEA demonstrated that some pivotal signaling pathways and biological processes were significantly enriched in the high-risk group with poor survival, including inositol phosphate metabolism, MAPK signaling pathway, mTOR signaling pathway, phosphatidylinositol signaling system, and VEGF signaling pathway. It was reported that inositol phosphate recycling regulated glycolytic and lipid metabolism that drove cancer aggressiveness (Benjamin et al., 2014). It was known that MAPK signaling pathway, mTOR signaling pathway, and VEGF signaling pathway were crucial in tumorigenesis, progression, and drug therapy (Pópulo et al., 2012; Santarpia et al., 2012; Apte et al., 2019). In the low-risk group, GSEA enriched two significant biological processes related to cancer, including DNA replication and splicesome (Herrick and Bensimon, 2009; Ladd et al., 2013). In the current study, the cellular process of NER-related DNA repair was consistent with the biological function of these identified signal pathways. DNA damage and repair processes affect most of all aspects of biological processes, including RNA metabolism, protein translation, and modification. Therefore, the different clinical phenotypes (high-risk group and low-risk group) were further supported by the difference in signal pathways and biological processes.
Despite encouraging findings in the present study, several limitations still exist. First of all, our results are mainly based on bioinformatics analysis. Although there are multiple datasets for mutual verification, experimental and clinical data will be needed to verify our results in the future. Secondly, although the risk signature and nomogram showed good prediction accuracy in the internal verification, their performance is still warranted validation in different HGSOC populations. Finally, our study did not contain clinicopathological information such as the scope of surgical resection and specific chemotherapy drugs, since TCGA did not cover such information, and the treatment standard for advanced patients with HGSOC has been controversial.
CONCLUSION
Taken together, we profiled the sharply altered NER-related genes between HGSOC and normal samples, which may play a vital role in the progression of HGSOC. More importantly, a robust risk signature that was significantly associated with the clinical outcome of HGSOC was constructed and validated in two different GEO validation sets. In addition, we also developed a 7-gene nomogram containing the risk signature and clinical-related risk factors, which may aid the individualized prediction of the prognosis of advanced patients with HGSOC. Finally, further research on these genes may provide new insights into the potential relationship between the NER repair pathway and HGSOC prognosis.
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The tumor microenvironment (TME) refers to the cellular environment in which tumors exist. An increasing number of reports have emphasized its role in tumor progression, prognosis, relapse, metastasis, and therapeutic response with breast cancer (BRCA). Few studies have revealed a systematic landscape of immune cell infiltration (ICI) in BRCA.  In this study, we comprehensively analyzed the immune cells infiltrating TME in BRCA. Three ICI patterns were identified through an unsupervised clustering method and an ICI score was developed by a principal component analysis (PCA). A Kaplan-Meier survival with log-rank test revealed a significant overall survival (OS) difference of BRCA patients with these three ICI patterns. We also found that a high ICI score was characterized by an elevated tumor mutation burden (TMB), effector T-cell infiltration, INF-γ-related cytotoxicity, and cytolytic activity score. An independent cohort validated that this ICI score could be a prognostic indicator for BRCA. Two immunotherapeutic cohorts and two chemotherapeutic cohorts confirmed that patients with higher ICI scores showed significant chemotherapeutic and immunotherapeutic advantages. In summary, these results suggest that the ICI patterns could act as a prognostic indicator and that the ICI score could precisely predict the clinical outcome for BRCA patients.
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Introduction

Breast cancer (BRCA) is one of the most common malignancies worldwide with more than 2.2 million newly diagnosed and 680 thousand deaths per year (1). Current therapies have greatly improved the survival rate of early-stage patients. However, the 5-year survival rate remains less than 28% in terminal BRCA patients. To date, the prediction of BRCA prognosis and therapeutic responses mainly depends on the tumour-node-metastasis (TNM) stage. However, BRCA patients in the same TNM stage show different prognoses and therapeutic responses because of tumor heterogeneity. Thus, it is of great importance to incorporate other valuable indicators to predict prognosis and therapeutic responses.

The tumor microenvironment (TME) refers to a cellular environment in which tumors exist, including the surrounding immune cells, stromal cells, and signaling molecules (2–5). Extensive studies have reported a critical role of tumor infiltrating immune components in cancer progression, prognosis, relapse, metastasis, and therapeutic response. For instance, Erdag et al. (6) found that TME differences in immune homing receptors and ligands that influence prognosis in melanoma patients by affecting immune cell recruitment. Kulasinghe et al. (7) reported that tumor-infiltrating lymphocyte-associated biomarkers in the triple-negative breast cancer TME affect chemotherapeutic response and survival. Hu et al. (8) revealed that distinct immune phenotypes have different prognoses, gene mutations, immune infiltrations, and drug sensitivities in TNBC. Risom et al. (9) revealed that myoepithelial disruption in the TME protects BRCA against recurrence via multiplexed ion beam imaging by time of flight. Medrek et at. (10) reported that the M2 phenotype tumor-associated macrophages is related to immunosuppressive TME that is permissive to tumor growth and spread. However, one or two single immune components of BRCA are not sufficient to characterize a complex TME. Hence, it is of great significance to investigate the expansive landscape of immune cells infiltrating TME in BRCA.

To date, quantitating the immune cell abundances of tumor tissues in the lab has been a challenge to researchers. A newly issued computational algorithm, single sample gene set enrichment analysis (ssGSEA), can estimate the relative immune cell abundances of bulk RNA-seq samples through a given immune cell gene set (11). This algorithm enables researchers to depict the immune cell infiltration (ICI) landscape. Through this algorithm, previous studies had comprehensively sketched the ICI landscape to predict prognoses and therapeutic benefits in other types of cancers, such as lung adenocarcinoma, gastric cancer, and head and neck squamous cell carcinoma (5, 12, 13). However, a comprehensive ICI landscape in the TME with BRCA has not yet been fully elucidated.

In this study, we compared immune cell abundances and stromal cells contents in TME among tumor with normal tissues. Additionally, we systematically characterized ICI patterns in the TME with tumor tissues using the TCGA-BRCA cohort. Through principal component analysis (PCA), we defined an ICI score to quantify the ICI status for each sample. An independent cohort, METABRIC, confirmed that the ICI score was a robust prognostic tool for BRCA patients. We found that a high ICI score was related to upregulated tumor mutation burden (TMB), effector T-cell infiltration, INF-γ-related cytotoxicity, and cytolytic activity. Two chemotherapeutic cohorts confirmed that patients with high ICI scores had a higher responder rate to chemotherapy (GSE5462 cohort: responder rate [RR], 35.71% in the high ICI group versus 20.83% in the low ICI group; chi-square test, P < 0.001; GSE20181 cohort: [RR], 71% in the high ICI group versus 50% in the low ICI group; chi-square test, P <0.05). Two immunotherapeutic cohorts confirmed that patients with the high ICI score had a higher responder rate to immunotherapy (GSE35640 cohort: [RR], 42.9% in the high ICI group versus 21.4% in the low ICI group; chi-square test, P <0.0001; GSE91061 cohort: [RR], 30.7% in the high ICI group versus 13.2% in the low ICI group; chi-square test, P <0.0001). In conclusion, in this study, we developed an ICI score to characterize the extensive immune cell infiltrating TME for BRCA, which could precisely predict the prognoses and response to chemotherapy and immunotherapy.



Methods


Data Accession

Discovery cohort: The RNA-seq data, clinical information, and somatic structural variation data of BRCA patients, were downloaded from The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov) database. We enrolled 967 tumor samples and 112 adjacent normal samples with complete information including survival time, vital status, treatment strategies, RNA-seq data, and somatic variation data.

Validation cohort: We downloaded the RNA-seq data and clinical information of the Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) cohort (14) from the cBio Cancer Genomics Portal website (www.cbioportal.org). A total of 1424 samples were enrolled to validation cohort with complete information including RNA-seq data, overall survival (OS), progression-free survival (PFS), and survival status.

Application cohorts: In total, we gathered 2 chemotherapeutic cohorts (GSE5462 and GSE20181) and 2 immunotherapeutic cohorts (GSE35640 and GSE91061). We downloaded the RNA-seq data and clinical data with these datasets from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo) database by the GEOquery R package (15). We removed these samples with absent or vague therapeutic responses.



Evaluation of Immune Cell Abundances in the Discovery Cohort

To evaluate specific immune cell subsets, we systematically retrieved the issued studies and adopted an immune cell gene set that was proposed by Beibei Ru et al (16). This gene set was consisted of 742 gene signatures representing 28 immune cell subtypes including activated CD8 T cells, central memory CD8 T cells, effector memory CD8 T cells, activated CD4 T cells, central memory CD4 T cells, effector memory CD4 T cells, T follicular helper cells, gamma delta T cells, type 1 T helper cells, type 17 T helper cells, type 2 T helper cells, regulatory T cells, activated B cells, immature B cells, memory B cells, natural killer cells, CD56 bright natural killer cells, CD56 dim natural killer cells, myeloid derived suppressor cells, natural killer T cells, activated dendritic cells, plasmacytoid dendritic cells, immature dendritic cells, macrophages, eosinophils, mast cells, monocytes, and neutrophils (Supplementary File 1). The ssGSEA algorithm of the GSVA R package (17) was used to evaluate the relative immune cell abundances in each patients based on bulk RNA-seq data. The estimate R package (2) was used to asses immune and stromal cell contents for each sample. To comprehensively analyze the ICI status, we merged the immune cell abundance matrix and stromal cell content matrix for subsequent analyses. (Supplementary File 2).



Comparison of the TME Between Normal and Tumor Tissues in the Discovery Cohort

To investigate TME differences between normal and tumor tissues, we compared the immune cell abundances and stromal cell contents of 112 normal tissues and their matched tumor tissues. We visualized the landscape of immune cell abundances and stromal cell contents through a heatmap by the pheatmap R package (18). The Wilcoxon test was used to compare the significant differences, and a two-tailed P <0.05 was considered to indicate a significant difference. Paired Student’s t test was used to compare the significant differences in PD1 and PD-L1 expression. The box plot drawn by the ggplot 2 R package (19) was used to show these data.



Clustering for ICI Phenotypes With the Discovery Cohort

Based on the immune cell abundances and stromal cell contents of 967 tumor tissues, we performed unsupervised clustering by the consensusClusterPlus R package (20) to identify the ICI phenotypes. Unsupervised clustering depended on Euclidean distance and Ward’s linkage, and was repeated 1000 times to ensure the classification stability. The optimal number of clusters was determined by consensus matrix and relative change of area under a cumulative distribution function (CDF) curve. Finally, we obtained three distinct ICI phenotypes termed ICI Cluster ABC that divided the discovery cohort into three groups.



Differentially Expressed Gene Analysis and Genotype Identification in the Discovery Cohort

To reveal the internal molecular characterizations with these three distinct ICI phenotypes, we performed pairwise comparisons to identify differentially expressed genes (DEGs) by the edgeR R package (21). Genes with a false discovery rate (FDR) adjusted P value < 0.05 and absolute value of |log2FC| (fold change) >1.3 were considered to statistically significant. To identify ICI genotypes, each Fragments Per Kilobase Million (FPKM) normalized DEGs expression value was standardized through log2 (expression value +1) formula across 967 BRCA samples. Additionally, the unsupervised clustering method proposed above was applied to identify ICI genotypes. A relative change in the area under the CDF curve and a consensus matrix were used to determine the optimal number of clusters. We obtained three ICI genotypes termed Gene Cluster ABC that classified the discovery cohort into three distinct groups.



Gene Ontology Functional Annotations and ICI Score Development

The steps with ICI score development were processed as follows. First, we utilized a random forest algorithm to screen the most representative differentially expressed genes (MRDEGs) for these three distinct ICI genotypes by the randomForest R package (22). The random forest algorithm performed classifications and predictions to DEGs through multidecision trees. This algorithm ranked these DEGs by scoring their representativeness according to an accuracy or a Gini value. Here, the top one-third DEGs ranked by accuracy value were recognized as MRDEGs. Furthermore, GO functional annotations were used to investigate the functions of these MRDEGs by the clusterProfiler R package (23), and a P < 0.05 was considered to statistically significant. GO functional annotations included biological processes (BP), molecular functions (MF), and cellular components (CC). Next, we performed PCA using R software (version 4.0.2) to compute signature scores for each BRCA patient based on MRDEGs expression levels. Component 1 was extracted as signature scores according to a pervious study (13). Finally, we applied a method similar to gene expression grade index (24) to define the ICI scores for each patient as follows:

	

Where i is the signature score whose Cox efficiency is positive, and j is the signature score whose Cox efficiency is negative. Additionally, we calculated the ICI score of validation cohort based on the above steps using MRDEGs expression value. To investigate the prognostic value of the ICI score, we grouped the BRCA patients in the discovery cohort and validation cohort by an optimal cutoff area under the curve (AUC) of time-dependent receiver operating characteristic (ROC) analysis (25).



Somatic Genetic Variation Data Analysis With the Discovery Cohort

The maftools R package (26) was used to count the total number of non-synonymous mutations to determine the TMB. To further investigate the prognostic value of TMB, we classified 967 tumor samples in the discovery cohort into high and low TMB subgroups based on an optimal cutoff AUC of ROC analysis. The maftools R package was used to visualize the landscape of the top 30 highest frequent alteration genes among the high and low ICI score subgroups. The chi-square test was used to detect the mutated genetic differences between high and low ICI score subgroups by the maftools R package, and a P <0.05 was regarded as statistically significance.



Genomic and Clinical Dataset Analysis With Application Cohorts

To investigate the predictive role of the ICI score for therapeutic benefits, we filtered these MRDEGs expression value of the application cohorts. Next, we developed the ICI scores with application cohorts through the methodology proposed above. Finally, we grouped the patients who received corresponding therapies into high and low ICI score subgroups according to a median cutoff of the ICI score for further analysis.



Statistical Analysis

All statistical analyses were conducted by R software (Version 4.0.2), and a P < 0.05 was considered to statistically significant. Univariate Cox regression analysis was performed to evaluate relationships between immune cells abundances and OS by survival R package (27). The comparisons of OS with specific groups were performed by the log-rank test of the survminer R package (28). The Kruskal–Wallis test and Wilcoxon test were utilized to examine the non-normalized distribution data. Student’s t test was used to compare normalized distribution data. The chi-square test was used to compare the categorical data.




Results


The TME Difference Between Tumor and Normal Tissues

We compared the relative immune cell abundances and stromal cell contents of 112 normal tissues and their matched tumor tissues. Firstly, we visualized the relative immune cell abundances and stromal cell contents with tumor and normal tissues by a heatmap. Next, the Wilcoxon test was utilized to compare these immune cell abundances and stromal cell contents. We found that tumor tissues were remarkably characterized by high densities of central memory CD8 T cells, activated CD4 T cells, immature B cells, CD56 dim natural killer cells, myeloid-derived suppressor cells, and activated dendritic cells, but normal tissues were significantly characterized by high densities of effector memory CD8 T cells, T follicular helper cells, type 1 T helper cells, activated B cells, natural killer cells, CD56 bright natural killer cells, plasmacytoid dendritic cells, immature dendritic cells, mast cells, stromal score, and immune score (Figures 1A, B). In addition, we observed a significantly upregulated PD1 (paired Student’s t test; P < 0.0001, Figure 1C) and an undifferentiated PDL1 (paired Student’s t test; P > 0.05, Figure 1D) expression level in tumor tissues.




Figure 1 | Comparison of the TME between tumor and normal tissues with BRCA. (A) Heatmap of the ICI landscape between tumor and normal tissues. (B) Box plot of normalized immune cell abundances (Kruskal–Wallis test, ns, no significance P > 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001). Comparison of the expression levels of two vital immune checkpoint molecules; (C) PD-1 and (D) PD-L1 (paired Student’s t test).





Landscape of ICI Phenotypes With BRCA

We performed an unsupervised clustering to systematically characterize the ICI patterns for BRCA using the relative immune cell abundances and stromal cell contents of tumor tissues. According to a consensus matrix and a relative change in area under the CDF curve, three divisions for TCGA-BRCA cohort was the best segregation that divided 967 BRCA patients into three heterogeneous phenotypes termed ICI Cluster A (464 patients), ICI Cluster B (425 patients), and ICI Cluster C (78 patients) (Figure S1B–F). Figure 2A sketched a landscape of BRCA clinical information and immune cellular distributions with these three ICI phenotypes. Prognostic analysis revealed a significant survival difference in these three ICI phenotypes (log-rank test; P = 0.00019, Figure 2B). Almost all immune cell types were remarkably different except for activated CD8 T cells, effector memory CD4 T cells, T follicular cells, type 17 T helper cells, type 2 T helper cells, regulatory T cells, immature B cells, natural killer T cells, activated dendritic cells, immature dendritic cells, macrophages, and eosinophils (Kruskal–Wallis test; P > 0.05, Figure 2C) in these ICI phenotypes. Among these distinct ICI phenotypes, ICI Cluster A patients, characterized by the lowest densities of almost all immune cell types except for activated CD4 T cells, CD56 dim natural killer cells, and monocytes, were associated with a favorable prognosis (median survival of 6472 days). The ICI Cluster B patients with a median survival time of 3842 days, were significantly marked by high densities of all immune cell types. Conversely, ICI Cluster C patients were witnessed the shortest OS (median survival of 2464 days) and were characterized by the lowest densities of activated CD4 T cells, CD56 dim natural killer cells, and monocytes. (Figures 2B, C).




Figure 2 | The ICI landscape in the TME of BRCA. (A) Unsupervised clustering for ICI phenotypes in the TME. The rows represent immune cells, and the columns represent BRCA samples. (B) The Kaplan–Meier curves showing OS (overall survival) outcomes in BRCA patients among these distinct ICI clusters. Log-rank test showing P = 0.00019. (C) The normalized immune cell abundances and stromal cell contents with distinct ICI clusters. (Kruskal–Wallis test, ns, no significance P > 0.05; ****P < 0.0001). (D) The prognostic role of immune cell abundance and stromal cell content. (Univariate Cox regression model, ns P > 0.05; *P < 0.05; **P < 0.01; ****P < 0.0001). Comparison of the expression level of two vital immune checkpoint molecules with these distinct ICI clusters; PD1 (E) and PD-L1 (F). (Wilcoxon test, ns P > 0.05; ****P < 0.0001).



We also performed univariate Cox regression analysis to reveal the prognostic roles of 28 immune cell abundances and stromal cell contents. As depicted in a forest plot, the abundances of activated CD4 T cells (hazard ratio [HR], 0.68; 95% confidence interval [CI], 0.58-0.8; P < 0.0001), CD56 dim natural killer cells (HR, 0.4; 95% CI, 0.26-0.62; P < 0.0001), activated CD8 T cells (HR, 0.75; 95% CI, 0.63-0.9; P < 0.01), immature B cells (HR, 0.76; 95% CI, 0.63-0.93; P < 0.01), myeloid derived suppressor cells (HR, 0.82; 95% CI, 0.7-0.96; P < 0.05), activated B cells (HR, 0.84; 95% CI, 0.72-0.97; P<0.05), activated dendritic cells (HR, 0.63; 95% CI, 0.42-0.95; P < 0.01), monocytes (HR, 0.49; 95% CI, 0.25-0.94; P < 0.05), and memory B cells (HR, 0.64; 95% CI, 0.42-0.98; P < 0.05) could serve as protective factors for BRCA patients. Conversely, the abundances of plasmacytoid dendritic cells (HR, 1.93; 95% CI, 1.19-3.13; P < 0.01) and mast cells (HR, 1.32; 95% CI, 1.07-1.62; P < 0.05) were the hazard factors for BRCA patients (Figure 2D). These findings were consistent with the worse OS with ICI Cluster C patients and the favorable OS with ICI Cluster A patients. Moreover, we compared the mRNA expression levels of two vital immune checkpoints (PD1 and PD-L1) in each ICI phenotypes by Wilcoxon test. We found that ICI Cluster A was remarkably characterized by the lowest PD1 (Wilcoxon test, P < 0.0001) and PD-L1 expression (Wilcoxon test, P < 0.0001). Conversely, ICI Cluster B was observed to have the highest PD1 (Wilcoxon test, P < 0.0001) and PD-L1 (Wilcoxon test, P < 0.0001) expression. Compared with ICI Cluster A, ICI Cluster C was observed to have the same PD1 (Wilcoxon test, P > 0.05) but significantly higher expression of PD-L1 (Wilcoxon test, P < 0.0001) (Figure 2E, F).



Differentially Expressed Gene Analysis and Genotype Clustering

To investigate the intrinsic biological differences that led to distinct ICI phenotypes, we performed pairwise comparisons to identify the DEGs among these three ICI phenotypes. In total, 1183 DEGs were observed among these three ICI phenotypes (Supplementary File 3). As depicted in Figure S2, compared with ICI Cluster A, 265 upregulated and 94 downregulated mRNAs were identified in ICI Cluster B (Figure S2A). Compared with ICI Cluster B, 456 downregulated and 138 upregulated mRNAs were identified in ICI Cluster C (Figure S2B). Compared with ICI Cluster A, 49 upregulated and 605 downregulated mRNAs were observed in ICI Cluster C (Figure S2C). Figure S2D shows the gene relationships among these three ICI phenotypes. Figure S2E depicts a whole landscape of these 1183 DEGs expression levels. Next, an unsupervised clustering using these 1183 DEGs was performed to identify genotypes for BRCA patients. Three classifications dividing the discovery cohort into Gene Cluster A (437 patients), Gene Cluster B (342 patients), and Gene Cluster C (189 patients) were the best optimal according to the consensus matrix and relative change in the area under the CDF curve (Figures S3A–E).

Figure 3A delineates a landscape of these 1183 DEGs and the clinical feature distributions with these 967 BRCA patients among distinct ICI genotypes. A significant difference in OS was observed among these three ICI genotypes (log-rank test; P = 0.0061, Figure 3B). Gene Cluster A patients characterized by the highest densities of neutrophils (Kruskal–Wallis test; P < 0.0001), suffered from the shortest median OS time with 3682 days. Gene Cluster B patients had a median OS time (4326 days), characterized by high densities of activated CD8 T cells, central memory CD8 T cells, effector memory CD8 T cells, central memory CD4 T cells, T follicular helper cells, type 1 T helper cells, immature B cells, memory B cells, natural killer cells, CD56 bright natural killer T cells, CD 56 dim natural killer T cells, plasmacytoid dendritic cells, immature dendritic cells, macrophages, eosinophils, mast cells, stromal score, and immune score. Conversely, Gene Cluster C patients enjoyed the longest median OS time (7345 days), characterized by high densities of activated CD4 T cells, effector memory CD4 T cells, gamma delta T cells, type 2 T helper cells, regulatory T cells, activated B cells, myeloid derived suppressor cells, natural killer T cells, activated dendritic cells, and monocytes (Kruskal–Wallis test; P < 0.0001, Figures 3B, C). Significantly upregulated PD1 and PD-L1 expression was observed in Gene Cluster B and Cluster C compared with Gene Cluster A (Kruskal–Wallis test; P < 0.0001, Figures 3D, E).




Figure 3 | Identification of ICI genotypes. (A) Unsupervised clustering for DEGs among these distinct ICI clusters, which grouped BRCA patients into three Gene Clusters (A–C). (B) The Kaplan–Meier curves showing OS outcomes in BRCA patients among these distinct gene clusters. Log-rank test showing P = 0.0061. (C) Normalized immune cell abundances and stromal cell contents in distinct gene clusters. (Kruskal–Wallis test, ****P < 0.0001). Comparison of the expression levels of two vital immune checkpoints (D) and PD-L1 (E) among these distinct ICI clusters; (Wilcoxon test, ns, no significance P > 0.05; ****P < 0.0001).





Immune Cell Infiltration Score Development and Validation

First, we extracted 398 MRDEGs via a random forest algorithm (Supplementary File 4; Figures S4A, B). Figure S4C shows the whole landscape of these MRDEG expression levels with distinct ICI genotypes. To further validate the functions of these MRDEGs, we performed GO functional annotations. GO BP analysis showed that these MRDEGs were significantly enriched in the terms T-cell selection, lymphocyte costimulation, and positive regulation of T-cell proliferation. GO CC analysis showed that these MRDEGs were significantly enriched in the terms immunological synapse and alpha-beta T-cell receptor complex. GO MF analysis showed that these MRDEGs were significantly enriched in the terms T-cell receptor binding and cytokine receptor activity (Figure S4D, Supplementary File 5). Next, we utilized PCA to calculate the signature scores using these 398 MRDEG expression levels. Then, the patients were divided into two groups as high or low ICI scores basing on an optimal AUC cutoff value with ROC analysis. We also developed an ICI score and grouped the validation cohort using the methodology proposed above (Supplementary File 6).

Figure 4A depicts the distribution of BRCA patients among these three genotypes. In addition, we assessed the level of effector T-cell infiltration (CD8A and CXCL10) and INF-γ-related cytotoxicity (IFNG, GZMA, GZMB, EOMES, and TBX21) for each ICI group based on a seven-gene panel designed in the POPLAR trial (29). Moreover, a cytolytic activity score calculated by the geometrical mean of PRF1 and GZMA mRNA expression levels was used to reflect the magnitude of the antitumor response (30). All of these eight parameters in the high ICI score group were remarkably higher than those in low ICI score group (Wilcoxon test; P < 0.0001, Figure 4B; Student’s t test; P < 0.0001, Figure 4C).




Figure 4 | Development and validation with the ICI score. (A) Gene phenotype distribution of the ICI score and clinical outcomes. (B) Gene expression levels of effector T-cell infiltration (CD8A and CXCL10) and INF-γ-related cytotoxicity (IFNG, GZMA, GZMB, EOMES, and TBX21) between the high and low ICI score group. (Wilcoxon test ****P < 0.0001). (C) The cytolytic activity score between the high and low ICI score groups. (Student’s t test, ****P < 0.0001). (D) Kaplan–Meier curve showing OS outcomes between the high and low ICI score groups in the TCGA-BRCA cohort. Log-rank test showing P = 0.0041. (E, F) Kaplan–Meier curve showing OS outcomes (E; log-rank test, P = 0.052) and PFS outcomes (F; log-rank test, P = 0.0027.) with BRCA patients between the high and low ICI score groups in METABRIC cohort. (G) Kaplan–Meier curve showing OS outcomes of BRCA patients between the high and low ICI score groups treated with radiotherapy (RT) or chemotherapy (CT) in the TCGA-BRCA cohort (log-rank test, P = 0.016).



Kaplan–Meier survival with log-rank test was used to assess the relationships between OS and ICI score. We observed that BRCA patients with high ICI scores (median survival time: 6632 days) had significantly favorable OS versus patients with low ICI scores (median survival time: 3564 days) in the discovery cohort (log-rank test: P = 0.0041, Figure 4D). Additionally, a significant survival advantage of BRCA patients with high ICI scores was observed in PFS (log-rank test; P = 0.0027, Figure 4F) rather than OS (log-rank test; P = 0.052, Figure 4E) in the validation cohort. We also found that BRCA patients with high ICI scores who received radiotherapy or chemotherapy retained a significant survival advantage in discovery cohort (log-rank test; P = 0.016, Figure 4G).



The Relationships Between the ICI Score and Somatic Genetic Variation

Previous studies have reported that tumor somatic genetic variation is related to cancer prognoses and determines therapeutic responses (31, 32). Inspired by these studies, we investigated the relationships between TMB and ICI score. First, a significantly elevated TMB was observed in BRCA patients with high ICI scores (Wilcoxon test; P < 0.05, Figure 5A). We also found that TMB was remarkably and positively correlated with ICI score (Spearman coefficient: R = 0.093, P = 0.0039, Figure 5B). To further study the prognostic value of TMB, we categorized BRCA patients into high TMB or low TMB subgroups based on an optimal cutoff of TMB value (0.37) with ROC analysis. As shown in Figure 5C, BRCA patients with low TMB had statistical survival advantage over those with high TMB (log-rank test; P = 0.0013). Additionally, hierarchical survival analysis revealed that this survival advantage was independent of TMB (log-rank test; P = 0.00031, Figure 5D).




Figure 5 | Correlation between ICI score and somatic mutation. (A) The TMB among the high and low ICI score groups (Wilcoxon test, *P < 0.05). (B) Correlation between the ICI score and TMB with distinct gene clusters (Spearman correlation test, P = 0.0039; spearman correlation coefficient = 0.093). (C) Kaplan–Meier curves showing OS outcomes of BRCA patients between high and low TMB group. Log-rank test showing P = 0.0013. (D) Kaplan–Meier curves for BRCA patients stratified by both TMB and ICI scores. Log-rank test showing P = 0.00031. (E, F) Landscape of the top 30 drive mutated genes for the low ICI score (E) and high ICI score groups (F). Each column represents the individual patients and each row represents a drive mutated gene.



The subsequent analyses assessed the distribution of driver somatic variant genes between the high and low ICI score subgroups. Figure 5 shows the top 30 most frequently mutated genes with high (Figure 5E) and low (Figure 5F) ICI score groups. A total of 124 statistically different somatic variant genes were detected between high and low ICI score groups through the chi-square test conducted by the maftools R package (Supplementary File 7).



The Role of the ICI Score in the Prediction of Therapeutic Benefits

We assessed the role of ICI score in predicting chemotherapeutic benefits using the GSE5462 and GSE20181 datasets. The GSE5462 and GSE20181 datasets recorded microarray and clinical data from BRCA patients before and after letrozole treatment. As depicted in Figure 6, letrozole did not elevate the ICI score of BRCA patients (paired Wilcoxon test; P > 0.05, Figures 6A, C) but patients with high ICI scores had higher responder rate (GSE5462 cohort: responder rate [RR], 35.71% in the high ICI group versus 20.83% in the low ICI group; chi-square test, P < 0.001, Figure 6B; GSE20181 cohort: [RR], 71% in the high ICI group versus 50% in the low ICI group; chi-square test, P < 0.05, Figure 6D). We also investigated the immunotherapeutic benefit prediction role of the ICI score using GSE35640 and GSE91061 datasets. The GSE35640 and GSE91061 datasets recorded microarray and clinical data of melanoma patients with anti-MAGE-A3 and anti-PD1 treatments, respectively. We found that melanoma patients in the anti-MAGE-A3 responder group had higher ICI scores (GSE35640 cohort: paired Wilcoxon test; P < 0.05, Figure 6E). In contrast to chemotherapy, anti-PD1 treatment was found to elevate the ICI score of melanoma patients (GSE91061 cohort: paired Student’s t test; P < 0.0001, Figure 6G). Moreover, higher responder rates were observed in the high ICI score group with both anti-MAGE-A3 and anti-PD1 treatments (GSE35640 cohort: [RR], 42.9% in the high ICI group versus 21.4% in the low ICI group; chi-square test; P < 0.0001, Figure 6F; GSE91061 cohort: [RR], 30.7% in the high ICI group versus 13.2% in the low ICI group; chi-square test; P < 0.0001, Figure 6H).




Figure 6 | Value of the ICI score in predicting chemotherapeutic and immunotherapeutic benefits. (A) ICI score of patients with letrozole treatment before and after 10-14 days. (Paired Wilcoxon test; P > 0.05). (B) Rate of clinical response to letrozole among the low and high ICI score group after 10-14 days (chi-square test; P < 0.001). (C) ICI score of patients with letrozole treatment before and after 90 days. (paired Wilcoxon test; P > 0.05). (D) Rate of clinical response to letrozole in the low and high ICI score groups after 90 days (chi-square test; P < 0.05). (E) ICI score of melanoma patients with MAGE-A3 antigen treatment between responder and nonresponder groups (Wilcoxon test; P < 0.05). (F) Rate of clinical response to MAGE-A3 antigen treatment among the low and high ICI score groups (chi-square test; P < 0.0001). (G) ICI score of melanoma patients before and after PD-L1 antigen treatment (paired Student’s t test; P = 0.021). (H) Rate of clinical response to PD-L1 antigen among the low and high ICI score groups (chi-square test; P < 0.0001).






Discussion

An increasing number of studies have reported that the TME plays an indispensable role in tumor progression, prognosis, relapse, metastasis, and therapeutic response in BRCA. However, most studies have focused on a single TME component or regulator. A comprehensive TME characterization has not yet been recognized. Identifying distinct ICI patterns will promote our understanding of the TME and guide precise individual therapies.

In this study, based on the TCGA-BRCA cohort, we first investigated the difference in the TME between normal and tumor tissues. Our results revealed relatively sparse immune cells and an upregulated PD1 and an undifferentiated PDL1 expression level in BRCA tissues, which indicated that immune cell dysfunction and immune escape in the tumorous TME plays critical roles in tumorigenesis. The PD1/PDL1 pathway is regarded as a brake of immune system which attenuates the tumor-infiltrating lymphocytes (TILs) activation through increasing PDL1 expression on tumor cell surface (33). In line with our study, Uhercik et al. (34) also revealed an upregulated PD1 and an undifferentiated PDL1 expression level in BRCA tissues. However, Jun fang et al. (35) reported that mRNA expression level of PD1 was up-regulated but the PDL1 was down-regulated in BRCA tissues.

Our primary concerns were the TME with BRCA tissues, so we focused on an ICI with tumor tissues. Based on immune cell abundances and stromal cell contents with each tumor sample, we identified three ICI phenotypes for BRCA termed ICI cluster ABC. ICI Cluster A was characterized by sparse immune cells and stromal cell contents that corresponded to the immune-desert phenotype; ICI Cluster B was characterized by an activation of innate immunity and adaptive immunity that corresponded to the immune-inflamed phenotype; and ICI Cluster C was characterized by an activation of innate immunity and upregulated PD1 expression that corresponded to the immune-exclude phenotype. So far, few studies have reported the PD1 and PDL1 expression levels among those three ICI phenotypes in BRCA. But, in the Head and Neck Squamous Cell Carcinoma, Xinhai Zhang et al. (13) revealed a consistent PD1 and PDL1 expression levels with our study. In addition, we observed that the abundances of activated CD4 T cells, CD56 dim natural killer cells, activated CD8 T cells, immature B cells, myeloid-derived suppressor cells, monocytes, and memory B cells were associated with a better OS, but the abundances of plasmacytoid dendritic cells and mast cells were related with a worse OS, which was consistent with previous studies (30, 36–38). However, the prognostic analysis showed a mismatching OS order with these three ICI phenotypes. Although the immune-exclude phenotype was also characterized by high immune cell densities compared with immune-inflame phenotype, the abundant surrounding stromal cells protected these immune cells against penetrating the parenchyma, which suppressed their antitumor effects (39). Compared with the immune-desert phenotype, the OS disadvantage of the immune-inflame phenotype should be attributed to upregulated PD1 and PD-L1 expression, which inhibits immune cellular activation and increases the developmental T-cell exhaustion (40, 41). The mismatching OS orders with these three ICI phenotypes also implied that the ICI phenotypes cannot absolutely predict the prognosis. The extensive genetic alterations of these three ICI phenotypes might affect tumor prognosis.

These genetic alterations in tumor tissues changed the original patterns of intercellular interactions of infiltrating immune cells, which disturbed the balance of immunity tolerance and activity (42). Therefore, we hypothesized that ICI phenotype-associated genes could be novel biomarkers to determine suitable therapeutic strategies for BRCA patients, so we performed DEGs analysis and consensus clustering for genotypes. We found that Gene Clusters B and C had favorable OS with intact antigen presenting cells, CD8 T cells, and CD4 T cells indicating an immune-hot phenotype (43, 44). In contrast, the sparse immune and stromal cell distributions in Gene Cluster A imply an immune-cold phenotype. In addition, we observed that a survival advantage with Gene Cluster C might be associated with its high immune score and low density of neutrophils, eosinophils, and mast cells. In line with previous studies, we found that immune-hot phenotypic patients with a survival advantage had upregulated PD1 and PD-L1 expression, implying that immune-hot phenotypic BRCA patients might benefit more from immunotherapy (34, 45). In the clinical practice, the immune cell abundances of each sample can be detected by the Flow cytometry directly or the methodology proposed at present study. Basing on the immune cell abundances detected in the clinical practice and the characterizations of each ICI phenotype or genotype we identified, the doctors could group the patients in the matched ICI phenotype or genotype we proposed.

Through a random forest algorithm, we identified 394 MRDEGs for these ICI genotypes. As expected, a survival advantage of BRCA patients with high ICI score was observed in the discovery cohort and validation cohort. This survival advantage profited from its high level of effector T-cell infiltration, INF-γ-related cytotoxicity, and cytokine activity. Importantly, a hierarchical survival analysis of the discovery cohort revealed that the prognostic role of ICI score was independent of therapy strategies. Recent studies have explored a correlation between gene mutation and response or tolerance to therapies (46–49). We also investigated the correlation between the ICI score and variant frequency in multiple genes. Consistent with previous studies, therapy-sensitive somatic mutation genes were remarkably reduced in BRCA patients with low ICI scores (13). The correlation between the ICI score and TMB was 0.0093. A hierarchical analysis revealed that the prognostic value of the ICI score was independent of TMB. A low correlation coefficient and different predictive values implied that the ICI score and TMB were two distinct aspects of tumor biology.

Currently, chemotherapy remains a primary strategy for BRCA. Thus, it is necessary to assess the predictive value of the ICI score for chemotherapeutic benefits in BRCA patients. Our data indicated that chemotherapeutic agents could not elevate the ICI score, but patients with high ICI scores benefited more from chemotherapies. This phenomenon should be attributed to immunosuppression of chemotherapeutic agents. For a long time, immunotherapies have not been considered to a suitable strategy for BRCA due to low immunogenic peptide presentation (50). The phase III Impassion 130 trial reported that immune checkpoint block gained promising clinical efficacy in extending survival time with BRCA patients, which news recaptured researchers’ attention (51). Despite a successful application of immunotherapies across a broad range of cancers, only a few patients could benefit from it. Even the issued guidelines with Society for Immunotherapy of Cancer had emphasized that a population suitable for immunotherapies should be further identified (52). Here, our data revealed that patients with high ICI scores benefited more from immunotherapies, which indicated that ICI scores could guide immunotherapies. Generally, the ICI score we developed could be a robust tool to guide individual treatments for cancer.

Our study also has several limitations. First, a PFS not OS confirmed the prognostic value of the ICI score in the validation cohort. Second, due to the absent of public BRCA immunotherapeutic cohorts, we validated the prognostic value with ICI score for immunotherapies using two melanoma cohorts. Third, a comprehensive study integrating ICI patterns, clinical information, and somatic mutation information was solely performed in the TCGA-BRCA cohort. However, the accessibility of these data to BRCA patients is insufficient in the validation cohort, thus, we failed to validate all of our findings in multiomics. Considering that these 967 TCGA-BRCA tumor samples could sufficiently contain all ICI patterns in the TME, we did not merge the RNA-seq datasets from different sequencing platforms to avoid batch effects. Last, we failed to perform RNA sequencing with an internal validation cohort for research funding limitations. Therefore, we included 1424 samples with complete information in the validation cohort to overcome this shortcoming. Further comprehensive studies integrating multiomics data are still prospective in this field.

In conclusion, by applying bioinformatics and multiomics analyses, we identified there ICI patterns and developed an ICI score to characterize the extensive immune cell-infiltrating TME for BRCA, which could precisely predict the clinical outcome and response to chemotherapy and immunotherapy.
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Kidney renal clear cell carcinoma (KIRC) has the highest mortality rate and potential for invasion among renal cancers. The diagnosis and treatment of KIRC are becoming challenging because of its diverse pathogenic mechanisms. Glia (GMFB) is a highly conserved growth and differentiation factor for glia cells and neurons, and it is closely associated with neurodegenerative diseases. However, its role in KIRC remains unknown. The present study integrated bioinformatics approaches with suitable meta-analyses to determine the position of GMFB in KIRC. There was a significant decrease in Gmfb expression in KIRC kidneys compared with normal controls. Gmfb expression was negatively associated with pathologic stage, T and M stages, and histologic grade. Univariate and multivariate analyses showed that elevated Gmfb expression was an independent factor for a favorable prognosis. Furthermore, the nomogram verified that Gmfb is a low-risk factor for KIRC. Knockdown of Gmfb in Caki-2 cells increased viability and decreased p21 and p27 levels. Overexpression of Gmfb inhibited Caki-2 cell proliferation, migration, and invasion and decreased mitochondrial membrane potential. Gene ontology and Kyoto Encyclopedia of Genes and Genomes pathway enrichment analyses considering Gmfb co-expressed differentially expressed genes (DEGs) showed that collecting duct acid secretion and mineral absorption ranked were the most important upregulated and downregulated DEGs, respectively. The upregulated hub genes for DEGs were mainly involved in nucleosome assembly, nucleosome organization, and chromatin assembly, and the downregulated hub genes were primarily associated with keratinization. The ratio of tumor-infiltrating immune cells in KIRC tissues was evaluated using CIBERSORTx. The results showed that the Gmfb expression was significantly positively correlated with macrophage M2 cells and mast resting cell infiltration levels and negatively correlated with T follicular helper, T regulatory, and B plasma cell infiltration levels. The former cell types were associated with a beneficial outcome, while the latter had a worse outcome in patients with KIRC. In summary, this study identified GMFB as a novel independent biomarker and therapeutic target for KIRC, and it provides a helpful and distinct individualized treatment strategy for KIRC with a combination of molecular targets and tumor microenvironment.




Keywords: kidney renal clear cell carcinoma, Glia maturation factor-beta, biomarker, prognosis, immune infiltration



Introduction

Kidney cancer is one of the ten most common types of cancer worldwide (1, 2). It is estimated that 300,000 people worldwide develop kidney cancer each year, and approximately half of them die from this disease (3). Kidney renal clear cell carcinoma (KIRC), which originates from the epithelial cells of the proximal convoluted tubule of the nephron, has become one of the most rapidly evolving areas of oncology, accounting for approximately 75% of kidney cancers (3–5). In addition to being the most common subtype, KIRC has the highest aggressiveness and metastasis and the highest mortality rate (4), as well as the highest immunity and vascular infiltration of cancer types (6, 7).

The molecular mechanisms involved in KIRC pathogenesis are diverse (8), including direct chromatin configuration alteration, vasculogenesis, and glucose metabolism (8, 9). Over the past few years, many studies have focused on the oncogenes of renal cell carcinoma, resulting in the discovery of a repetitive mutation in KIRC (10). However, oncogenes and suppressors such as RAS genes, TP53, Rb, CDKN2A, BRAF, PIK3CA, PTEN, EGFR, and ERBB2, which are highly mutated in other adult epithelial cancers, play only a minor role in KIRC (10). The diagnosis and treatment of KIRC are becoming a challenge for the oncology community. Currently, the most reliable prognostic predictors for KIRC are T, N, and M stages (11). However, in these indicators, survival rates may vary considerably, even among patients with the same set of illnesses (11, 12). Therefore, there is an urgent need to identify novel, reliable prognostic biomarkers and therapeutic targets for patients with KIRC.

Recently, bioinformatics techniques have become crucial for deciphering the molecular mechanisms underlying KIRC. A considerable number of KIRC-related high-throughput microarray datasets and sequencing datasets have been accumulated, resulting in groundbreaking changes in KIRC research. Multi-omics have identified some genes, such as CHAC1 (13), METTL14 (14), P4HB (15), and FOXM1 (16), as novel prognostic indicators for KIRC. However, the analysis of the tumor microenvironment (TME) linked to the specific targets of KIRC is lacking.

It is well known that heterogeneity, an essential feature of tumors, may contribute to the distinct responses of cancer patients to the same treatment. Single-cell sequencing technology allows for dissecting tumor heterogeneity at the molecular and cellular levels. The TME is increasingly considered a target for drug treatment strategies (17). Recently, Hu et al. revealed intratumoral heterogeneity in KIRC, resulting in different clinical outcomes in single-cell transcriptomes (18).

Glia maturation factor-beta (GMFB), a highly conserved brain-specific protein, is a 17-kDa brain protein recognized as a growth and differentiation factor acting on neurons and glia (19, 20). It is essential for brain growth and development, and it is widely expressed in mammalian neuronal, glia, and parenchymal cells (21). GMFB is phosphorylated by protein kinase A (PKA) (19). Furthermore, PKA-phosphorylated GMFB inhibits extracellular signal-regulated kinase (ERK) and enhances p38 (22). It has been shown that the upregulation of GMFB is closely related to neurodegenerative disorders such as Parkinson’s disease (23). Our previous work revealed that GMFB functions as a novel independent prognostic biomarker and therapeutic target for liver hepatocellular carcinoma (LIHC) (24). However, the role of GMFB in KIRC remains unclear.

The present study employed The Cancer Genome Atlas (TCGA) database and the CIBERSORTx tool (https://cibersortx.stanford.edu) to explore the potential effects of GMFB and GMFB-related TME, and the significant findings of molecular signatures were confirmed by quantitative real-time PCR (qRT-PCR), Western blotting, and immunostaining in human renal clear cell carcinoma cell line Caki-2. The obtained results allow further understanding of the interaction between GMFB and the TME in KIRC and thus provide a novel strategy for GMFB-based KIRC immunotherapies.



Methods


Data Collection and Differential Expression Analysis

RNA sequencing (RNA-seq), somatic mutations, and related clinical data were downloaded from TCGA (https://portal.gdc.cancer.gov/), containing 11,069 samples from 33 types of cancer (25). RNA sequence data from 539 patients with KIRC and 72 normal tissues were also downloaded from TCGA database. RNA-seq data and patient clinical information (Workflow Type: HTSeq-FPKM) were acquired using UCSC Xena (https://xena.ucsc.edu/), an online tool for the exploration of gene expression and clinical and phenotypic data. UALCAN (http://ualcan.path.uab.edu) (26) and the Human Protein Atlas (HPA) (https://www.Proteinatlas.org/) (27) were used to analyze GMFB protein expression patterns and immunohistochemical results in normal kidney tissue and KIRC samples.



Survival Analysis and the Relationship Between Gmfb Expression and Prognosis

Survival and clinical phenotype data were extracted for each sample downloaded from TCGA database. Overall survival (OS) and disease-free survival (DFS) were evaluated to determine the relationship between Gmfb expression and patient prognosis. The Kaplan–Meier curve and Cox regression analyses were performed to assess the association between Gmfb expression and OS in KIRC patients. Subsequently, multivariate analysis was employed to estimate whether Gmfb expression was an independent prognostic factor for survival in patients with KIRC.

Gene expression profiling interactive analysis (GEPIA) (http://gepia2.cancer-pku.cn/#index) was used to confirm the correlation between Gmfb expression and clinicopathological information in multiple cancer types (28).



Enrichment Analysis

The top 2,000 upregulated and downregulated differentially expressed genes (DEGs) between the high and low Gmfb expression groups, defined by Spearman’s rho above 0.30, were used for enrichment analyses. Pathways within the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) terms were assessed for enrichment using the KEGG Orthology-Based Annotation System (KOBAS) platform (http://kobas.cbi.pku.edu.cn/) (29–32) and Metascape (https://metascape.org/gp/index.html#/main/step1) (33, 34).



Assessment of Immune Infiltration

CIBERSORTx (http://cibersort.stanford.edu/) is a deconvolution algorithm that predicts the cell type components of intricate tissues based on normalized gene expression profiles; its results are usually in agreement with true estimates for many types of cancer (35). As so, CIBERSORTx was used to evaluate the relative proportions of 22 infiltrating immune cell subtypes in KIRC and LIHC (35). The percentages of the 22 immune cell subtypes derived from CIBERSORTx were regarded as a correction at p < 0.05 (36). The relationship between the expression of 22 subtypes of tumor-infiltrating immune cells (TIICs) and the survival of KIRC and LIHC patients was conducted using GEPIA2021 (http://gepia2021.cancer-pku.cns/) (37). The results of the survival analysis were considered statistically significant at p < 0.05.



Protein–Protein Interaction Network Construction and Hub Gene Screening

Protein–protein interaction (PPI) networks were constructed using the Search Tool for the Retrieval of Interacting Genes (STRING; http://string-db.org/) database (38) (version 11.5) and Metascape (http://metascape.org). Hub genes were identified using the CytoHubba plugin (39) in the Cytoscape software (40) (version 3.7.7). The maximal clique centrality (MCC) algorithm was employed to identify hub genes.



Cell Lines

The human embryonic kidney cell line 293T purchased from American Type Culture Collection (ATCC) and Caki-2 purchased from the Fenghui Institute of Biotechnology were used in this study. The HEK293T and Caki-2 cells were separately maintained in Dulbecco’s modified Eagle’s medium (DMEM)/high glucose and DMEM/nutrient mixture F12, respectively, supplemented with 10% fetal bovine serum (FBS) (Cat. No. 10091148, Gibco, Waltham, MA, USA) and 1% penicillin/streptomycin (Cat. No. 60162ES76, Yeasen, Shanghai, China) at 37°C and 5% CO2.



Cell Transfection

The three pairs of small interfering RNA (siRNA) sequences of human Gmfb are shown in Supplementary Table 1A. A scrambled sequence was used as a siRNA control. The pcDNA-GMFB plasmid and pcDNA3.1 were kindly provided by Wan Sun. Caki-2 cells were transfected using Lipofectamine 2000 (Cat. No. T101, Vazyme, Nanjing, China), according to the manufacturer’s instructions. After transfection for 12, 24, and 48 h, cells were collected for subsequent experiments.



Western Blotting

Caki-2 cells were lysed in radioimmunoprecipitation assay buffer (Cat. No. P0013B, Beyotime, Jiangsu, China) with protease inhibitors (Thermo Fisher Scientific, Waltham, MA, USA) to extract whole-cell proteins. Protein concentration was quantified using a bicinchoninic acid (BCA) kit (Cat. No. 20201ES76, Yeasen, Shanghai, China). A sample (30 μg) of each protein was then separated by sodium dodecyl sulfate–polyacrylamide gel electrophoresis, transferred to a polyvinylidene fluoride membrane (Millipore, Burlington, MA, USA), and blocked with 5% bovine serum albumin (BSA) at room temperature for 1 h. After incubation overnight at 4°C with primary antibodies against GMFB (1:1,000; Cat. No. 10690-1-AP, ProteinTech, Rosemont, IL, USA), GMFG (1:1,000; Cat. No. D121824, Sangon Biotech, Shanghai, China), p21 (1:1,000; Cat. No. 10355-1-AP, ProteinTech, Rosemont, IL, USA), p27 (1:1,000; Cat. No. #3686, CST, Danvers, MA, USA), and actin (1:10,000; Cat. No. 20536-1-AP, ProteinTech, Rosemont, IL, USA), membranes were incubated with a secondary antibody for 2 h. The secondary antibody used was horseradish peroxidase (HRP)-conjugated goat anti-rabbit IgG (1:10,000; Cat. No. SA00001-2, ProteinTech, Rosemont, IL, USA). The proteins were visualized using enhanced chemiluminescence (ECL) (Cat. No. E412-02, Vazyme, Jiangsu, China). Tanon 5200S (Tanon Science & Technology, Shanghai, China) was used to evaluate the density of protein bands, and relative protein levels were quantified using ImageJ software (https://imagej.nih.gov/ij/).



Quantitative Real-Time PCR

Total RNA was extracted with TRIzol reagent (Cat. No. R401-01, Vazyme) and reverse transcribed into cDNA using the Revert Aid Reverse Transcription System (Takara, Dalian, China) according to the manufacturer’s protocol. PrimeScript RT polymerase (Cat. No. RR036A, Takara, Dalian, China) and SYBR Green Master Mix (Cat. No. FP205-02, Tiangen Biotech, Beijing, China) were used for conducting qRT-PCR on a LightCycler 96 Detection System (Bio-Rad Laboratories, Hercules, CA, USA). Data were analyzed using the 2−ΔΔCt method (24). Oligos were synthesized by Sangon Biotech. The oligo sequences are shown in Supplementary Table 1B.



Immunofluorescence

Immunofluorescence analysis was performed to detect the colocalization of GMFB and Arp2/3 complex. 293T and Caki-2 cells were fixed with 4% paraformaldehyde for 15 min, permeabilized with 0.3% Triton X-100 in phosphate-buffered saline (PBS) for 30 min, blocked with 3% BSA for 1 h, and incubated with primary antibodies against GMFB (1:200 Cat. No. 10690-1-AP, 60062-1-Ig, ProteinTech, Rosemont, IL, USA), Arp2 (1:50; Cat. No. D260865, Sangon Biotech, Shanghai, China), and Arp3 (1:50; Cat. No. sc-48344, Santa Cruz, Dallas, TX, USA) overnight with immunofluorescence buffer at 4°C. Cells were then incubated with secondary antibodies (Invitrogen, Waltham, MA, USA), goat anti-mouse IgG(H+L) cross-adsorbed secondary antibody, Alexa Fluor 488 (Cat. No. A-11001); goat anti-mouse IgG(H+L) cross-adsorbed secondary antibody, Alexa Fluor 555 (Cat. No. A-21422); goat anti-rabbit IgG(H+L) cross-adsorbed secondary antibody, Alexa Fluor 488 (Cat. No. A-11008); and goat anti-rabbit IgG(H+L) cross-adsorbed secondary antibody, Alexa Fluor 555 (Cat. No. A-21428) for 1 h at room temperature. After three washes for 10 min each with 1× PBS, cell sections were counterstained and mounted with DAPI Fluoromount-G (Cat. No. D9542, Sigma-Aldrich, St. Louis, MO, USA) and examined under a confocal microscope (Leica, Wetzlar, Germany).



Determination of Cell Viability

Caki-2 cells were transfected with siRNA and pcDNA-GMFB using Lipo2000 (Cat. No. T101-01, Vazyme, Jiangsu, China). At 12, 24, and 48 h post-transfection, cell viability was tested using a Cell Counting Kit-8 (Cat. No. C0037, Beyotime, Jiangsu, China), according to the manufacturer’s instructions. This experiment was repeated four times.



Measurement of Mitochondrial Membrane Potential

Caki-2 cells were transfected with an empty vector or Gmfb overexpression (OE) plasmid. JC-1 staining (Cat. No. C2003S, Beyotime, Jiangsu, China) was performed to determine mitochondrial membrane potential (MMP), according to the manufacturer’s instructions. Cell visualization was performed using fluorescence microscopy (Leica, Wetzlar, Germany).



Wound Healing Assay

Caki-2 cells were seeded in six-well plates and grown to 80%–90% confluence. Confluent cell monolayers were scratched using a sterile 200-µl pipette tip and rinsed with PBS to remove scratched cells according to our previous work (24). Wound closure was observed after 24 h. The wound closure rate was calculated as follows: wound closure (%) = (the area of initial wound − the area of the final wound)/area of initial wound × 100.



Transwell Migration and Invasion Assays

The migration and invasion abilities of cells were assessed using transwell migration (without Matrigel) and invasion (with Matrigel) assays in 24 wells according to our previous work (24). Cell suspensions in an FBS-free medium were added to the upper transwell chambers (24-well, 8-μm pores; BD, Franklin Lakes, NJ, USA), whereas 600 µl of the medium was supplemented with 10% FBS and added to the lower transwell chambers. The cell count after positive staining with crystal violet indicated migration or invasion.




Results


Clinical Characteristics of Kidney Renal Clear Cell Carcinoma Patients

Detailed information on the clinical and gene expression data of the downloaded 539 samples is presented in Table 1. The median age of participants was 61 years. Among the 539 patients, 353 were male (65.5%) and 186 were female (34.5%). The 269 samples of participants under the age of 60 accounted for 49.9% of all samples. The topographic distribution included 51.6% T1 (n = 278), 13.2% T2 (n = 71), 33.2% T3 (n = 179), and 2% T4 (n = 11) cases. Only 16 patients (6.2%) showed lymph node involvement, while 78 cases (15.4%) had distant metastases. Most patients (467, 87.8%) were white.


Table 1 | Clinical characteristics of the kidney renal clear cell carcinoma patients.





Survival Atlas of Gmfb in Multiple Cancer Types and Differential Expression of GMFB Between Tumor and Normal Tissue Samples

The contribution of Gmfb to pan-cancer OS and DFS in the GEPIA2 database was compared using the Mantel–Cox test. The criterion for significant differences was a false discovery rate (FDR) <0.05, also known as p-value adjustment. OS analysis showed that Gmfb expression was negatively correlated with the hazard ratio (HR) of KIRC but positively correlated with the HR of LIHC in pan-cancers (Figure 1A). This was consistent with a previous report (24), in which Gmfb expression was negatively correlated with the HR of KIRC but positively correlated with the HR of adrenocortical carcinoma (ACC) (Figure 1A). Based on the correlation of Gmfb with OS and DFS in pan-cancer analysis, GMFB may be a promising novel prognostic factor for KIRC.




Figure 1 | Survival map and differential expression of the mRNA and protein level of GMFB in pan-cancer and KIRC. (A) Comparing the survival contribution of GMFB in pan-cancer, estimated using Mantel–Cox test, including overall survival (OS) and disease-free survival (DFS). Tumor types with significant differences (p-value adjustment <0.05) were highlighted. HR, hazard ratio. (B) Comparison expression of Gmfb mRNA level between tumor and normal tissues (pair samples). (C) Comparison expression of Gmfb mRNA level between tumor and normal tissues (unpaired samples). (D) Comparison expression of Gmfb mRNA level between HEK293T and Caki-2 cells tested by RT-qPCR. (E) Comparison of GMFB protein level expression between normal and KIRC tumor tissues (unpaired samples). (F) Immunohistochemistry images in normal and KIRC tumor tissues. (G) Comparison expression of GMFB protein level between 293T and Caki-2 cells tested by Western blotting. (H) Colocalization of GMFB with Arp2 in 293T and Caki-2 cells. (I) Colocalization of GMFB co-localized with Arp3 in 293T and Caki-2 cells. Scale bar = 25 μm. White arrows indicate co-location. KIRC, kidney renal clear cell carcinoma. Error bars represent SD. *p < 0.05, **p < 0.01, ***p < 0.001.



Gmfb expression levels were analyzed in pan-cancer tissues using TCGA dataset. Analysis of unpaired samples of 63 types of cancer tissues showed that Gmfb expression differed in 15 types of cancer tissues (Figure 1B), and it was downregulated in KIRC (p < 0.001) (Figure 1B). In the paired KIRC samples, the expression of Gmfb was also downregulated (p < 0.001) (Figure 1C). Protein expression analysis indicated that GMFB was weakly expressed in KIRC (p < 0.001) (Figure 1E). To verify GMFB expression at the protein level, we used the immunohistochemical results of KIRC provided by the HPA database (Figure 1F), which were consistent with those obtained from TCGA database. Gmfb was generally downregulated in renal cancer tissues.

In vitro, we confirmed that the Gmfb mRNA (Figure 1D) and protein (Figure 1G) levels were significantly decreased in Caki-2 cells when compared with HEK293T cells, which was consistent with the results of immunostaining of GMFB in HEK293T and Caki-2 cells (Figures 1H–I). We also detected the colocalization of GMFB and Arp2/3, which were known interaction partners of GMFB (Figures 1H,I), supporting that GMFB was an intracellular protein.



Correlation of Gmfb Expression With Clinical Characteristics of Kidney Renal Clear Cell Carcinoma

The association between Gmfb expression and clinical features of KIRC patients is summarized in Table 2. T stage (p < 0.001), M stage (p < 0.004), primary therapy outcome (p = 0.016), pathologic stage (p < 0.001), gender (p = 0.002), histological grade (p < 0.001), and OS events (p < 0.001) were all significantly associated with Gmfb expression.


Table 2 | Logistic analysis of the association between Gmfb expression and clinical characteristics.



The differential expression of Gmfb was examined according to age, gender, pathologic stage, T classification, N classification, M classification, and histological grade (G) of KIRC patients (Figure 2). Expression of Gmfb was significantly downregulated in men compared to women (p = 0.004) (Figure 2A); it was also significantly associated with pathologic stage (stage IV compared to stage I, p = 0.002; stage III compared to stage I, p < 0.001) (Figure 2B), T stage (T3 compared to T1, p < 0.001) (Figure 2C), M stage (M1 compared to M0, p = 0.007) (Figure 2D), and histological grade (G4 compared to G2, p < 0.001; G3 compared to G2, p = 0.003) (Figure 2E). There was no significant relationship between Gmfb expression and age (Figure 2F) or N classification (Figure 2G).




Figure 2 | Association between the expression of Gmfb and the key clinicopathological characteristics of kidney renal clear cell carcinoma (KIRC). (A) Gender. (B) Pathologic grade. (C) T stage. (D) M stage. (E) Histologic grade. (F) Age. (G) N stage. **p < 0.01, ***p < 0.001, ns not significant.





Prognostic Value of Gmfb Across Kidney Renal Clear Cell Carcinoma

OS analysis showed that Gmfb was a low-risk gene in kidney tissue (p = 0.00018) (Figure 3A). The Kaplan–Meier DFS analysis also demonstrated that patients with high Gmfb expression levels survived longer than patients with low Gmfb expression (p = 0.00013) (Figure 3B). Cox OS analysis demonstrated that a significant prognostic difference existed between the high and low Gmfb expression groups in both univariate (HR 0.541, 95% CI, 0.397–0.736, p < 0.001) and multivariate (HR 0.578, 95% CI, 0.374–0.892; p = 0.013) analyses (Table 3). A receiver operating characteristic (ROC) curve was used to evaluate the prediction accuracy of intensity. The Gmfb score, in terms of the ROC curve, was 0.905 (Figure 3C), indicating that Gmfb was a very sensitive biomarker for KIRC.




Figure 3 | The prognostic value of GMFB expression in kidney renal clear cell carcinoma (KIRC). (A) Kaplan–Meier survival curves for the effect of Gmfb expression on overall survival. (B) Kaplan–Meier survival curves for the outcome of GMFB expression on disease-free survival. (C) Receiver operating characteristic analysis (ROC) curve of GMFB in KIRC. (D) Gmfb expression association with different clinical characteristics shown on the Sankey diagram. (E) The integrated Gmfb and other prognostic factors in KIRC from The Cancer Genome Atlas (TCGA) data by nomogram. (F) The calibration curve of the nomogram.




Table 3 | Univariate and multivariate Cox proportional hazard analyses of Gmfb expression and overall survival (OS) for patients with KIRC.



The Sankey diagram further demonstrated the association between age, gender, Gmfb expression, and clinical status (Figure 3D). Each column represents a characteristic (gender; T, N, and M stages; and expression of Gmfb; different colors represent the various states of these characteristics, and lines represent the distribution of the same sample in other characteristic variables). As shown in the diagram, most female and male patients progressed to stage I. Most patients with stage I disease had high Gmfb expression and a high survival rate. Conversely, patients with more severe diseases tended to have lower Gmfb expression and lower survival rates. A nomogram of OS was constructed to integrate Gmfb expression and some prognostic factors, including T, N, and M classifications and age (Figure 3E). A higher nomogram score represented worse predictive probability. The calibration curve assessed the performance of the nomogram for Gmfb, and the C-index for OS was 0.755 (Figure 3F). In conclusion, this nomogram is a good model for predicting the survival of patients with KIRC.



The Effects of Overexpression of Gmfb in Caki-2 Cells on Viability, Proliferation, Invasion, and Mitochondrial Membrane Potential

To clarify the association between Gmfb expression and cell viability in KIRC, the effects of Gmfb OE and knockdown (KD) on the viability of Caki-2 cells were examined. First, we designed three siRNA sequences for Gmfb, and KD efficiency was determined in HEK293T by Western blotting. As shown in Figure 4A, the siRNA1 with the highest KD efficiency in HEK 293T cells was used for the subsequent experiment (Figure 4A). Then, Gmfb KD and OE in Caki-2 cells were confirmed by Western blotting (Figures 4B, C) and qRT-PCR (Figures 4D, E). In parallel, the expression of GMFG protein, a homolog of GMFB, remained unchanged after transfection with siGmfb or Gmfb OE plasmid, indicating that Gmfb KD specificity was reasonable (Figures 4F, G). After transfection with siRNA and OE plasmids at 12, 24, and 48 h, a significant increase in viability after Gmfb KD was obtained at 24 h (p < 0.05) and 48 h (p < 0.01) (Figure 4H), while a significant decrease in viability after Gmfb OE was observed at 24 h (p < 0.01) and 48 h (p < 0.001) (Figure 4I). These results indicated that GMFB expression level was negatively correlated with tumor cell viability. Moreover, we investigate the effect of altered Gmfb expression on the Caki-2 cell cycle. At 48 h post-transfection of siGmfb in Caki-2 cells, the expression levels of p21 (CDKN1A) and p27 (CDKN1B) significantly decreased when compared with those in the scramble group (Figures 4J, K). The downregulation of p21 and p27 was required for the cellular transition from quiescence to the proliferative state (41). Gmfb OE in Caki-2 cells led to a lower number of migrated cells than in the empty vector group (Figures 4L, M). Invasion assays showed that Gmfb OE inhibited Caki-2 cell invasion (Figures 4L, N) and significantly reduced wound closure (Figures 4O, P). Detection of MMP using the JC-1 assay revealed a shift from red to green fluorescence in Gmfb OE Caki-2 cells (Figure 4Q), indicating that a high level of GMFB led to MMP loss. Taken together, we proposed that Gmfb was a suppressor gene in KIRC.




Figure 4 | The effects of Gmfb knockdown and Gmfb overexpression on proliferation, migration, and invasion in Caki-2 cells. (A) The knockdown efficiency of three pairs of siGmfb was tested by Western blotting in HEK 293T cells. (B–E) GMFB silencing RNA and overexpression Gmfb plasmid efficiency were tested by Western blotting and RT-qPCR in Caki-2 cells. (F, G) GMFG protein level was tested by Western blotting after Caki-2 cells were transferred with siRNA and overexpression plasmid of GMFB. (H, I) Cell viabilities were determined after Caki-2 cells were transferred with siRNA and overexpression plasmid of Gmfb by CCK8 assay at 12, 24, and 48(h) (J, K) The extent of the cell cycle was further determined by CDKN1A (p21) and CDKN1B (p27) using Western blotting. (L) Transwell migration and invasion assays were used to examine the migration and invasion ability of Caki-2 cells. Scale bar = 50 μm. (M, N) Quantification of migration and invasion assays. (O) Image of the scratch assay. Scale bar = 100 μm. (P) Quantification of the scratch assay. (Q) Fluorescence microscopy imaging of Caki-2 cells stained with JC-1. Scale bar = 50 μm. Error bars represent SD. *p < 0.05, **p < 0.01, ***p < 0.001.





Functional Enrichment Analysis of Gmfb in Kidney Renal Clear Cell Carcinoma Patients

To elucidate the molecular mechanism of GMFB in KIRC, Gmfb co-expressed DEGs were used for functional enrichment analysis. The 3493 DEGs identified based on |log2 fold-change| > 1 (adjusted p < 0.05) corresponded to 912 upregulated genes and 2,581 downregulated genes. Detailed information on the DEGs is presented in Supplementary Table 2. DEG expression is shown in the volcano plot (Figure 5A), and the heatmap exhibits a corresponding hierarchical clustering analysis (Figure 5B). The details of the top 10 DEGs with upregulation and downregulation are listed in Table 4 and Supplementary Table 3, respectively. Most of these DEGs have not been reported in previous KIRC studies, except for ALDH6A1 and NCR3LG1. Six DEGs with unknown biological functions and three non-coding RNAs were not identified, including AC003072.1, AC073896.4, AC108673.3, AP001505.1, AC012510.1, AC084036.1, PWAR5, SCARNA10, and SNORA53. Among these, the mRNA levels of seven upregulated and four downregulated DEGs with known functions were further validated by qRT-PCR. Due to the very high cycle threshold values for ZNF196 and SELENOP (38 to 39), we did not redesign the primer for the validation experiment. Consistent with the results of the meta-analysis, INAFM1, HCFC1R1, and METTL26 were downregulated, and ATP6V0D2, TBC1D14, OXCT1, ALDH6A1, FAM160A1, and NCR3LG1 were upregulated in Gmfb OE Caki-2 cells (Figures 5C, D). The details of the nine validated DEGs are listed in Table 4, and the remaining 11 DEGs that were not validated are provided in Supplementary Table 3.




Figure 5 | The identification of DEGs. (A) Volcano plot of differentially expressed genes (DEGs). (B) Heatmap of DEGs. (C) Downregulated DEGs (INAFM1, HCFC1R1, and METTL26) were determined by RT-qPCR. (D) Upregulated DEGs (ATP6V0D2, TBC1D14, OXCT1, ALDH6A1, FAM160A1, and NCR3LG1) were determined by RT-qPCR. Error bars represent SD. *p < 0.05, **p < 0.01, ***p < 0.001.




Table 4 | The significant DEGs with validation.



The KEGG pathway and GO enrichment analyses using KOBAS are shown in Figure 6. The neuroactive ligand–receptor interaction ranked 1 in the top 10 DEGs enriched KEGG pathways, followed by collecting duct acid secretion, linoleic acid metabolism, alpha-linolenic acid metabolism, and mineral absorption (Supplementary Figure 1A). GO enrichment analysis showed that cornification, extracellular region, and serine-type endopeptidase activity were the most enriched terms in biological process (BP), cellular compartment (CC), and molecular function (MF) categories, respectively (Supplementary Figure 1B and Supplementary Table 4). The top ten enriched KEGG pathways, GO terms, and the heatmap of associated DEGs are shown in Figures 6A–D (upregulated DEGs) and Figures 6E–H (downregulated DEGs). Upregulated DEGs were most enriched in collecting duct acid secretion (KEGG pathway), cellular protein metabolic process (BP category of GO), an integral component of the plasma membrane (CC of GO), and serine-type endopeptidase activity (MF of GO) (Figures 6A–D). Downregulated DEGs were most enriched in mineral absorption (KEGG pathway), cornification (BP of GO), extracellular region (CC of GO), and antigen-binding (MF of GO) (Figures 6E–H). There was more overlap in the KEGG pathway and GO analyses between total DEGs and downregulated DEGs than between upregulated DEGs, indicating that the downregulated DEGs may play a more critical and dominant role in KIRC. To this end, we selected five genes involved in the mineral absorption pathway (MT2A, 1G, 1F, TF, and S100G) for qRT-PCR validation of the RNA-seq results. The qRT-PCR revealed that MT2A, MT1G, and MT1F were downregulated, whereas S100G and TF did not show a significant change in Gmfb OE Caki-2 cells (Figures 6I, J).




Figure 6 | Differentially expressed genes with Gmfb in significant Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway and Gene Ontology (GO) term analyses in kidney renal clear cell carcinoma (KIRC). (A) Significant KEGG pathways of 958 upregulated differentially expressed genes (DEGs) and the heatmap of genes in the first pathway collecting duct acid secretion. (B) Enriched GO-BP terms in 958 upregulated DEGs and the heatmap of genes in the first term cellular protein metabolic process. (C) Enriched GO-CC terms in 958 upregulated DEGs and the heatmap of genes in the first term integral component of the plasma membrane. (D) Enriched GO-MF terms in 958 upregulated DEGs and the heatmap of genes in the first term serine-type peptidase activity of (G, E) Significant KEGG pathways of 2,581 downregulated DEGs and the heatmap of genes in the first pathway mineral absorption. (F) Enriched GO-BP terms in 2,581 downregulated DEGs and the heatmap of genes in the first term cornification. (G) Enriched GO-CC terms in 2581 downregulated DEGs and the heatmap of genes in the first term extracellular region. (H) Enriched GO-MF terms in 2,581 downregulated DEGs and the heatmap of genes in the first term antigen binding. (I, J) The downregulated DEGs of mineral absorption were determined by RT-qPCR. (I) MT2A, MT1G, and MT1F had a significant difference. (J) TF and S100G had no significant difference. Error bars represent SD. **p < 0.01, ***p < 0.001.



To clarify the links between terms, PPI network and MCODE component analyses of the top 2,000 DEGs (Supplementary Figure 1C), upregulated (Figure 7A) and downregulated (Figure 7B), were performed using Metascape. Supplementary Table 5 provides detailed data. The PPI network showed that the predominant GO annotations of MCODE1 were cornified envelopes and keratinization in the total DEGs. Among the DEGs associated with upregulated Gmfb, GO annotations of MCODE1 were mainly linked with nucleosome assembly, nucleosome organization, and chromatin assembly. Among the DEGs related to downregulated Gmfb, GO annotations of MCODE1 were specifically associated with G-protein-coupled receptor (GPCR) downstream signaling, GPCR signaling, and GPCR ligand binding (Supplementary Table 5).




Figure 7 | Protein–protein interaction (PPI) network of differentially expressed genes (DEGs) with Gmfb in kidney renal clear cell carcinoma (KIRC) by Metascape. (A) Upregulated DEGs. (B) Downregulated DEGs.





Identification of Hub Genes Using STRING and Cytoscape

Upregulated DEGs were projected separately into the human PPI network in the STRING database, and the hub genes were filtered using the MCC algorithm (Figure 8). The details of the top ten hub genes are shown in Supplementary Table 6. The top six upregulated hub genes (HIST1H2BB, HIST1H1A, HIST1H4F, HIST1H3J, HIST2H2AB, and HIST1H1B) (Figure 8B) belong to the histone cluster family and are mainly involved in nucleosome assembly, nucleosome organization, and chromatin assembly. The top ten downregulated hub genes included SPRR1B, SPRR1A, IVL, SPRR3, SPRR2A, TGM1, SPRR2D, SPRR2E, PI3, and CASP14 (Figure 8D). Except for CASP14 and TGM1, these genes were mainly associated with keratinization, and none has been reported in KIRC. These results suggest that GMFB may play a vital role in modulating nucleosome structure, cellular senescence, mitotic prophase, and keratinization in KIRC.




Figure 8 | Identification of hub genes. (A) The protein–protein interaction (PPI) network was constructed with upregulated differentially expressed genes (DEGs). (B) The hub genes identified with Cytoscape for upregulated DEGs. (C) The PPI network was constructed with downregulated DEGs. (D) The hub genes identified with Cytoscape for downregulated DEGs.





Correlation Between Gmfb Expression, Immune Cell Infiltration, and Prognostic Value of Tumor-Infiltrating Immune Cells in Kidney Renal Clear Cell Carcinoma

Based on the importance of TME, the relationship between immunity and Gmfb expression was further explored. Tumor RNA-seq data (retrieved from TCGA) of 33 different tumor patients and matched normal tissue samples from the Genomic Data Commons (GDC) website were downloaded to analyze the relationship between Gmfb expression and 22 types of TIICs. The heatmap of KIRC and LIHC analysis indicated Gmfb mRNA expression significantly correlated with TIICs (Figure 9A). The analysis by CIBERSORTx showed that the Gmfb mRNA expression positively correlated with the infiltration of T CD4+ memory resting cells (p = 0.00007, R = 0.172), monocytes (p = 5.68E−06, R = 0.196), mast resting cells (p = 0.047, R = 0.086), mast activated cells (p = 0.0017, R = 0.136), macrophage M2 cells (p = 1.81E−09, R = 0.257), macrophage M1 T cells (p = 0.0028, R = 0.13), eosinophil (p = 7.74E−11, R = 0.278), and B naïve cells (p = 9.95E−08, R = 0.229) but negatively correlated with the infiltration of regulatory T cells (Tregs) (p = 1.09E−31, R = −0.479), T follicular helper cells (TFH) (p = 1.43E−15, R = −0.337), T CD8+ cells (p = 4.97E−14, R = −0.319), natural killer activated cells (p = 7.42E−13, R = −0.305), B plasma cells (p = 0.0058, R = −0.12), and B memory cells (p = 0.00001, R = −0.185) (Figure 9A). However, our previous work showed that higher expression levels of Gmfb predicted poor prognostic outcomes in LIHC (26). To explore the possible mechanism underlying the differential effects of Gmfb on LIHC and KIRC, the correlation between Gmfb expression and TIIC in LIHC was analyzed. As shown in Supplementary Figure 2, the infiltration of B memory cells, mast activated cells, and neutrophils was significantly increased in LIHC (Supplementary Figures 2A–B) and was uniformly correlated with worse OS (Supplementary Figures 2C–E). None of these three immune cell types affected the OS of KIRC patients (Supplementary Figure 3). Moreover, the levels of B memory cells, mast activated cells, and neutrophils did not correlate significantly with Gmfb expression in the LIHC group (Figure 9A).




Figure 9 | Analysis of the fraction of tumor-infiltrating immune cells (TIICs) in kidney renal clear cell carcinoma (KIRC) and liver hepatocellular carcinoma (LIHC). (A) Correlation between 22 tumor-infiltrating immune cells and Gmfb expression in KIRC and LIHC samples from The Cancer Genome Atlas (TCGA). (B–F) Kaplan–Meier survival curves for TIICs on overall survival. (B) Macrophages M2, (C) resting mast cells, (D) T help cells, (E) regulatory T cells (Tregs), and (F) plasma cells. *p < 0.05, **p < 0.01, ***p < 0.001



The association between TIICs and KIRC tumor tissues was examined. The relationship between the 22 TIICs and KIRC prognosis was investigated using GEPIA2021. The Kaplan–Meier survival curves (p < 0.05) are shown in Figures 9B–F, and further results are summarized in Supplementary Figure 3. The fractions of macrophages M2 cells (p = 0.05) and resting mast cells (p = 0.000403) were associated with improved survival (Figures 9B, C), but high levels of TFH cells (p = 0.05), Tregs (p = 0.00138), and B plasma cells (p = 0.00844) were associated with worse outcomes (Figures 9D–F).

Taken together, the higher expression of Gmfb in KIRC predicted a better prognosis, partially due to the optimal TME.




Discussion

KIRC is a cancer with high prevalence and mortality (3). However, it can be diagnosed early and successfully treated with surgical or ablative strategies; up to a third of cases present with or develop metastases (42). Thus, a deeper understanding of the molecular mechanisms underlying KIRC is needed. The present study integrated different KIRC databases with suitable meta-analysis approaches, identified GMFB as a novel independent prognostic biomarker, positively correlated with OS and DFS in KIRC patients, and further dissected the possible contribution of GMFB-relevant TME to good clinical outcomes in KIRC patients.

Two studies have shown that GMFB is a prognostic biomarker for astrocytomas (43) and serous ovarian cancers (44). However, using GEPIA2.0 and TCGA in pan-cancer analysis, we failed to obtain consistent results with previous reports (data not shown), possibly due to dynamic updates of the cancer database with increasing sample data deposition. We previously found that Gmfb KD significantly inhibited the proliferation, migration, and invasion of Hep3B cells, and higher Gmfb expression predicted a poor prognosis in LIHC (24). In the present study, a completely distinct relationship between Gmfb and OS/DFS in KIRC was obtained; namely, higher expression of GMFB was associated with a better prognosis for KIRC patients (Figure 3). To confirm the meta-analysis results, Gmfb KD and OE were performed in Caki-2 cells. We found that Gmfb KD promoted cell viability partly due to the downregulation of p21 and p27 protein levels in Caki-2 cells (Figures 4J, K). The downregulation of p21 and p27 protein levels indicated the transition of the cell cycle from quiescent to proliferation (41). Moreover, Gmfb OE inhibited the proliferation, migration, and decreased MMP in Caki-2 cells, and when MMP was disturbed, reactive oxygen species caused the oxidation of mitochondrial pores (45). Taken together, the in vitro results support that high expression of GMFB is beneficial for KIRC patients’ survival. The distinct molecular mechanisms underlying GMFB in LIHC and KIRC merit further investigation.

To reveal the molecular mechanism underlying Gmfb effects in KIRC, we enriched the DEGs with Gmfb co-expression for bioinformatics analysis. KEGG pathway and GO analyses were performed for the top 2,000 downregulated and upregulated DEGs. We validated nine significant DEGs. Consistent with the results from the meta-analysis, INAFM1, HCFC1R1, and METTL26 were downregulated, and ATP6V0D2, TBC1D14, OXCT1, ALDH6A1, FAM160A1, and NCR3LG1 were upregulated in GMFB overexpressed Caki-2 cells (Figures 5C, D). The validated DEGs with GMFB co-expression may participate in multiple pathways in KIRC biology, including enhancing response in KIRC cell to NK cell (NCR3LG1) (46), negatively regulating autophagy (TBC1D14) (47), and being regulated by lactate (ATP6V0D2) (48) in TMEs.

In the upregulated pathways, collecting duct acid secretion was the most enriched, containing DEGs ATP6V0A4, ATP6V1G3, ATP6V0D2, ATP6V1B1 (vacuolar proton pump subunit), SLC4A1 (chloride/bicarbonate exchanger), and CLCNKB (voltage-gated chloride channels). Lower CLCNKB expression has been reported in renal cancer (49). We hypothesized that the upregulated collecting duct acid secretion might play a role in maintaining acid–base homeostasis in the renal tubule.

Mineral absorption, neuroactive ligand–receptor interaction, and estrogen signaling in the downregulated panel were the three most enriched pathways (Figure 6E). Metallothionein (MT) proteins, such as MT1A, B, E, G, F, H, 349 HL1, X, M, MT2A, TF, and S100G, were enriched in the mineral absorption pathway. MTs have a high content of cysteine residues that bind various heavy metals. In this family, MT1A, B, E, G, F, H, HL1, X, M, MT2A, TF, and S100G (vitamin D-dependent calcium-binding protein) are enriched in the mineral absorption pathway. The dysregulation of MTs in renal cell cancer has also been reported. The toxic metals cadmium and lead are associated with renal cell cancer progression (50). A decrease in MT levels in renal cell cancer has also been reported (51). In the present study, we conducted qRT-PCR to validate some of the mRNA levels of several MTs in Caki-2 cells. The results showed that MT2A, MT1G, and MT1F were downregulated, but S100G and TF did not show a significant change in Gmfb OE Caki-2 cells (Figure 6I). This indicates that low expression of Gmfb may lead to increased circulating levels of toxic heavy metals, thus contributing to the progression of KIRC. Currently, there are no relevant reports on S100G and TF in KIRC, and their role, therefore, remains unclear. Cornification, keratinization, and the classical complement activation pathway were significantly enriched in the BP category of GO. There were 23 shared genes between the BP terms cornification and keratinization (Supplementary Table 7). Only CK7 (52, 53) and AE1AE3 (54) cytokeratins have been examined in KIRC. The fundamental functions of other cornification-related genes remain elusive, probably implicating an alteration of epithelial and mesenchymal immunophenotypes for KIRC, which requires further investigation. KOBAS-based GO enrichment analysis revealed downregulated DEGs in the extracellular region, extracellular space, and Ig complex circulating GO-CC category (Figure 6G). Most genes in the extracellular region (Supplementary Table 4) encode MMPs, cytokines, chemokines, growth factors, and others. These results, combined with the DEGs enriched in GO-MF (antigen binding, Ig receptor binding, and serine-type endopeptidase activity) (Figure 6H), suggest cell–cell interactions.

Analyzing PPI networks is increasingly recognized as meaningful to characterize the underlying biology of genes associated with complex diseases (55). As shown in Figure 8, histone cluster family members were enriched in CytoHubba with upregulated DEGs (Figure 8B), and the formation of the cornified envelope was enriched in CytoHubba with downregulated DEGs (Figure 8D). The former is possibly linked to epigenetic regulation in KIRC. In contrast, the latter may contribute to metastasis by disrupting the formation of the cornified envelope, which requires further validation.

The actual context of KIRC is quite diverse due to intratumoral or intertumoral TME heterogeneity. The enriched pathways and GO terms, including extracellular region and neuroactive ligand–receptor binding, encouraged us to analyze the Gmfb-relevant TME.

TME is a complex ecosystem, and it plays a crucial function in cancer progression and response to immunotherapy (7, 56). The TME is composed of adaptive immune cells (T and B lymphocytes) and innate immune response cells (including dendritic cells, mast cells, macrophages, neutrophils, myeloid-derived suppressor cells, and natural killer cells) as well as cancer cells and stroma (i.e., endothelial cells, fibroblasts, pericytes, and mesenchymal cells) (56). Immune and inflammatory responses are strongly associated with survival outcomes in patients with KIRC. Zhang et al. recently revealed insights into the TME in KIRC using single-cell sequencing technology (57) and elucidated an active role for tumor epithelia in promoting immune cell infiltration. In contrast, the immune cell composition in the TME may impact clinical outcomes. Infiltration by CD8+ T cells is associated with a worse prognosis in KIRC (58). CCR4 has been identified as a TME target for renal cancer (59). In the present study, we further integrated the OS data obtained from GEPIA2021 with the results of CIBERSORTx. We found a significant association between GMFB-associated immune cells and OS in patients with KIRC. A significant correlation between GMFB expression and KIRC is shown in Figure 9A. GMFB expression was positively correlated with macrophage M2 cells and resting mast cells but negatively associated with T follicular helper cells, Tregs, and plasma cells (Figure 9A). In addition, high levels of M2 macrophages (p = 0.05) and resting mast cells (p = 0.000403) favored a better prognosis (Figures 9B, C), while high levels of TFH cells (p = 0.05), Tregs (p = 0.00138), and plasma cells (p = 0.00844) caused deleterious clinical outcomes in patients with KIRC (Figures 9D–F). We summarized the role of Gmfb and Gmfb-related TME in KIRC in Figure 10.




Figure 10 | Schematic molecular mechanism of GMFB in the development of kidney renal clear cell carcinoma (KIRC). Created with BioRender.com.



The Gmfb-related TME in LICH was analyzed. Unexpectedly, the Gmfb-related TME in LIHC was quite different from that in KIRC (Supplementary Figure 2). Thus, we speculated that the distinct effects of Gmfb expression on the OS of LIHC and KIRC patients might be due to different immune cell infiltration.

This study had several limitations. The first one was mainly based on bioinformatics analysis, especially datasets from bulk RNA-seq, and lacked validation experiments with human KIRC samples. Secondly, the Gmfb-related TME also needed to be validated with human KIRC samples. The critical molecular signatures identified in KIRC merit further clinical investigation.

In conclusion, our study demonstrated that GMFB could be considered a novel independent prognostic biomarker for KIRC. Modulation of the TME in KIRC by GMFB intervention may represent a novel immunotherapeutic strategy for KIRC and probably improve clinical outcomes.
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Glioma is a common intracranial malignancy in adults and has a high mortality due to its poor prognosis and high recurrence rate. Dysregulation of protein degradation is one of the main promoting factors in glioma development. As an indispensable unit of the proteasome, Proteasome 20S Subunit Beta 9 (PSMB9) is one of the major enzymes in ubiquitin-dependent protein degradation in cells. In addition, proteasomes also participate in a series of cellular processing, like immune regulation, nerve signal transduction, material transport through channels, cell adhesion, and various signaling pathways. However, the relationship between the PSMB9 expression and the occurrence of lower-grade glioma (LGG) is still unknown. First, we collected the RNA-seq and clinical information about LGG clinical samples from The Cancer Genome Atlas (TCGA) cohort, Chinese Glioma Genome Atlas (CGGA; including CGGAseq1 and CGGAseq2) cohort, and Gene Expression Omnibus (GEO; GSE16011, GSE61374, and Rembrandt) cohort. Then, these data were used for differential analysis, survival analysis, enrichment analysis, clinical model construction, etc. In addition, we combine immune-related data for immune-related analysis, including immune infiltration and immunotherapy. Through the above research, we have provided a new biomarker for LGG prognosis prediction and more comprehensively explained the role of PSMB9 in the development of LGG. This study determined that PSMB9 can be used as an immunotherapy target through the analysis of immune data, providing new ideas for the clinical treatment of LGG.
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Introduction

Gliomas are the major cause of central nervous system tumors that cause death in patients, which occupy half of the primary intracranial tumors and always occur in adults (1). According to the different degrees of tumor malignancy, the WHO system divides gliomas into four grades (2, 3). Because of the good prognosis of grade 1 gliomas, we regard them as benign tumors and usually do not include them when conducting glioma research. Recent evidence has shown that grades 2 and 3 gliomas have similar molecular features and fewer prognostic differences, so The Cancer Genome Atlas (TCGA) database classifies grades 2 and 3 gliomas as lower-grade gliomas (LGGs) (4); glioblastoma (GBM) has been studied alone due to its high degree of malignancy and poor prognosis (5). During the analysis, we found that there is a very large heterogeneity between LGG and GBM, so we consider that it is unreasonable to perform an integrated analysis (6, 7). Therefore, we separately conducted our study in LGG cohorts. Due to GBM’s high degree of malignancy, the common clinical treatments are surgical resection supplemented by radiotherapy and chemotherapy, but these strategies have failed to achieve the desired results (8, 9). Given the fact that clinical treatments of gliomas are not satisfactory, we have come up with novel immunotherapies that garnered positive responses, so it is urgently needed to seek new therapeutic targets and prognostic biomarkers (10, 11). As an indispensable component of the proteasome, PSMB9 is closely related to a variety of biological behaviors by participating in the protein degradation process. Our survey provided conclusive evidence for the potential of PSMB9 to act as a robust biomarker to predict the prognosis for patients in LGG.

PSMB9 is an integral member of the proteasome B-type family, involved in the composition of the proteasome. Proteasomes widely exist in the cytoplasm of eukaryotic cells and are involved in protein degradation through the non-lysosomal pathway supplemented by ATP/ubiquitin cleavage (12, 13). PSMB9 is particularly significant for the inactivation and degradation of various proteins in cells. The PSMB9 expression level in tumor tissues is much higher than in para-carcinoma tissue, suggesting that the expression of PSMB9 is highly correlated with LGG and affects various pathways in a subtle and complex way. Through subsequent analysis, we found a high correlation between PSMB9 and immunity in tumors. PSMB9 participates in a variety of biological processes and accelerates the progression of cancer. In view of its versatility, no studies have shown its mechanism of action in the pathogenesis of LGG and its potential application as a clinical immunotherapy target. By examining several databases, we have revealed its role in tumors and potential as an immunotherapy target, demonstrating a stable prognostic marker that can be used as a therapeutic target to alter the course of LGG.

Our research mainly analyzed the relationship between PSMB9 gene expression and characteristics among tumor samples through bioinformatics. We used the TCGA database as the training set and made a preliminary conclusion. Then Chinese Glioma Genome Atlas (CGGA) and Gene Expression Omnibus (GEO) databases were analyzed as the validation set to prove the universality and accuracy of the above conclusions again. We performed a correlation analysis by matching the clinical information and PSMB9 expression levels, and nomograms were constructed to predict the overall survival (OS) of patients. Through the analysis of the RNA-seq data in the low-high expression group of PSMB9, differentially expressed genes (DEGs) were screened out for functional and pathway analysis. Function annotation was conducted through Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis. Gene set enrichment analysis (GSEA) was performed to identify the hallmark gene sets and reveal their enrichment pathways, which can roughly predict gene functions and their roles in tumor progression (14–16). By examining the expression relationships between PSMB9 and several well-known immune checkpoints in different expression groups, we further identified a robust association between the expression of PSMB9 and the immune system. Finally, we explored the relationship between PSMB9 expression in the immunotherapy cohort and sample response in two immunotherapy databases, providing effective guidance for the application of PSMB9 as an effective prognostic marker in LGG immunotherapy. Through the above analysis, we identified that PSMB9 can be used as the prognostic marker; immune analysis was also implemented to confirm the relationship with tumor immune environment and its prospect in tumor immunotherapy application in patients with LGG.



Materials and Methods


Acquisition and Preprocessing of Lower-Grade Glioma Datasets

The LGG data were mainly downloaded from three public datasets for the analysis of the whole article, including TCGA, CGGA, and GEO databases. The mRNA sequencing and clinical information of the LGG samples were downloaded from the Genomic Data Commons Data Portal website (https://portal.gdc.cancer.gov/). Analogously, the data of the CGGA and GEO databases can be downloaded from the CGGA website (http://www.cgga.org.cn/) and GEO website (https://www.ncbi.nlm.nih.gov/gds/). In the GEO dataset, GSE16011, GSE61374, and Rembrandt cohorts were selected for this research. After the original data were obtained, the samples were screened according to the predesigned inclusion criteria to pick the meaningful samples. The specific inclusion criteria are as follows: 1) patients with primary glioma were chosen for the analysis; 2) grade 2 and 3 glioma patients according to the WHO classification; 3) the mRNA expression of each gene in this sample was clear without deletion value; 4) the minimum follow-up time of patients was more than 30 days, and there were no missing values of basic information such as age and sex; and 5) there is no missing value of each gene information, such as 1p19q co-deletion, IDH status (17), MGMT promoter methylation (18). The summary of the proportion of clinical features is shown in Table 1. A total of 473 LGG samples out of 529 remained after TCGA dataset was filtered. The original RNA-seq data were fragments per kilobase of transcript per million fragments mapped (FPKM) data, and a calculation formula that was previously publicly available was used to convert them into transcripts per kilobase million (TPM) data for bioinformatics analysis to make the obtained results more convincing (19–21). In addition, the RNA-seq data and clinical information of IMvigor210 (n = 398) and Gide2019 (n = 41) were downloaded from the GEO dataset to verify the prognostic role of PSMB9 in immunotherapy (22, 23).


Table 1 | Summary of clinical information of LGG patients included in this study.





Potential of PSMB9 as a Prognostic Biomarker

TCGA, CGGA, and GEO cohorts were divided into two subgroups artificially. The optimal cutoff value was calculated using the R package “survival” and “survminer” in the cohort, and the subsequent studies used this criterion to group the low and high PSMB9 expression groups. The survplots were drawn from the data in three databases. Furthermore, the area under the curve (AUC) was performed to identify the prognostic accuracy of PSMB9 in three cohorts. Multivariate Cox regression analyses were also conducted to ascertain the independent prognostic ability.



Enrichment Analysis of PSMB9

The RNA-seq data of TCGA cohort were obtained, the samples were grouped into two according to the previous grouping criteria, and 1,288 DEGs were screened out. GO and KEGG enrichment analyses were carried out through the R package “clusterProfiler” to obtain the cell functions and pathways in which DEG participated (24). At last, the tumor hallmarks enriched in LGG were sorted out by the GSEA software, and pathways with higher enrichment scores (ESs) were singled out for multi-GSEA.



Prediction Model Construction and Accuracy Verification

Univariate and multivariate Cox regression analyses were conducted to determine the independent prognostic effect of PSMB9. Relevant clinical information was included, such as age, gender, WHO grade, IDH mutation, 1p19q co-deletion, and MGMT promoter mutation. The nomogram model was constructed based on the multivariate Cox regression analysis results using the R package “rms.” TCGA calibration curves were constructed by the “calibrate” function in the “rms” packages, and the results above were verified in the CGGA and GEO cohorts. Decision curve analysis (DCA) curves were built to better illustrate the clinical utility of the nomogram model by comparing the benefits of different variables in the model.



Analysis of Immune Cell Infiltration in Lower-Grade Glioma

Infiltrating cell types in glioma samples were analyzed through single-sample GSEA (ssGSEA), CIBERSORT, and ESTIMATE methods and obtained the scores of corresponding immune signatures. The rank of gene expression values was standardized in a single sample, and the ES was calculated using an empirical cumulative distribution function, which is called ssGSEA (25). The r package “GSVA” was applied to evaluate the microenvironment of immune cell infiltration in LGG tumor samples (26). The median PSMB9 expression level was used as the grouping basis to divide LGG samples into high and low expression groups for ssGSEA. Tumor purity, estimated score, immune score, and interstitial score of LGG samples can be obtained through the calculation of the ESTIMATE package. In addition, the relative abundance of each type of immune cell in tumors can be obtained by ssGSEA calculation. CIBERSORT online tool (http://cibersort.stanford.edu/) was used to analyze the proportion of 22 human hematopoietic cell types cells in TCGA cohort (27). The difference analysis of the immune cell types in the PSMB9 high and low expression groups was carried out through the “vioplot” packages. In addition, a single-cell analysis of PSMB9 was also performed in the existing single-cell cohort on the Tumor Immune Single-cell Hub website (TISCH: http://tisch.comp-genomics.org/).



Prediction of Tumor Immunotherapy

Immunotherapy is the latest progress in tumor therapy, among which antagonistic antibodies are one of the important therapeutic methods, like cytotoxic T-cell lymphocyte antigen 4 (CTLA-4) and programmed death 1 (PD-1) (28). In the IMvigor210 cohort (29), patients who received atezolizumab, an anti-PD-L1 drug, were divided into four groups based on their treatment response: complete response (CR), partial response (PR), stable disease (SD), and progressive disease (PD). By analyzing the gene expression in the cohort and its influence on the immunotherapy effect, the difference in PSMB9 expression level in LGG patients against the PD-L1 immunotherapy effect can be predicted. To further access the potential of PSMB9 as an immunotherapy target, PSMB9 expression and acceptance were also validated in another cohort (Gide2019) that was treated with nivolumab, pembrolizumab, and ipilimumab.



Acquisition of Clinical Samples

Twelve clinical samples were collected from inpatients in the Nanchang University Second Affiliated Hospital to conduct our survey, including six clinical normal brain tissues (NBTs), three grade 2 samples, and three grade 3 samples according to WHO classification. All of the samples were stored at a temperature of −196°C immediately after surgical excision. The study has been approved by the Medical Ethics Committee of the Second Affiliated Hospital of Nanchang University. The collection and utilization of clinical samples are strictly in compliance with the established guidelines, and informed consent of patients was obtained.



Cell Culture

SW-1088 and SW-1783 LGG cell lines used in this study were purchased from American Type Culture Collection (ATCC; Manassas, VA, USA). SW-1088 and SW-1783 were cultured with Leibovitz’s L-15 Medium (Gibco, Grand Island, NY, USA) mixed with 10% fetal bovine serum (FBS; Gibco) and 1% Pen Strep (Gibco) and at a temperature of 37°C under normoxic conditions. All the cell samples were obtained during the logarithmic growth period to ensure that the cell morphology and cell function are in the best condition for observation and processing.



Immunofluorescence Protein Localization

To determine the functional pathway of PSMB9, the intracellular localization of PSMB9 was detected by immunofluorescence assay. SW1088 and SW1783 cells were planted on slides, immobilized with 4% paraformaldehyde for 60 min until the cells grew into a suitable density, washed with PBS several times to remove the residual paraformaldehyde, and then incubated in 0.3% Triton X-100 (dissolve in PBS) for 15 min. The cells were washed with PBS another three times, and the antigen was blocked with 5% goat serum for 1 h. Then a rabbit anti-PSMB9 antibody (14544-1-AP; 1:50; proteintech, Wuhan, China) was used to especially bind the PSMB9 protein in the cells at 4°C for no less than 12 h. Alexa Fluor 488-conjugated AffiniPure Goat Anti-Rabbit IgG was used as the secondary antibody to conjugate with the primary antibody after the primary antibody incubation is complete. Next, the sample needs to be incubated with 10 μg/ml of DAPI for 20 s in the dark. Finally, the sample was washed three times with PBS, and anti-quench sealing tablets were used for anti-quench treatment (Fluorescent Mounting Media; Bioss, Woburn, M, USA; Cat. C02-04003) if necessary, followed by confocal microscopy (Leica, Wetzlar, Germany).



Western Blotting of Clinical Samples

The tissue samples were ground and crushed after being cleaned with PBS and then digested and lysed with radioimmunoprecipitation assay (RIPA) lysate dissolved with 1% phenylmethylsulfonyl fluoride (PMSF) on ice for 30 min. After the samples were completely lysed, they were centrifuged in a high-speed refrigerated centrifuge at 12,000 rpm for 15 min, and the tissue protein was obtained. The concentration of the tissue protein was measured with the bicinchoninic acid (BCA) kit (Beyotime, Shanghai, China). Then 10% sodium dodecyl sulfate–polyacrylamide gel electrophoresis (SDS-PAGE) was applied to separate the protein lysates, and 20 ng of total proteins was added to each lane. The protein in the SDS-PAGE glue is transferred to the polyvinylidene difluoride (PVDF) membranes by membrane transfer operation. A 5% bovine serum albumin (BSA) solution was used to block the antigen epitope on the membrane for 2 h at room temperature. Then, the membrane was treated with the primary antibody (PSMB9, 1:2,000, proteintech, Cat. 14544-1-AP; Tubulin, 1:5,000, proteintech Cat. 11224-1-AP) and secondary antibody (horseradish peroxidase (HRP)-conjugated anti-rabbit secondary antibody, 1:5,000, proteintech, Cat. 15001). Enhanced chemiluminescence (ECL; UE; Cat. S6009M) kit was used to visualize the position and abundance of PSMB9 protein. Tanon-5200 Multi was used to visualize the protein brand. The final image was read with ImageJ software (version 1.52a) for gray value, and Tubulin was used as an internal reference control for semi-quantitative statistical analysis of the expression of the target protein.



Fluorescence Immunohistochemistry of Clinical Samples

Previous studies have shown that there is a significant relationship between PSMB9 protein and CD8+ T cells. In order to further detect the relationship between PSMB9 and CD8+ T cell infiltration in tumor tissues, fluorescence immunohistochemistry (FIHC) was performed on tumor samples. The effect of PSMB9 on the infiltration of CD8+ T cells in tumor tissues was revealed by detecting the CD8 and PSMB9 proteins. Five tumor tissue samples were obtained from the biological sample bank of the Second Affiliated Hospital of Nanchang University. First, the tumor tissue was embedded in paraffin, and the sample was cut into 4–6 μm thick slices with a microtome. The samples were placed on glass slides and incubated in xylene solution for 15 min twice, 100% ethanol for 10 min, 85% and 75% ethanol for 5 min for deparaffinization, and antigen was recovered in EDTA buffer (PH 8.0). A 3% BSA solution was used to incubate the slices for 0.5 h to block the antigen, and then anti-CD8 (1:100) and anti PSMB9 (1:100) antibodies were used as the primary antibody to incubate the slices overnight. The residual primary antibody was cleaned with PBS solution, and Cy3 (1:300) and AF 488 (1:400) were used as secondary antibodies for fluorescent labeling and incubated in the dark for 1 h. Finally, the nuclei were stained using DAPI dye for localization. The slides were observed and photographed with a fluorescence microscope.



Statistical Analysis

An OS analysis was conducted by the Kaplan–Meier method (two-sided log-rank test) to analyze the clinical characteristics of two LGG subgroups with high and low PSMB9 expressions. The optical cutoff value was sorted out so that the samples can be divided into two subgroups at that point, and the p-value was the lowest when the “survminer” package was used (30). The optical cutoff value was used as the basis for grouping the dataset into two subgroups in the following study. The predictive potential of PSMB9 mRNA can be accessed by time-dependent receiver operating characteristic (ROC) curves, and the ability was compared by calculating the AUC values. A Students’ t-test was performed to calculate the value of immune-related factors including immune score, stromal score, and tumor mutational burden (TMB) between the low and high PSMB9 expression subgroups, which were artificially divided. Moreover, univariate and multivariate Cox regression analyses were performed through the R package “rms” to evaluate the effectiveness of PSMB9 as an independent prognostic factor, and the nomogram model was constructed based on the above results. The C-index and calibration plot were used to consolidate the above results. All the statistics and methods mentioned above were processed with R software (version 4.0.4, http://www.r-project.org/), Perl (version 5.24.3), and SPSS 22.0 for windows (SPSS, Chicago, IL, USA). The flow chart of this study for performing the data analysis is shown in Figure 1.




Figure 1 | Flow chart of this study. Step1: The sequencing data and clinical information data of LGG patients were downloaded from the TCGA, CGGA and GEO databases respectively, and the PSMB9 gene expression was extracted and matched with the clinical information for analysis of survival and expression differences. Step2: Nomogram model was constructed and its predictive stability was tested for the prognose in LGG patients. Step3: GO, KEGG, and GSEA analysis were performed to predict the function of PSMB9. Immune-related analyses including ssGSEA, CIBERSORT and ESTIMATE were performed to verify the correlation of PSMB9 with the immune environment and its potential in immunotherapy was identified in two independent immunotherapy cohorts(IMvigor210 and Gide2019).






Result


The Difference in PSMB9 Expression in Tumor Tissues

We explored the expression of PSMB9 in pan-cancer using TCGA and GTEx datasets, and the results show that PSMB9 was upregulated in most tumors, including LGG (Figure 2A). We performed the protein–protein interaction (PPI) network through the data from the comPPI website (http://comppi.linkgroup.hu/), and each kind of PPI can be traced back to PubMed. The results show that there are many kinds of proteins that interact with PSMB9 at different subcellular locations in the cell, such as the cytosol extracellular, membrane, and nucleus (Figure 2B). We downloaded the gene expression and DNA methylation data of TCGA database from UCSC Xena (http://xena.ucsc.edu), and the “DESeq2” package was employed to normalize and visually analyze the raw data. We realized that the higher the methylation level of the PSMB9 promoter, the harder it is for transcription factors to bind the PSMB9 promoter region, and the expression will decrease (Figure 2C). To observe the abundance and distribution of PSMB9 protein in LGG cells, we performed the immunofluorescence assays in SW-1088 and SW-1783 LGG cell lines. We found that the protein is distributed in the nucleus and cytoplasm, which can preliminarily prove that the protein can play a role in both the nucleus and cytoplasm (Figure 2D). In order to further verify the differential expression of PSMB9 protein in normal and tumor tissues, we downloaded immunohistochemical pictures of LGG samples from the Human Protein Atlas (HPA; https://www.proteinatlas.org/). The results show that the expression of PSMB9 is much more than that in NBTs (Figure 2E). Finally, we performed Western blotting (WB) with 12 clinical samples to identify the expression of PSMB9. It was proven that the higher the WHO grade, the higher the protein expression of PSMB9 (Figure 2F), which is in accordance with the conclusions we have drawn from the statistical analysis of the database. According to the WB results, we used ImageJ to calculate the corresponding gray value to represent the expression level (Figure 2G). All the evidence mentioned above proves that the expression of PSMB9 in tumor tissues is higher than that in normal tissues.




Figure 2 | Overview of PSMB9 protein in tumor samples. Basic expression, characteristics and distribution of PSMB9. (A) PSMB9 protein is differentially expressed in most tumors and is usually highly expressed in tumor tissues. (B) The PPI network of PSMB9. (Data derived from Pubmed). (C) The relationship between the level of promoter methylation and PSMB9 expression shows a higher PSMB9 expression correlated with a lower promoter methylation level. (D) Confocal images verify the distribution of PSMB9 in SW-1088 and SW-1783 cells and indicate that PSMB9 protein was expressed in both nucleus and cytoplasm. (E) The difference of PSMB9 protein expression and location between normal and tumor tissues were detected by immunohistochemistry which suggested that the expression level of PSMB9 was significantly increased in tumor tissues (Images were downloaded from Human Protein Altas). (F) WB verifies PSMB9 protein expression differences in clinical tissue samples. Tumor tissues have a higher PSMB9 expression than normal tissue. (G) ImageJ detects protein gray values for paired tests to determine protein expression differences.





Clinical Features of PSMB9 Expression

We downloaded the clinical characteristic data of each sample from TCGA database and analyzed their differences through the grouping obtained previously. We sorted the samples according to the expression level of PSMB9; however, some values are so high that it is difficult to distinguish the expression differences in other samples with smaller expression levels. Therefore, we use log2(TPM + 1) transformation to logarithmically process them to reduce the disparity in expression levels between samples. As for clinical information, we made a heatmap of the correlation between expression level and clinical features (Figure 3A). We can observe the different expressions between the status of clinical features and judge if there is a significant statistical difference based on the p-value. The results show that there are statistical differences in the expression of PSMB9 in different WHO classifications and IDH statuses. However, there is no clear difference between the 1p19q co-deletion in TCGA database and the methylation of the MGMT promoter in the GEO database (Figures 3B–E).




Figure 3 | PSMB9 correlated with the clinical and molecular characteristics of gliomas. (A) Heatmap reveals the relationship between various clinical features in each sample of different PSMB9 expressions. (B–E) The violin plot shows the significant difference in WHO Grade (B), IDH status (C), IDH 1p19q (D) and MGMT (E) in different PSMB9 expression subgroups.





Survival Analysis Based on the PSMB9 Expression

After screening according to the aforementioned screening criteria, we retained 473, 413, and 379 samples in TCGA, CGGA, and GEO databases, respectively. By analyzing the mRNA-seq data of TCGA dataset, the expression level of PSMB9 gene was extracted and analyzed as well as the survival time and survival state of patients. After statistical analysis, we sorted the optimal cutoff value and drew the relevant survplot. The figures indicated that among the groups of different PSMB9 expression levels, there were significant differences in patient survival, and samples with high PSMB9 expression tended to have poor prognoses (Figure 4A). The same conclusion is also confirmed in the validation set of the CGGA and GEO databases (Figures 4B, C). However, the situation is not the same in other tumors. For example, the patients with higher PSMB9 expression tend to have better prognoses in BCLA, BRCA, OV, SARC, SKCM, and THCA (Supplementary Figures 1, 2), which is contrary to the conclusion in LGG. This indicates that different types of tumors contain different tumor environments, resulting in different functions of PSMB9 involved. In addition, we verify the accuracy of the PSMB9 prognostic model in the three datasets of TCGA, CGGA, and GEO. The results show that it is robust and convincing in the analysis of 1-, 3-, and 5-year survival rates. The AUC values were totally beyond 0.6, which proves the accuracy of the clinical prognosis model (Figure 4D). The above prognostic-related analysis results indicate the feasibility of PSMB9 as a prognostic-related marker in LGG patients.




Figure 4 | Survival analysis and enrichment analysis. (A–C) K-M survival analysis was performed to validate that shorter survival and poorer prognosis in LGG patients with high PSMB9 expression in three databases (TCGA (A), CGGA (B) and GEO (C)). (D) AUC curve values were all above 0.6, indicating that the predictive power of PSMB9 was stable (E) Multi-enrichment analysis of PSMB9 related DEGs. (F) Gene Ontology analysis of PSMB9-related DEGs. (G) Kyoto Encyclopedia of Genes and Genomes pathway analysis of PSMB9 related DEGs.





Differentially Expressed Gene Enrichment Analysis of PSMB9

We obtained the DEGs between the high and low PSMB9 groups through the website Morpheus (https://software.broadinstitute.org/morpheus/), and the enrichment analysis was conducted based on the above results. GO analysis proved that the close connection between DEGs and immune-related biological behavior and the DEGs of PSMB9 were enriched in the regulation of the immune effector process and neutrophil activation involved in immune response (Figure 4F). KEGG analysis identified that DEGs of PSMB9 were highly related to the phagosome and neuroactive ligand–receptor interaction and many other enrichment analysis results (Figure 4G). The above enrichment analysis results prove the function of PSMB9 in the nervous system and its connection with immunity, which further verifies its role in the occurrence of brain tumors and also reveals that there must be some relationship between PSMB9 and tumor immunity. These inevitable connections provide guidance for our subsequent immune-related analysis of PSMB9. GSEA was performed to reveal detailed information on enrichment results such as “interferon gamma response” and “IL6 JAK STAT3 signaling” in the whole LGG samples in TCGA dataset. A multi-GSEA was conducted to compare the DEGs in different pathways clearly (Figure 4E).



Construction of Nomogram Model and Clinical Prediction Model

We collected the mRNA sequencing data of LGG patients downloaded from TCGA dataset and performed screening according to the aforementioned criteria. TCGA dataset (n = 473) was regarded as the training dataset, and the CGGA (n = 413) and GEO (n = 379) datasets were used as the validation dataset. We conducted univariate and multivariate Cox regression analyses to verify the robustness of the PSMB9 expression as an independent prognostic biomarker (Table 2). The results show that higher age, PSMB9 expression, and WHO grade were risk factors and that IDH status, 1p19q co-deletion, and MGMT were protective factors in the three LGG cohorts. Furthermore, the nomogram model was constructed to evaluate the clinical application of PSMB9 as a prognostic biomarker with three risk factors (age, WHO grade, and PSMB9 expression level) confirmed in the multivariate model (Figure 5A). Moreover, we identified the accuracy of the nomogram by calculating the C-index of each cohort (TCGA:0.762; CGGA:0.678; GEO:0.671), and calibration curves indicated that the nomogram based on PSMB9 expression has a robust prediction ability in 1/3/5-year prognosis (Figures 5B–D). The DCA curves showed that in several datasets, the predictive ability of the nomogram model for 3/5-year survival was significantly higher than that of other prognostic factors. In addition, at a higher threshold, the prediction ability of the nomogram model is better than that of other factors (Figures 5E–J).


Table 2 | Univariate and multivariate Cox regression analyses.






Figure 5 | Construction and validation of the nomogram model. (A) Construction of Nomogram Model about clinical features (including WHO Grade, IDH Status, IDH 1p19q and MGMT) in patients with low-grade glioma. (B–D) The 1/3/5-year OS calibration curves verify the prediction accuracy of the PSMB9-based nomogram model in the TCGA(B), meta-CGGA (C) and GEO (D) LGG cohorts. (E–J) Decision Curves Analysis (DCA) construction in TCGA (E, H), meta-CGGA (F, I) and GEO (G, J).





Relationship Between PSMB9 and Immune Checkpoint Expression

KEGG and GO enrichment revealed the robust linkage between the expression of PSMB9 and the immune microenvironment, especially in the B cell-mediated immunity and interferon-gamma-associated pathways. To further our research, we shifted the focus of our research to the analysis of immune infiltration. The first thing we did is identify the relationship between the expression of immune checkpoints and PSMB9, and we extracted the mRNA-seq data of different immune checkpoints and conducted the differential analysis in the high and low PSMB9 expression subgroup of LGG samples in TCGA dataset. We concluded that the expression of 12 kinds of the immune checkpoint is usually elevated in the high expression group compared with the low expression subgroup, and all the results were statistically different (p < 0.05) (Figure 6A). These results suggest that PSMB9 may be involved in the regulation of immune checkpoint expression, which may promote the effective response of immunotherapy drugs to tumor cells by increasing its expression and thus improving the efficacy. However, there is still insufficient evidence to show the exact relationship between PSMB9 and immune checkpoint expression, and the regulation mechanism of PSMB9 on immune checkpoint expression needs to be further explored.




Figure 6 | Differential analysis of immune characteristics between high and low PSMB9 expression groups. (A) In the high-PSMB9 expression group, the expression of 12 common immune checkpoints is up-regulated, and there was significant statistical significance in the high and low expression groups of PSMB9. (B) In the high-PSMB9 expression group, the infiltration scale of immune cells and abundance of immune-related molecules based on the results of ssGSEA were significantly up-regulated. (ns P>0.05; *P<0.05; **P<0.01; ***P<0.001; ****P<0.0001).





Analysis of Tumor Immune Infiltration

Since we identified the fact that the expression of immune checkpoints in the PSMB9-high group is higher than that in the PSMB9-low group, we made a further study to show the connection between PSMB9 expression and other immune items. To understand the infiltration of various subtypes of immune cells and molecules in tumors, we calculated the enrichment degree of 29 immune-related molecules and processes by the ssGSEA algorithm and conducted a correlation analysis by separating them into two subgroups according to the previous expression criteria (Figure 6B). We found that all immune-related signature indexes were upregulated in the PSMB9 high expression group, and the immune-related scores of most items were significantly increased in the high expression group (p < 0.05). The above results indicate that PSMB9 expression is significantly correlated with most tumor immune characteristics and also demonstrates the great potential and role of PSMB9 in the tumor immune system. Apart from ssGSEA, CIBERSORT and ESTIMATE algorithms were applied to acquire other hallmarks of immunity and tumor, like stromal score and tumor purity (Figure 7A). TISCH website analysis showed that PSMB9 showed high infiltration in CD8+ T cells in the glioma single-cell cohort (Supplementary Figure 3), indicating that PSMB9 may be helpful for CD8+ T-cell activation and chemotaxis. Then, we conducted a difference test and linear regression analysis and found that there were significant differences in each indicator between the high and low expression groups, indicating that PSMB9 plays a role in tumor immunity and has stable prognostic ability in LGG patients (Figures 7B–E, K–N). FIHC revealed the relationship between PSMB9 expression and CD8+ T-cell infiltration in LGG (Figure 8). The results showed that PSMB9 was significantly expressed in LGG tissues, and CD8+ T cells infiltrated LGG tissues with high PSMB9 expression. This is consistent with our bioinformatics conclusion. Moreover, PSMB9 is also related to other immune cell infiltrations, such as macrophages, CD4+ T cells, and B cells, which need to be verified by further experiments. These results show that PSMB9 has a great impact on the tumor immune microenvironment.




Figure 7 | Analysis of immune-related differences and treatment prediction. (A) Heatmap revealed the immune infiltration in the LGG cohort through CIBERSORT, ssGSEA and ESTIMATE algorithm. (B–E) The relevance between PSMB9 expression and immune-related score (including Stromal score, Estimate score, Immune score and Tumor purity). (F) Kaplan–Meier overall survival (OS) analysis in anti-PD-L1 (IMvigor210) cohorts in PSMB9 expression high and low group. (G) Expression of PSMB9 in different treatment response groups. (H) The proportion of the difference in response to anti-PD-L1 immunotherapy in PSMB9 high and low expression group. (I) Kaplan–Meier overall survival (OS) analysis in Gide2019. (J) Kaplan–Meier progression-free interval (PFI) analysis in Gide2019 cohort. (K) The proportion of the difference in response to anti-CTLA4 and anti-PD1 immunotherapy in PSMB9 high and low expression group. (L-O) The scatter plot confirmed the relationship between PSMB9 expression and immune-related score.






Figure 8 | Fluorescent Immunohistochemistry of LGG tumor tissue. DAPI is used to display the localization of nucleus, green represents CD8 protein, red represents PSMB9 protein, and Merge is the overlapping of three pictures.





Prediction of the Effect of Immunotherapy in Patients With Glioma

Due to the lack of immune response cohorts for patients with LGG, we use the anti-PD-L1 cohort (IMvigor210) and a combined anti-PD-L1 and anti-CTLA-4 cohort (Gide2019) for further identification of the prognostic value of PSMB9. We divided the cohort into two subgroups according to the expression of PSMB9, and we performed the survival curves that identified that the higher expression of PSMB9 predicts a better prognosis in patients with melanoma (Figure 7F). The results of anti-PD-L1 clinical immunotherapy can be divided into 4 groups, which are described previously. According to whether there is a therapeutic effect, we divided the 4 groups into two subgroups, namely, the effective group (PR/CR) and the ineffective group (PD/SD). The immune response of patients’ anti-PD-L1 was better in the PSMB9 high expression group than in the lower expression group. We divided the different treatment responses into two groups and found that the expression of PSMB9 gene was statistically different between the two groups. In the subgroups with effects on the treatment, the expression of PSMB9 was significantly increased (Figure 7G). In addition, in the PSMB9 high expression group, the proportions of effective and ineffective treatment were 39.8% and 60.2%, respectively, compared with 16.3% in the PSMB9 low expression group. Additionally, 83.7% form a clear contrast (Figure 7H). It shows that PSMB9 has the potential to be used as an immunotherapy target for tumor treatment. The above results show that compared with the low PSMB9 expression group, the anti-PD-L1 treatment effect in the high PSMB9 expression group was more robust, indicating that PSMB9 can assist immunotherapy to a certain extent. It is deduced that PSMB9 protein may participate in the presentation of antigen proteins to reduce the immune escape of tumor cells, so it has great potential for immunotherapy. The survival analysis was performed in the Gide2019 cohort to identify the prognostic role of PSMB9 in immunotherapy, and analogous results were concluded (Figures 7I, J). Therefore, based on the response of the two abovementioned treatment cohorts, PSMB9 can be basically concluded as an effective and stable positive prognostic factor for tumor immunotherapy. The proportions of effective and ineffective treatment in the two subgroups also enhanced the conclusion that patients with higher PSMB9 expression receive better curative effects through immunotherapy (Figure 7K).




Discussion

Clinical treatment for glioma is relatively lacking, and with the existence of the blood–brain barrier (BBB), conventional treatment programs are difficult to work in patients with glioma, and conventional surgical treatment has difficulty achieving satisfactory results. The therapeutic effect achieved by various chemotherapy drugs is also very limited (31, 32). Therefore, patients with glioma have a high mortality rate and a very poor prognosis. New tumor prognostic markers and treatment options are in urgent need of development. Therefore, we conducted this study to explore the feasibility of PSMB9 as a clinical prognostic marker for analysis.

In this study, a total of 1,265 samples from three databases were included to confirm the possibility of PSMB9 as a prognostic marker. First, we performed survival analysis and molecular characteristic relevant analysis in three independent cohorts to test the association between PSMB9 expression and the prognosis of patients. We realized that the patients with higher PSMB9 expression have a poorer prognosis. Then we carried out the multivariate Cox regression to ascertain the independent prognostic value of PSMB9. The outcome of AUC curves made further consolidation of PSMB9 as a prognostic factor; calibration curves and DCA curves were conducted to validate the nomogram model, and the results seem to be strongly stable. Next, we focused on the function of PSMB9; thus GO, KEGG, and GSEA were carried out, and evidence showed that PSMB9 participates in a series of immune-related activities. Therefore, ssGSEA, CIBERSORT, ESTIMATE, and immune checkpoint expression analyses were applied to reveal the immune characteristics, which are described in the previous text. At last, we investigated the relationship between PSMB9 expression and the prognosis of patients who received immunotherapy in two immunotherapy cohorts; surprisingly, after immunotherapy, the patients with higher PSMB9 expression have better prognoses, which is opposite to the result in TCGA dataset. This fact shows that PSMB9 functions differently in the different tumors, which matched the previous conclusion, and the consequence is the result of co-regulation by various components of the tumor microenvironment, but its ability as a prognostic marker in tumors is well established.

As one of the important components of proteasome, PSMB9 mainly plays a role in protein degradation. In addition to ubiquitin–proteasome degradation of abnormal or redundant proteins, the proteasome can also participate in a variety of cell biological processes, like cell cycle, apoptosis, and oxidative stress (33). Here we mainly discuss its role in the development of tumors. In the progression of cancer, the proteasome is highly expressed to specifically degrade tumor suppressor factors and block cell apoptosis, thus playing a protective role in tumor cells and promoting tumor progression (34). Therefore, the expression level of PSMB9 was increased in almost tumor tissues, and the higher the level, the more the expression.

Solid tumors consist mainly of tumor cells, with stromal cells and immune cells infiltrating, which constitute the tumor microenvironment (35, 36). The tumor microenvironment is the surrounding environment of tumor cell growth, including not only tumor cells but also surrounding neovascularization, immune cells, and various cell signaling molecules. The complex and diverse biological composition of the tumor microenvironment leads to the complexity of its function, and different tumor cells exist in different tumor microenvironments (37). Researchers have compared the effect of the tumor microenvironment to the relationship between soil and seed (38). Generally speaking, tumor cells are highly amplified, and the blood supply of cells is greatly reduced so that tumor cells can carry out anaerobic glycolysis (39). This effect can act on the immune microenvironment, which can make surrounding cells release a large number of cytokines and chemokines, affecting the tumor microenvironment (40). Chemotactic immune cells acting on tumor cells can affect the growth and development of cancer cells and mediate immune tolerance (41). Many cancer treatment options require a good grasp of the tumor microenvironment. For example, immunotherapy represented by the latest immune checkpoint blockade therapy must be adapted to the tumor microenvironment to function well (42). The study of tumor microenvironment enables us to have a better understanding of tumor cell growth and provides us with research on tumor treatment strategies.

In summary, we constructed a risk model based on the expression level of PSMB9. Based on relevant clinical information, we conducted univariate and multivariate regression analyses to find out if PSMB9 is a possible independent prognostic factor of LGG, and we constructed a nomogram of the prognosis of LGG patients to verify its credibility as a prognostic factor. The results of the enrichment analysis make us focus on its role in tumor immunity. For this reason, we conducted an immune infiltration analysis and proved that the distribution of immune cells in the PSMB9 high and low expression groups is different and the expression of common immune checkpoints is also significantly statistical differences. By verifying the immunotherapy effect of PSMB9 in the melanoma cohort, we proved its promising prospect as a tumor immunotherapy target. Therefore, PSMB9 protein may have great potential for the prognosis of LGG.
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Backgrounds

Pyroptosis, a newly pattern of specific programmed cell death, has been reported to participate in several cancers. However, the value of pyroptosis in breast cancer (BRCA) is still not clear.



Methods

Herein, we analyzed the data of BRCA from both The Cancer Genome Atlas (TCGA) and GSEA MSigDB database. Based on the obtained pyroptosis-related genes (PRGs), we searched the interactions by STRING. After that, we performed clustering analysis by ConsensusClusterPlus. The PRGs with significant prognostic value were then screened through univariate cox regression and further evaluate by constructing a risk model by least absolute shrinkage and selection operator (LASSO) Cox regression. The immune and sensitivity to drugs were also predicted by comprehensive algorithms. Finally, real-time quantitative PCR (qPCR) was performed on two of the screened signature PRGs.



Results

A total of 49 PRGs were obtained from public database and 35 of them were significantly differentially expressed genes (DEGs). Cluster analysis was then performed to explore the relationship between DEGs with overall survival. After that, 6 optimal PRGs (GSDMC, IL-18, CHMP3, TP63, GZMB and CHMP6) were screened out to construct a prognostic signature, which divide BRCA patients into two risk groups. Risk scores were then confirmed to be independent prognostic factors in BRCA. Functional enrichment analyses showed that the signature were obviously associated with tumor-related and immune-associated pathways. 79 microenvironmental cells and 11 immune checkpoint genes were found disparate in two groups. Besides, tumor immune dysfunction and exclusion (TIDE) scores revealed that patients with higher risk scores are more sensitive to immune checkpoint blockade treatment. Patients in the low-risk group were more sensitive to Cytarabine, Docetaxel, Gefitinib, Paclitaxel, and Vinblastine. Inversely, patients in the high-risk group were more sensitive to Lapatinib. Finally, we found that, CHMP3 were down-regulated in both BRCA tissues and cell lines, while IL-18 were up-regulated.



Conclusion

PRGs play important roles in BRCA. Our study fills the gaps of 6 selected PRGs in BRCA, which were worthy for the further study as predict potential biomarkers and therapeutic targets.





Keywords: breast cancer, algorithm, programmed cell death, bioinformatic analyses, PRGs



Introduction

Breast cancer (BRCA) remains the most common and leading deadliest malignancy of women worldwide, despite huge advances in epidemiological, laboratory and clinical research (1). 70–80% of BRCA patients with early-stage and non-metastatic could be cured (2). Early diagnosis has been proved to effectively improve the cure rate of BRCA, about 30% of early-stage patients developed into advanced malignant BRCA with distant organ metastases. The advanced BRCA is considered incurable, in which the median overall survival time was only 2-3 years and the 5-years survival rate was only 20% (3, 4). Therefore, there is an urgent need to understand the molecular mechanism underlying of BRCA, and then identify and characterize specificity and sensitivity biomarkers for BRCA diagnosis, treatment and prognosis.

Pyroptosis was firstly found in 1986 (5), and defined as a new pattern of specifically programmed cell death in 2001 (6). It could be characterized by continuous cell swelling, bubble-like protrusions formation on the cell membrane surface before its rupture and release of cell contents which could trigger a strong inflammatory response (7). Similar to apoptosis, chromatin condensation and DNA damage also appear in the progress of pyroptosis (8, 9). As we all know, tumors are skilled at escaping the cell death pathways including apoptosis, autophagy, necrosis and pyroptosis (10, 11). All these death pathways are fully studied for their roles in anticancer defense mechanisms except for pyroptosis. Pyroptosis was reported to participate in various pathogenesis of nervous system diseases (12), autoimmune diseases (13), and cardiovascular diseases (14). In recent years, more and more researches have been performed to focus on the relationship between cancers and pyroptosis. Studies suggested that pyroptosis might be involved in the early diagnosis and treatment of cancers. In addition, it was also reported to relate to the progress of drug resistance (15). However, the role of pyroptosis in BRCA remains unclear.

In our study, we found six prognostic pyroptosis-relate genes (PRGs) from a public database for BRCA. The PRG-signature based on the six PRGs was developed. In addition, we also found differences in enrichment pathways, immune checkpoints, immune microenvironment, and sensitivity to several chemotherapeutic agents between risk groups.



Materials and Methods


Data Collection

We obtained processed RNA sequencing and clinicopathological data from TCGA including 1075 BRCA samples and 113 normal ones. GSE20685 (16) including 327 BRCA samples with clinical prognostic information, and GSE42568 (17) including 17 normal samples and 104 BRCA samples with clinical prognostic information were downloaded from GEO database (18). PRGs were screened from GSEA-MSigDB database (19). We used t-test of R3.6.1 (http://127.0.0.1:15190/library/stats/html/t.test.html) to analyze PRGs expression differences in tumor and normal samples (p < 0.05). The expression values are hierarchically clustered using pheatmap (https://cran.r-project.org/web/packages/pheatmap/index.html) (20).



Interactive Network Construction

Based on the PRGs obtained, the interactions among proteins were searched by STRING 11.0 (http://string-db.org/) (21). The interaction scores higher than 0.4 were selected as the screening threshold to construct the interaction network, which was visualized by Cytoscape 3.6.1 (http://www.cytoscape.org/) (22). The pearson correlation coefficients (PCCs) among the targeted PRGs were also calculated by cor function of R3.6.1 (http://77.66.12.57/R-help/cor.test.html). |PCC|>0.3 and P<0.05 was selected as the screening threshold to construct the co-expression network, which was also visualized by Cytoscape 3.6.1.



Subtype Analysis

Based on significantly differentially expressed PRGs (DEPGs) selected above, ConsensusClusterPlus1.54.0 (23)(http://www.bioconductor.org/packages/release/bioc/html/ConsensusClusterPlus.html) was then applied to analyze subtypes of BRCA. Survival and prognosis of different BRCA subtypes were then assessed (24). Then, based on the obtained cancer subtypes, the R3.6.1 language survival pack version 2.41-1 was applied to evaluate the correlation between prognosis and different subtypes. The clinical information of different subtypes was then statistically plotted, and chi-square test was used to compare the distribution among different subtypes.



Signature Development Based on PRGs With Significant Prognosis

After screening the prognostic PRGs by Univariate Cox regression (P<0.05) (24), the LASSO Cox regression model (25) in the R penalty package (26) and 1000 cross-validation analysis were used to screen out the best combination of PRG markers. In addition, a risk model for BRCA patients was constructed based on the following formula:

	

In the formula, βPRG represented the LASSO for optimized PRGs and ExpPRG means the expression level of homologous PRGs in the TCGA-BRCA dataset. Calculate the RS of each BRCA patient, and use the calculated median RS as the cutoff value, and further divide the BRCA patients into high-risk groups and low-risk groups. In the TCGA-BRCA training set and GSE42568, GSE20685 validation data sets, the same method was applied to build the risk model. Subsequently, the Kaplan-Meier analysis (24) was used to evaluate the prognostic value between the two risk subgroups.



Immunity Analysis and Sensitivity of Chemotherapy Drugs

The immune microenvironment is also closely related to the occurrence and development of BRCA. Based on single-sample gene set enrichment analysis (ssGSEA) (27), the enrichment fraction of 28 immune cells (28) was calculated to represent the relative abundance of each TME-infiltrated cell in BRCA samples using GSVA (29). In addition, three arithmetics, CIBERSORT (30, 31), xCELL (32), MCPcounter (33), were wielded to compare the difference in the proportion of various immune cells in different risk groups. Further, according to the expression data of the BRCA samples, the immune and stromal scores were estimated from R3.6.1 through ESTIMATE to represent the presence of matrix and immune cells (34). The expression levels of 13 immune checkpoint genes (BTLA, TNFRSF9, ICOS, PDCD1, TIGIT, CTLA4, LAG3, CD274, TNFRSF4, HAVCR2, SIRPA, CD47, and VTCN1) were extracted, and their expression differences in the risk group were compared by the intergroup t-test.

The potential response to immune checkpoint blockade (ICB) was predicted using the TIDE algorithm (35). We extracted chemotherapy drugs from the Genomics of Drug Sensitivity in Cancer database (https://www.cancerrxgene.org/) (36) and used R3.6.1 pRRophetic (37) to assess IC50 levels.



HPA Analysis

Expression of PRGs showed by immunohistochemical (IHC) staining in both normal and BRCA tissuses were searched by the resource of the HPA database (https://www.proteinatlas.org/). For IL-18, normal tissue, NOS(M-00100), patient id (2773); breast lobular carcinoma (M-85203), patient id (2199). For CHMP3, normal tissue, NOS(M-00100), patient id (3856); Breast lobular carcinoma (M-85203), patient id (4229).



Real-Time qPCR Analysis

MDA-MB-123 and MDA-MB-453 cells were purchased from the National Collection of Authenticated Cell Cultures (Shanghai, China) and incubated in the L-15 culture medium (Gibco, 41300039) with 10% fetal bovine serum. MCF-7 cells was culture in the MEM culture medium (Gibco, 41500034) with 1.5 g/L NaHCO3, 0.11 g/L sodium pyruvate (Invitrogen, 11360070) and 0.01 mg/mL bovine insulin (Sigma, 91077c-1G). MCF-10A purchased from American Type Culture Collection (ATCC, CRL-10317) was cultured in special culture medium (Procell, China) containing DMEM/F12, 5% HS, 20ng/mL EGF, 0.5μg/mL Hydrocortisone, 10μg/mL Insulin, 1% NEAA and 1% P/S. Real-time qPCR was performed by ABI7500 (Thermo Fisher, Singapore) after RNA extraction and reversed transcription from all these four cell lines. The primers we used for qPCR were listed in the Additional file 1 Table S1.



Statistical Analysis

We used R package (v4.0.2), TBtools and GraphPad Prism (v8.0) to perform and visualize statistical analysis. Kaplan-Meier survival analysis was performed on the risk group by log-rank test to draw a survival curve. Wilcoxon test is used to compare the difference between two groups.




Results

Figure 1 showed the flowchart we created for the entire study.




Figure 1 | Flow diagram of our study.




Differentially Expressed PRGs (DEPGs)

Combining the GSEA MSigDB and the attached documents of literature, we obtained a total of 49 PRGs. By comparing the expression differences of the above genes in BRCA and normal tissues, a total of 35 significantly DEPGs were screened. Figure 2A showed the clustering heat map of significantly DEPGs. Among them, 16 PRGs (ELANE, TP63, IL6, NLRP1, NLRP3, NOD1, CASP1, IL1B, CASP4, GSDMB, CHMP3, SCAF11, GPX4, TIRAP, IRF2, and PLCG1) were down-expressed in the tumor samples while 19 PRGs (CASP8, CHMP6, GZMB, CHMP2A, IRF1, CHMP4B, CYCS, CASP3, CASP6, CHMP4C, NLRP6, GSDMD, BAK1, IL-18, BAX, AIM2, GSDMC, PYCARD, and NOD2.) were over-expressed in the tumor samples. Then, we conducted a protein-protein interactions (PPIs) analysis by using the STRING database to explore further the interactions of these PRGs, 310 pairs of PPIs were obtained to construct the interaction network (Figure 2B and Additional file 2 Table S2). A total of 300 co-expression connection pairs were obtained to construct the co-expression network (Figure 2C and Additional file 3 Table S3).




Figure 2 | Differential analysis and network. (A) Heatmap showing the expression levels of pyroptosis-related genes with significant expression levels in breast cancer tumors and control samples. Red: up regulated; blue: down regulated. (B) Protei-protein interaction. Blue, red, and white nodes represent genes that are significantly down-regulated, up-regulated, and insignificantly differentially expressed in tumor tissue, respectively. (C) co-expression network based on pyroptosis-related genes. Blue, red, and white nodes represent significantly down-regulated, up-regulated, and insignificantly differentially expressed genes in tumor tissues, respectively. Red and green junctions represent significantly positive and negative correlations.





Subtype Analysis

Based on 35 significantly DEPGs screened out above, subtype analysis of BRCA was performed. When k=3 (k: clustering variable), the correlation within the group was the highest, and the correlation between the groups was low, a total of three different subtypes were obtained therewith (Figure 3A). Subtype1, 2, and 3 contained 254, 416, and 405 tumor samples, respectively. We then assessed the survival outcomes of patients with BRCA in the three subtypes. The Kaplan-Meier analysis illustrated that survival prognosis was significantly different among the three subtypes, and subtype 1 had the best prognosis, however, subtype 3 had the worst prognosis (Figure 3B). The expression level of PRGs and the clinical information are presented in a heatmap to display their distribution difference (Figure 3C). The distribution number and comparison of clinical characteristics in different subtypes are shown in Table 1.




Figure 3 | Subtype analysis. (A) Cluster diagram for subtype analysis of breast cancer samples. The intragroup correlations were the highest and the inter-group correlations were low when k=2. (B) The Kaplan-Meier analysis for the three different subtypes. Subtype 1 had the best prognosis, while Subtype 3 had the worst prognosis. (C) The distribution map of pyroptosis- related genes and clinicopathologic characters in the three subtypes.




Table 1 | Distribution of clinical information among different subtypes.





Construction and Validation of a Prognostic Signature

Univariate cox regression and K–M survival analysis were performed on the 35 significantly DEPGs acquired to find out PRGs with significant prognosis. a total of 15 significant prognostic PRGs (IRF2, TP63, IRF1, CHMP6, GZMB, NLRP6, CHMP3, IL-18, TIRAP, GPX4, GSDMD, PYCARD, CASP4, GSDMC, CHMP2A) were screened (Additional file 4 Table S4). Six optimal DEPGs (GSDMC, CHMP3, IL-18, TP63, GZMB and CHMP6) with significant prognostic value were screened out through the least absolute contraction and selection operator LASSO cox analysis (Additional file 5 Figure S1) to construct the prognostic signature based on the following formula:

	

BRCA patients from the TCGA-BRCA, GSE42568, and GSE20685 databases were then divided into low-risk or high-risk subgroups based on the average RS. The distribution of RS value and survival status of each risk group in the three databases is shown in Figures 4A–C. In addition, the time-dependent ROC curve proves that the risk assessment model is relatively stable in predicting the 1-year, 3-year, and 5-year survival rates of BRCA patients (survival AUC exceeds 0.7, Figures 4A–C). The Kaplan-Meier survival curve shows that the overall survival (OS) rate of the high-risk group in the three databases is significantly lower than that of the low-risk group, indicating the accuracy of the risk model in predicting survival status (Figures 5A–C). The univariate and multivariate cox regression analysis of clinical characteristics and RS model showed that age, radiotherapy, recurrence and RS model are independent prognostic factors for BRCA patients (Figure 6A and Table 2). The expression levels of six optimal PRGs and the distribution of the independent prognostic factors were shown in Figure 6B.




Figure 4 | The survival status and ROC curves. (A-C) The survival status for each patient and the time-dependent ROC curve in TCGA (A), GSE42568 (B), and GSE20685 (C).






Figure 5 | The Kaplan-Meier analysis based on the prognostic signature. The Kaplan-Meier analysis for TCGA (A), GSE42568 (B), and GSE20685 (C). The blue and red curves represent low- or high-risk samples, respectively.






Figure 6 | The univariate and multivariate Cox regression analysis for prognostic signature. (A) Forest plot for the prognosis of clinicopathologic characters. (B) Heatmap for the connections between the expression levels of six optimal PRGs and the distribution of the independent prognostic factors. Red: up regulated; blue: down regulated. *p < 0.05, ***p < 0.001.




Table 2 | The univariate and multivariate Cox regression analysis.





Functional Pathways

A total of 525 DEGs between the two risk groups were screened out by the limma of R (Additional file 6 Table S5). After that, functional enrichment analysis were performed by DAVID. 41 significantly correlated biological processes and 14 KEGG signaling pathways were enriched and top 20 of them were selected for display (Figures 7A, B). The results suggested that those DEGs were obviously related to several biological processes in immunity and tumor development.




Figure 7 | Differences in functional pathways between the risk groups. (A) Biological processes (BP). (B) KEGG signaling pathways. The horizontal axis represents the number of significantly differentially expressed genes, the vertical axis represents the item name, the size of the dots represents the number of DEGs, the color of the dots represents the enrichment significance, and the closer the color is to red, the higher the significance.





Immunity Analysis

According to five algorithms (ssGSEA, Estimate, MCPcounter, xCELL and Cibersort), immune score, estimate score, the stromal score and the relative infiltration abundance of stromal cells and immune cells are estimated for each sample (Additional file 7 Table S6). The results of our analysis showed that immune score and Estimate score were higher in the low-risk group (Figure 8A). Based on the remaining 4 algorithms, we found that a total of 79 microenvironmental cells appeared, with significant differences. The first 10 are selected for display (Figures 8B–E). In view of the importance of immune checkpoints in cancer treatment, the expression of 13 checkpoint genes (BTLA, TNFRSF9, ICOS, PDCD1, TIGIT, CTLA4, LAG3, CD274, TNFRSF4, HAVCR2, SIRPA, CD47 and VTCN1) were compared. The box plot of the expression distribution of 13 immune checkpoint genes between the two risk groups is shown in Figure 8F. The results showed that, except for CD47 and VTCN1, there were significant differences in the other 11 genes (P<0.05). The expression of 11 genes in the high-risk group was low. The TIDE score is closely related to the response to ICB. In Figure 8G, the TIDE score of BRCA patients in the high-risk group is lower than that in the low-risk group, indicating that BRCA patients with higher RS are more sensitive to ICB treatment.




Figure 8 | Immune analysis. (A) Comparison of the immune score and ESTIMATE score between the two risk groups. (B-E) Comparison of immune cells between the two risk groups based on Cibersort (B), MCPcount (C), ssGSEA (D) and xCELL (E). Expression distribution of 13 immune checkpoint genes between the two risk groups (F). TIDE score  between the two risk groups (G).





Sensitivity of Chemotherapy Drugs

In view of the significance of chemotherapy in BRCA treatment, we quantified the response ability of BRCA patients with different risk scores to 21 chemotherapy drugs. Figure 9 showed the results of six commonly used BRCA chemotherapy drugs. Our data showed that the IC50 level of Lapatinib was significantly higher in the low-risk group than in the high-risk group (Figure 9A). In contrast, the IC50 levels of Cytarabine (Figure 9B), Docetaxel (Figure 9C), Gefitinib (Figure 9D), Paclitaxel (Figure 9E), and Vinblastine (Figure 9F) in the low-risk group were significantly lower than the high-risk group, indicating that BRCA patients in the low-risk group are more sensitive to these drugs.




Figure 9 | Sensitivity of chemotherapy drugs. (A–F) Difference in the estimated IC50 levels of Lapatinib (A), Cytarabine (B), Docetaxel (C), Gefitinib (D), Paclitaxel (E), and Vinblastine (F). Data are shown as means ± S.D. ns: not significant, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.





Expression of the Signature PRGs

To explore the expression level of the signature PRGs, we performed real-time qPCR analysis on three PRGs in different cell lines. Results suggested that CHMP3 were down-regulated in the BRCA cell lines including MDA-MB-231, MDA-MB-453 and MCF-7 compared with in the normal breast MCF-10A cell line. While IL-18 were up-regulated (Figures 10A, B). We also checked the IHC staining data from both normal and BRCA tissues in the HPA database. As shown in Figures 10C, D, expression of IL-18 was higher in BRCA tissues than normal ones, while expression of CHMP3 was lower in BRCA tissues.




Figure 10 | Real-time qPCR and HPA analysis. The expression of two candidate PRGs including IL-18 (A) and CHMP3 (B) in both normal breast cell line (MCF-10A) and breast cancer cell lines (MDA-MB-231, MDA-MB-453 and MCF-7) were checked by qPCR analysis. IHC staining for IL-18 (C) and CHMP3 (D) from HPA database.






Discussion

Pyrolysis is a kind of programmed cell death accompanied by the inflammatory response, mainly triggered by activating inflammatory cysteine protease caspase-1/4/5/11 to cleave GSDMD or apoptotic cysteine protease Caspase-3 to cleave GSDME (11). Pyroptosis is involved in the occurrence and development of various diseases (38, 39). In recent years, the significance of pyroptosis in cancer has received extensive attention, accumulated many new achievements, and formed some new insights (40, 41). Chemotherapeutic agents activate Caspases to induce tumor cell death in either apoptosis or pyroptosis, depending on the expression level of GSDME in the cells. In lung cancer cells, loss of GSDME expression promotes resistance to chemotherapy, while overexpression of GSDME enhances the sensitivity of cells to chemotherapy drugs (42, 43). In HPV-infected cervical cancer cells, AIM2 plays a cancer-suppressive role by promoting pyroptosis (44). Studies have shown that the combination of low-dose PLK1 inhibitor BI2536 can enhance the sensitivity of esophageal squamous cancer cells to cisplatin. The mechanism lies in that BI2536 can inhibit the DNA damage repair pathway and promote cell pyroptosis mediated by the Caspase-3-GSDME pathway in coordination with cisplatin (45).

In order to verify the importance of pyrolysis in BRCA progression, we developed the prognostic and diagnostic models related to pyrolysis. The gene expression levels of 49 PRGs were studied in BRCA and normal tissues, and 35 PRGs were found to be differentially expressed. Then we studied the importance of these PRGs related to survival. Several PRGs that are highly expressed in BRCA tissues also predicted a poor prognosis, such as GSDMC. GSDMC has also been proved to be over-expressed in lung adenocarcinoma and function as a predictive factor for poor prognosis (46), which inspired us to put much more effort into exploring the function of GSDMC as a prognostic biomarker in BRCA. To further prove the PRGs expression signature has significant prognostic value in BRCA, we constructed a prognostic risk model through univariate and multivariate Cox regression analysis. Our research generated a signature characteristic of 6 PRGs, which could predict prognosis in BRCA patients. Among them, GSDMC firstly caught our attention. As we introduced above, Caspase-1/4/5/11 cleavage of GSDMD or cleavage of GSDME by caspase-3 has defined the canonical pyroptosis pathways. However, few studies have been focused on the GSDMC. GSDMC, also known as gasdermin C, was one member of the six human gasdermin family, of which five were reported to relate with significant biological functions, while the function of GSDMC has not been identified clearly (47). GSDMC is expressed mainly in the trachea and spleen (48). In recent reports, it also detected in the gastric epithelium (49). The full length of GSDMC before cleavage is inactive. The released N-terminal moiety binds to membranes and forms pores upon cleavage, triggering cell death (50). The most recent study of GSDMC proposed that under the condition of hypoxia and TNF-α treatment, GSDMC gene transcription was enhanced by PD-L1 and cleaved by activated caspase-8. Generated GSDMC N-terminal domain induced tumor necrosis by switch apoptosis to pyroptosis (51). This GSDMC/caspase-8-mediated cell death provides new and valuable insights into the pathway of cancer cell pyrolysis. Interestingly, in our research, caspase-8 (CASP8) also appears to be up-regulated in BRCA organizations (Figure 2A). A wonder whether GSDMC/caspase-8-mediated pyrolysis can be a potential therapeutic target for BRCA. It is also valuable to study whether GSDMC/caspase-8-mediated pyrolysis has a role in other types of cancer. GZMB, also named Granzyme B, take participate in the classical pyroptosis pathway. It was reported that GZMB from killer cells could cleave the GSDME directly and promote the occurrence of pyroptosis, which could further activate the anti-tumor immune response and inhibit tumor growth (52). However, the function of GZMB-related pyroptosis in BRCA remains unclear. Our results suggested that GZMB was highly expressed in BRCA tissues. In addition, the highly GZMB expression was connected with a good survival outcome, which is consistent with the conclusion proved in other cancers. Our study indicated that GZMB should also function as a promising target for BRCA prognosis. IL-18 is a chemokine that attracts basophils, neutrophils and T cells. It is released from several cell types in response to inflammatory stimuli (53, 54). When caspase-1 mediated cell pyroptosis occurred, the activated caspase-1 would cleave the precursor of IL-18 and IL-1β and release these two factors into cells. The release of IL-18 is regarded as the key signal of cell pyroptosis. We found that the IL-18 expression was up-regulated in BRCA tissues and predicted a good survival rate in BRCA. This result differs from its expression related to prognosis in other cancers. We speculate that it might be due to the inflammatory microenvironment induced by IL-18 and other inflammatory factors. Inflammasome plays a “double-edged sword” role in tumor progress. On the one hand, inflammasome, such as IL-18, could induce pyroptosis and inhibit tumor cell proliferation; On the other hand, the cumulative effect of inflammatory bodies could also build a suitable microenvironment for tumor growth. Thus, the precise condition that IL-18 participates in pyropyosis and its related prognosis in BRCA is worth discussing further issues. The relationship between CHMP6,CHMP3 and TP63 with cell pyrophosis has rarely been mentioned. Previous studies reported that CHMP6 was significantly down-regulated across several kinds of cancers including BRCA, especially in triple-negative breast cancer. Increasing understanding of these PRGs will provide a new insight into the therapeutic strategies for BRCA.

We further explored the differences in responding to ICB therapy, chemotherapy drug sensitivity between the two risk groups. Our data showed that BRCA patients with higher RS are more sensitive to ICB treatment and lapatinib, while patients in the low-risk group are more sensitive to Cytarabine, Docetaxel, Gefitinib, Paclitaxel, and Vinblastine. Our findings reveal the potential biomarkers and therapeutic targets of PRG-based risk models.

Our research still has limitations. For example, we mainly explore the functions of these PRGs through bioinformatics analysis. Therefore, further experimental data is needed to support these conclusions. Despite these limitations, our study used two validation sets to prove the effectiveness of the risk model for predicting prognosis.



Conclusions

In conclusion, our risk model based on six PRGs identified and validated is an independent prognostic factor for BRCA patients. Through comprehensive analysis, our research results reveal the potential biomarkers and treatment targets of PRG-based risk models.
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Background

Bladder cancer is ranked the second most frequent tumor among urological malignancies. The research strived to establish a prognostic model based on endoplasmic reticulum stress (ERS)-related long non-coding RNA (lncRNA) in bladder cancer.



Methods

We extracted the ERS-related genes from the published research and bladder cancer data from the Cancer Genome Atlas database. ERS-related lncRNAs with prognostic significance were screened by univariate Cox regression, least absolute shrinkage and selection operator regression analysis and Kaplan-Meier method. Multivariate Cox analysis was leveraged to establish the risk score model. Moreover, an independent dataset, GSE31684, was used to validate the model’s efficacy. The nomogram was constructed based on the risk score and clinical variables. Furthermore, the biological functions, gene mutations, and immune landscape were investigated to uncover the underlying mechanisms of the ERS-related signature. Finally, we employed external datasets (GSE55433 and GSE89006) and qRT-PCR to investigate the expression profile of these lncRNAs in bladder cancer tissues and cells.



Results

Six ERS-related lncRNAs were identified to be closely coupled with patients’ prognosis. On this foundation, a risk score model was created to generate the risk score for each patient. The ERS-related risk score was shown to be an independent prognostic factor. And the results of GSE31684 dataset also supported this conclusion. Then, a nomogram was constructed based on risk scores and clinical characteristics, and proven to have excellent predictive value. Moreover, the gene function analysis demonstrated that ERS-related lncRNAs were closely linked to fatty extracellular matrix, cytokines, cell adhesion, and tumor pathways. Further analysis revealed the association of the 6-lncRNAs signature with gene mutations and immunity in bladder cancer. Finally, the external datasets and qRT-PCR verified high expressions of the ERS-related lncRNAs in bladder cancer tissues and cells.



Conclusions

Overall, our findings indicated that ERS-related lncRNAs, which may affect tumor pathogenesis in a number of ways, might be exploited to assess the prognosis of bladder cancer patients.
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Introduction

As the world’s number ten most frequent malignant tumor and number two most prevalent urological malignancy, bladder cancer has caused a total of 213,000 deaths and 573,000 new cases in 2020 (1). Patients with bladder cancer receive a prognosis that is closely linked to the pathological diagnosis, comprising non-muscle invasive bladder cancer (NMIBC) as well as muscle invasive bladder cancer (MIBC). Most patients with NMIBC eventually progress to MIBC, whose 5-year overall survival (OS) was less than 50% (2, 3). Even with proper treatment, approximately half of bladder cancer patients suffer from recurrence or distant metastasis after radical surgery (4, 5). However, prognosis prediction and individualized treatment of bladder cancer still remain a challenge as it may be relevant to the biological heterogeneity of tumor (6). Because current approaches are insufficient for reliably assessing the prognosis of bladder cancer, a more trustworthy method must be investigated.

Endoplasmic reticulum stress (ERS) is defined as an imbalance in endoplasmic reticulum homeostasis, which includes the unfolded protein response (UPR) and perturbation in calcium (7). Relevant studies have demonstrated that ERS has a major part in the genesis and progression of a variety of human malignancies (8). Sustained mobilization of ERS endows malignant cells with greater tumorigenic, metastatic and drug resistant capacities (9). However, ERS overactivation may disrupt cellular homeostasis and leads to tumor cell death  (10). On account for this, ERS and their downstream signaling pathways have emerged as a key regulator of tumor progression and response to chemotherapy and immunotherapy (11).

Recently, emerging studies have indicated that long non-coding RNA (lncRNA) plays a significant role in the regulation of gene expression and contributes to the development of numerous human diseases (12). Abnormalities of lncRNAs have been verified to be tumor-suppressive or tumor-oncogenic and to play a key role in tumor development (13). LncRNAs are important in multi-gene regulatory networks, and they can be utilized to diagnose and predict survival in a variety of cancers (14). Multiple lncRNAs signature have been researched in bladder cancer (15–17). However, the role of ERS-related lncRNA in bladder cancer remains to be studied.

In this research, we extracted the sequencing data and corresponding clinical data from the Cancer Genome Atlas (TCGA) and ERS-related genes from published research. We strived to establish a prognostic model based on ERS-related lncRNA, which can evaluate the prognosis of bladder cancer patients, and to explore its function in the occurrence and development of bladder cancer.



Materials and methods


Identification of ERS-related LncRNAs

We downloaded the RNA sequencing data, gene mutation data and corresponding clinical information of bladder cancer from TCGA database1, and extracted an ERS-related genes from published literature (18). On the premise that correlation coefficient |R2| > 0.3 and p < 0.05 were considered to be statistically significant, we identified ERS-related lncRNAs through Pearson correlation analysis. In the condition of |log2 (Fold Change)| > 1 and False Discovery Rate < 0.05, we obtained the ERS-related lncRNAs differentially expressed between tumor and normal adjacent tissues (NATs).



Screening of prognosis-related LncRNAs

Patients with follow-up of more than one month were included in the following study. Univariate Cox regression was performed to identify prognosis-associated lncRNAs with a criteria of p < 0.05. Least absolute shrinkage and selection operator (LASSO) regression analysis and Kaplan-Meier analysis were used to further screened lncRNAs tightly related to OS.



Building a risk score model

Patients were randomly classified into the training and testing sets in a 2:1 ratio. In the training set, we executed multivariate stepwise Cox regression on the above lncRNA to compute their respective coefficients (βi). Then, a risk score model was constructed from βi and gene expression levels (Expi). According to the formula, the risk score for each patient is calculated. In addition, we used the median risk score as a cutoff to classify all eligible patients into high- and low-risk teams. Prognostic differences between high- and low-risk patients were revealed using Kaplan-Meier survival curves, and we applied the testing group to validate the above findings. Meanwhile, we collected the GSE31684 dataset (n = 93) from the Gene Expression Omnibus (GEO) database2 to verify the model’s efficacy.



Constructing and evaluating nomogram

In the training set, we used univariate and multivariate Cox regression analyses to estimate the prognostic significance of risk scores and clinical factors, including gender, age, and TMN stage. In order to predict OS of each patient, risk scores and clinical characteristics were incorporated to establish a nomogram. Next, the area under the curve (AUC) values were acquired by receiver operating characteristic (ROC) curves to evaluate the nomogram’s predictive efficacy. Subsequently, the predictability of this nomogram was verified by concordance index (C-index) method, calibration plots, and testing cohort.



Functional analysis

We performed gene set enrichment analysis (GSEA) on the gene expression profile between the high- and low-risk cohorts using the gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomics (KEGG) gene sets. The molecular mechanism and biological functions of risk score may provide insights into the underlying mechanisms of ERS-related lncRNAs. Besides, we analyzed the gene mutation status between two groups to explore possible links between ERS-related lncRNAs and mutations. To explore the relationship between these lncRNAs and immunity, the immune cell abundance, immune function, and immune checkpoints were compared between two cohorts. Furthermore, the immunophenoscore was used to predict response to immunotherapy between two groups, which were acquired from the Cancer Immunome Atlas3 (19).



External datasets and qRT-PCR validation

GSE89006 dataset (4 pairs of bladder cancer and NATs) and GSE55433 dataset (tumor = 57, normal = 26) were collected in the GEO database to verify the expression of target lncRNAs.

Next, bladder cancer cells (EJ-1, U3, and 5637) and normal bladder epithelium cells (SV-HUC-1) were purchased from Cell Bank, Institute of Life Sciences, Chinese Academy of Sciences Cell Bank (Shanghai, China). Total RNA was isolated using TRIzol reagent (Bioteke, Beijing, China). Then, reverse transcription was conducted utilizing the HiScript II Q RT SuperMix reagent (Vazyme, Nanjing, China). Subsequently, qRT-PCR was performed by the Hieff TMqPCR SYBR® Green Master Mix (Yeasen, Shanghai, China) with the primers provided in the Supplementary Table S1. We executed qRT-PCR with the Bio-Rad CFX96 Real-time Quantitative PCR System (Bio-Rad, California, USA).



Statistical analysis

Statistical analyses of this research were entirely conducted in the R software4. To identify the relationships between ERS-related genes and lncRNAs, Pearson correlation analysis was carried out. For comparison of the differences of categorical and continuous variables, the Chi-square test as well as the t-test was used, respectively. Univariate Cox regression, multivariate Cox regression, LASSO regression analysis, and Kaplan-Meier method were conducted to identify the optimal prognostic factors. In evaluating the OS of patients in various groups, the Kaplan-Meier method was utilized, and differences between groups were assessed utilizing log-rank test. At a two-tailed p < 0.05, the results were regarded statistically significant.




Results


Identification of ERS-related LncRNAs

Figure 1 presented the flowchart of our investigation. We obtained data of 411 tumor tissues and 19 NATs from 411 patients in TCGA database, and 252 ERS-related genes from the published research (Supplementary Table S2). A total of 263 ERS-related lncRNAs were identified with Pearson correlation analysis. Then, we screened out 53 ERS-related lncRNAs that were differentially expressed in bladder cancer and NATs, including 18 upregulated and 35 downregulated in tumors (Figure 2).




Figure 1 | This study’s design and flowchart.






Figure 2 | Identifying ERS-related lncRNA in tumor. (A) The volcano plot revealed that in tumors, 6 ERS-related genes were up-regulated whereas 14 were down-regulated. (B) The heatmap showed expression profile of ERS-related genes. (C) The volcano plot visualized that in tumors, 35 ERS-related lncRNAs were up-regulated and 18 were down-regulated. (D) The heatmap illustrated expression profile of ERS-related lncRNAs.





Screening of prognosis-associated LncRNAs

We performed univariate Cox regression on the above ERS-related lncRNAs and recognized 13 lncRNAs associated with prognosis (Figure 3A). Six key lncRNAs were further screened by LASSO analysis (Figure 3B, C) and Kaplan-Meier analysis (Supplementary Figure S1), namely AL355488.1, AL035461.2, MAFG-DT, AC008735.2, MIR200CHG, and KRT7-AS.




Figure 3 | Identifying ERS-related lncRNAs associated to OS. (A) The forest plot recognized 13 ERS-related lncRNAs substantially associated with OS. (B) Lasso regression analysis. (C) The LASSO coefficient spectrum for lncRNA associated with OS was presented.





Establishing a risk scoring model

In the training set, we constructed a risk score model including Expi and βi:   (Table 1). Patients were split into two groups, a high-risk group and a low-risk group, according to the median risk score. The high-risk group’s OS was considerably shorter in comparison to the low-risk group (Figure 4). Comparing to the risk coefficient and the mortality of patients of the low-risk group, those of the high-risk group were higher (Figure 4D). Similar findings were revealed using the same method on the testing group (Figure 4E, F). Meanwhile, the results of GSE31684 dataset also verified the model’s efficacy (Figure 4G, H).


Table 1 | The prognostic significance of the 6-lncRNAs signature.






Figure 4 | Risk score model establishment utilizing ERS-related lncRNAs. (A, C, E, G) The Kaplan-Meier analysis unveiled a significantly shorter OS of the high-risk group than that of the low-risk group in entire, training, testing cohorts, and GSE31684 dataset, respectively. (B, D, F, H) The overview of each patient’s survival status and risk rating distributions in entire, training, testing cohorts, and GSE31684 dataset, respectively.





Constructing and evaluating nomogram

In the training set, it was observed that the clinical variables and risk score were closely associated to OS in the univariate Cox regression. Further multivariate Cox analysis indicated that risk score was an independent prognostic factor (Figure 5A, B). In addition, the ROC curve illustrated that the 6-lncRNAs signature was a remarkable prognostic predictor (Figure 5C). Then, using the multivariate Cox regression results, including clinical factors and risk scores, we constructed a nomogram (Figure 6A). Then we analyzed the 3- and 5-year OS of this prognostic model using ROC curves and obtained AUCs of 0.782 and 0.781, respectively (Figure 6B). The C-index of the model was 0.742. The established calibration plots demonstrated that the model had a favorable predictive effect (Figure 6C, D). We obtained similar outcomes with the same technique on the testing cohort (Figure 5D–F, 6E–G). The C-index of testing cohort was 0.717.




Figure 5 | Analyses of prognostic values using the risk score and clinical variables. (A, D) Risk score was revealed to be strongly associated to OS in the univariate Cox analysis and multivariate Cox analysis in training and testing cohort, respectively. (B, E) Alluvial diagrams showing the associations between risk scores and clinical variables in training and testing groups, respectively. (C, F) ROC curve analyses of the risk scores and clinical variables in training and testing sets, respectively.






Figure 6 | Establishment and interpretation of the nomogram for clinical variables and ERS-related lncRNAs. (A) Establishment of the nomogram. (B, E) ROC curve analyses of the nomogram in training and testing sets, respectively. (C, F) The nomogram’s 3-year OS calibration curve in training and testing groups, respectively. (D, G) The nomogram’s calibration curve for a 5-year OS in training and testing sets, respectively.





Functional analysis

ERS-related lncRNAs may be involved in fatty acid metabolism, peroxidation, extracellular matrix, endoplasmic reticulum, and cytokines (Figure 7A), which were demonstrated by GO analysis. KEGG analysis indicated that these lncRNAs may be associated with functions such as cell adhesion, cytokines, drug metabolism, tumor pathways, and oxidative phosphorylation (Figure 7B). Gene mutations between the high-risk patients and the low-risk patients were displayed in waterfall plots (Figures 7C, D). The top five genes with the highest mutation frequency in the high-risk team were TP53, TTN, MUC16, ARID1A, and KMT2D, while the top five genes in the low-risk team were TTN, TP53, KMT2D, MUC16, and KDM6A, revealing ERS-related lncRNAs may be associated with gene mutations. As it was shown in Figure 8A, the abundances of CD4+ T cells, CD8+ T cells, neutrophils, and macrophages were markedly enriched in the high-risk team compared to the low-risk team. Immune functions including cytolytic activity, HLA function, IFN response, and T cell stimulation were relatively active in the high-risk group (Figure 8B). In addition, the study of immune checkpoints uncovered a high expression of immunosuppressive receptors (CTLA4, PD-1, LAG3, BTLA, and TIGIT) and immunosuppressive ligands (PD-L2 and TNFSF14) in high-risk cohort (Figure 8C). Further analysis showed that the response to immunotherapy in the high-risk set was better than that in the low-risk set, suggesting that risk scores can predict the efficacy of immunotherapy (Figure 8D, E). Overall, the association between the risk score and tumor immune landscape were assessed, and the outcomes demonstrated that the risk score was related to different immune landscape.




Figure 7 | The results of GSEA and gene mutation analyses. (A) According to GO enrichment analysis, ERS-related lncRNAs were may be involved in fatty acid metabolism, peroxidation, extracellular matrix, endoplasmic reticulum, and cytokines. (B) KEGG pathway analysis showed that these lncRNAs may be associated with functions such as cell adhesion, cytokines, drug metabolism, tumor pathways, and oxidative phosphorylation. (C, D) Waterfall plots of gene somatic mutations in high- and low-risk patients, respectively.






Figure 8 | Analysis of immune landscape. (A) A heatmap for immunological responses between high- and low-risk groups. (B) Immune cell subpopulations and associated functions. (C) Expression of immune checkpoints in high- and low-risk cohorts. (D, E) Relative response of anti-PD-1 and anti-CTLA4 therapy between two groups. **p < 0.01; ***p < 0.001.





External datasets and qRT-PCR validation

Next, we validated the expression level of target lncRNAs using the GSE55433 and GSE89006 datasets. The GSE55433 dataset discovered that KRT7-AS and AL355488.1 were significantly overexpressed in tumor compared with NATs (Figure 9A). Furthermore, GSE89006 dataset showed a high expression of AL035461, AC008735.2, and MIR200CHG in bladder cancer compared with NATs (Figure 9B).




Figure 9 | The expression profile of the 6-lncRNAs signature with external validation. (A, B) The lncRNA expression profile in GSE55433 and GSE89006 datasets, respectively. (C, D) The lncRNA expression level in bladder cancer cells and normal cells. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.



Moreover, qRT-PCR showed that the expression of AL355488.1, AL035461.2, MAFG-DT, and AC008735.2 was significantly upregulated in EJ-1 and U3 cells compared with SV-HUC-1 cells (Figure 9C). In 5637 cell line, MIR200CHG and KRT7-AS were considerably upregulated (Figure 9D). The results of external datasets and qRT-PCR were consistent with the findings of TCGA analysis.




Discussion

Bladder cancer is one of the most common malignancies of the genitourinary system, with approximately 550,000 new cases each year (20). The high incidence, malignant behavior, and drug resistance of bladder cancer have made the therapy and prognostic management an increasing challenge (21). The search for a novel molecular marker to assess the prognosis and guide the treatment of patients with bladder cancer is therefore of great importance.

Accumulated studies have developed multiple signatures to predict prognosis of patients with tumors. Huang et al. (18) uncovered a ERS-related signature which may serve as a marker for prognosis prediction and individualized therapy of glioma. Zhou et al. (22) revealed that the immune-related lncRNAs signature had prognostic value for glioblastoma patients. Zheng et al. (23) have developed a hypoxia-immune signature to predict the prognosis and immune status for triple-negative breast cancer. Xie et al. (24) constructed a necroptosis signature to predict prognosis and drug sensitivity of triple-negative breast cancer. Meanwhile, a ferroptosis-based signature has been established, which may serve as a novel therapy biomarker for lung squamous cell carcinoma (25). However, the role of ERS-related lncRNA in bladder cancer remains to be studied.

In this study, we extracted ERS-related genes and sequencing data of bladder cancer from online database, and obtained ERS-related lncRNAs differentially expressed between tumor and NATs. Next, we further screened prognosis-associated lncRNAs by univariate Cox regression, LASSO regression and Kaplan-Meier analyses. The 6-lncRNAs signature was utilized to develop a risk model that separated patients of bladder cancer into a high-risk group and a low-risk group. Prognosis analysis revealed that the low-risk group patients presented favorable OS. Additionally, a nomogram was established and demonstrated to have a strong prognostic effect.

Through our study, 6 lncRNAs were identified to be associated with bladder cancer prognosis. Among them, AL355488.1, AL035461.2, MIR200CHG, AC008735.2, and KRT7-AS had a protective effect for prognosis, while MAFG-DT presented the opposite effect. AL355488.1 has previously been shown to be a potential biomarker for targeted therapy and prognosis in hepatocellular liver cancer (26). And MIR200CHG was found to be a protective indicator for bladder cancer patients (27). AC008735.2 was significantly associated with targeted therapy and prognosis in patients with clear cell renal cell carcinoma (28). KRT7-AS played an important role in cancer regulation and was superior to other clinicopathological features in predicting survival (29). In addition, the expression of MAFG-DT in bladder cancer was higher than that in NATs and can promote tumor growth and progression, which can be served as a predictor of patient prognosis (30).

In GSEA analysis, these ERS-related lncRNAs were associated with functions of fatty acid metabolism, peroxidation, extracellular matrix, cytokines, cell adhesion, tumor pathways, and oxidative phosphorylation. It has been shown that fatty acid metabolism may be associated with the production and stemness-maintenance of cancer stem cell, thereby affecting the prognosis of tumors (31, 32). Besides, extracellular matrix regulation could not only facilitate tumor cells invasion but also contribute to the generation and maintenance of cancer stem cell niche (33). Moreover, the regulation of cell adhesion alters the ability of tumor cells to interact with extracellular matrix and adjacent cells, thereby affecting the biological behavior of tumors (34). It was generally known that the endoplasmic reticulum was the origin of ERS, and the degradation of stress proteins helped restore cellular homeostasis (35, 36). Taken together, these findings may inspire scholars to further explore the molecular mechanism of ERS-related lncRNAs in bladder cancer.

In addition, we analyzed the mutations between the high- and low-risk patients. The top five mutated genes in the high-risk cohort were TP53, TTN, MUC16, ARID1A, and KMT2D, while those in the low-risk cohort were TTN, TP53, KMT2D, MUC16, and KDM6A. It was reported that TP53 mutation can increase cancer cells’ resistance to ERS through maintaining the activation of UPR regulator ATF6 and inhibition of pro-apoptotic factors JNK and CHOP (37). This led us to speculate that increased TP53 mutations in high-risk team may inhibit the ERS damage in tumor cells, resulting in a poorer prognosis of patients. Similarly, ARID1A mutation was demonstrated to protect cancer cells from changes in tumor microenvironment by upregulating ERS (38). It made us hypothesize that elevated ARID1A mutations in the high-risk team might promote tumor progression and bring about poor prognosis. Furthermore, the investigation of immune landscape showed that the infiltration of immune cell and immune functions in the high-risk team were relatively active compared to those in the low-risk team. Notably, the infiltration of CD8+ T cells was significantly higher in the high-risk group than in the low-risk group, which contradicted the antitumor effect of these cells. On this basis, we further explored the immune checkpoints and uncovered a high expression of immunosuppressive receptors (CTLA4, PD-1, LAG3, BTLA, and TIGIT) and immunosuppressive ligands (PD-L2 and TNFSF14) in high-risk cohort. Overexpression of these molecules might promote immune tolerance in bladder cancer, thereby affecting the prognosis of patients. The elucidation of immune checkpoints could also help identify potential target patients and contribute to the development of immunotherapy.

Our research has a few limitations. For starters, it is just a retrospective research based on lncRNA data and few clinical variables from TCGA database, which is lacking in some detailed clinical information. Second, the prognostic value and the biological functions of ERS-related lncRNAs are not yet fully elucidated. Finally, although the validation was performed in the cell lines through qRT-PCR, further in vivo or in vitro experiments were needed to investigate the concrete mechanisms of the lncRNAs.



Conclusion

We constructed a prognostic model in the basis of ERS-related lncRNA, which had a superior effect on predicting the survival rate of patients with bladder cancer. Therefore, this indicated that ERS-related lncRNAs can be a reliable predictor of the prognosis for bladder cancer patients and may be closely related to the occurrence and development of bladder cancer.
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The 70 kDa heat shock protein (HSP70) is one of the most conserved proteins and a ubiquitous molecular chaperone that plays a role in the folding, remodeling, and degradation of various proteins to maintain proteostasis. It has been shown that HSP70 is abundantly expressed in cancer and enhances tumor resistance to radiotherapy by inhibiting multiple apoptotic pathways, such as interfering with the cellular senescence program, promoting angiogenesis, and supporting metastasis. Thus, HSP70 provides an effective target for enhancing the effects of radiation therapy in the clinical management of cancer patients. Inhibition of HSP70 enhances the radiation-induced tumor-killing effect and thus improves the efficacy of radiotherapy. This article reviews the sensitivity of Hsp70 and its related inhibitors to radiotherapy of tumor cells.
Keywords: HSP70, HSP70 inhibitor, radiotherapy, sensitivity, tumour
INTRODUCTION
The Heat shock proteins (HSPs) family, highly conserved, are present in all organisms and play a vital role in protein folding, translocation and degradation, hence their name molecular chaperones, a concept first used by Laskey et al. (1978). They were first discovered in 1962, when Ritossa and colleagues observed that the giant chromosomes contained heat-inducible genes and heat-inducible proteins in the gland cells of Drosophila larvae exposed to high temperatures, opening a new field of study of heat shock responses (Ritossa, 1962). HSPs are classified into several families such as HSPH (HSP110), HSPC (HSP90), HSPA (HSP70), HSPD (HSP60), DNAJ (HSP40), and HSPB (small HSPs) (Kampinga et al., 2009). Among them, Hsp70 is the most conserved protein in evolution, which can stabilize proteins against denaturation, help nascent proteins to fold, and dissolve damaged or abnormal proteins. Hsp70 is not only produced under heat stress but also expressed under stress conditions such as heavy metals, small molecule chemical toxins, infection, oxidative stress, inflammation, ischemia, cancer, and neurodegenerative diseases, among other stress conditions (Westerheide and Morimoto, 2005). Notably, tumors frequently overexpress HSP70 in the cytoplasm, present HSP70 on their plasma membrane, and actively release HSP70 compared to normal cells (Multhoff et al., 2015). And it has been demonstrated that HSP70 is associated with early tumor recurrence, poor prognosis, and resistance to radiotherapy (Brondani Da Rocha et al., 2004; Yang et al., 2015; Jin et al., 2016).
Hsp70 is closely related to tumor therapy such as tumor radiotherapy and chemotherapy, among which radiotherapy is a commonly used tumor treatment method. After prolonged radiation exposure of tumor cells in radiotherapy, some genes and proteins are expressed abnormally so that tumor cells acquire a radiation-resistant phenotype and become less radiosensitive, leading to increased invasion, metastasis, and recurrence of certain tumors (Kim et al., 2015). Therefore, many researchers have worked to discover a radiosensitizer with good pharmacological properties to enhance the sensitivity of tumor cells to radiotherapy and thus improve the efficacy of radiotherapy. Studies have shown that HSP70 plays an essential role in tumor transformation and tumor development, as they are both necessary for tumor cell survival and growth and are closely related to tumor radioresistance (Table 1). Moreover, malignant cells express higher levels of HSP70 than normal cells, and high expression of HSP70 induces resistance to radiotherapy (Xu et al., 2010; Kumar et al., 2016). Inhibition of HSP70 inhibits the growth of many tumor cells and significantly promotes radiation-induced apoptosis, increasing the sensitivity of tumors to radiotherapy. Thus, HSP70 inhibitors can be used as radiosensitizers to enhance the efficacy of radiotherapy (Wen et al., 2014). HSP70 inhibitors can be classified as small molecules or compounds. Common small molecule-like inhibitors include 2-phenylethynesulfonamide (PES) and Apoptozole (Az), a small molecule inhibitor of HSP70 ATPase activity (Leu et al., 2011; Yang et al., 2020a), and common compound-like inhibitors such as the naturally occurring flavonoids -Epigallocatechin gallate (EGCG) and quercetin (Li et al., 2009).
TABLE 1 | The role of HSP70 in resistance to radiotherapy.
[image: Table 1]Studies have found that inhibiting HSP70 (GRP78) can induce endoplasmic reticulum (ER) stress and trigger unfolded protein response (UPR), thereby inducing cancer cell apoptosis and slowing tumor growth (Jiang et al., 2007; Samanta et al., 2021). Jäättelä et al. (Nylandsted et al., 2000) first showed that silencing HSP70 by antisense RNA induced massive cell death in breast cancer cell lines but was not toxic to non-tumorigenic breast epithelial cells or normal human fibroblasts (Nylandsted et al., 2000), suggesting that targets HSP70 selectively induces tumor cell death. In addition, it has been shown that silencing HSP70 alone in the absence of HSC70 is toxic to some cancer cell lines (human cervical cancer, human breast cancer, human prostate cancer, and human liver cancer) but has no effect on normal cells (Rohde et al., 2005). Interestingly, however, in prostate cancer cells, only simultaneous silencing of HSP70 and HSC70 was accompanied by an increase in the rate of apoptosis (Wang et al., 2014). Workman et al. (Powers et al., 2008) reported a similar finding that only simultaneous silencing of HSP70 and HSC70 reduced cell survival in HCT116 colorectal cancer cells and A2780 ovarian cancer cells. Therefore, there may be cell-specific differences in sensitivity to HSP70 inhibition.
HSP70 AS A TARGET FOR CANCER THERAPY
Hsp70 is an important molecular chaperone and is abundantly expressed in malignancies of many different origins. Hsp70 not only inhibits apoptosis by reducing cytoplasmic Ca2+, stabilizing lysosomes, and inhibiting cellular protein aggregation but also forms stable complexes with tumor antigens in the cytoplasm, which can escape from dying cells intact and interact with antigen presenting cells (APCs) to suppress tumor immunity (Calderwood et al., 2005; Dudeja et al., 2009). In addition, overexpression of HSP70 induces the expression of MMP-9, which increases the invasiveness of tumor cells (Du et al., 2009). It is not surprising that HSP70 interacts with a variety of tumor-related proteins, as its binding sites are present in almost all protein sequences in the cell (Rüdiger et al., 1997). HSP70 is important as a molecular chaperone for protein folding, however, this is likely not its direct role in the cell death pathway. Beere et al. (2000) first suggested in 2000 that HSP70 could inhibit apoptosis by directly binding specifically to Apaf-1 to block the assembly of the apoptotic complex, but it could not block Fas-induced apoptosis. A subsequent study by Clemons overturned this conclusion that HSP72 acts upstream of mitochondria to inhibit Fas-mediated apoptosis and provide long-term cytoprotection in type II CCRF-CEM cells (Clemons et al., 2005). Furthermore, the discovery that HSP70 inhibits cell senescence establishes a clear link with cancer, and HSP70 controls the expression of major regulators of oncogene induced senescence (OIS). Knockdown of HSP70 in certain tumor epithelial cell lines leads to senescence, which provides a defense against cancer (Colvin et al., 2014; Sherman and Gabai, 2015). More importantly, overexpression of HSP70 provides a survival advantage for cancer cells as it can interact with multiple components of the caspase dependent and non-caspase-independent apoptotic pathway to inhibit cancer cell apoptosis (Figure 1). Mitochondrial pathway: In the pre-mitochondrial phase HSP70 reduces the permeability of the outer mitochondrial membrane by blocking the migration of Bax and Bad, thereby inhibiting the release of apoptotic factors such as cytochrome C (Cytc), apoptosis Inducing Factor (AIF), and SMAC/Diablo from the mitochondria (Vostakolaei et al., 2021). In late mitochondrial stages, HSP70 binds directly to apoptotic protease activating factor-1 (Apaf-1), blocking the aggregation of procaspase-9 so that the apoptotic complex cannot form and downstream caspase-3 cannot be activated (Saleh et al., 2000). An ultimate target of caspase-3 is the transcription factor GATA-1, however, HSP70 protects GATA-1 from cleavage by caspase-3, thereby increasing erythroid differentiation and survival (Dong et al., 2020). Death receptor pathway: HSP70 interacts with death receptors (TNFR, FasR, DR4/5) to prevent the formation of the death inducing signaling complex (DISC) and inhibits receptor-mediated stress kinases such as apoptosis signal-regulating kinase 1 (ASK1) and C-Jun amino acid terminal kinase 1 (JNK1) activation (Vostakolaei et al., 2021). The role of HSP70 in regulating Nuclear factor kappa B (NF-κB) function is controversial. It is hypothesized that HSP70 in the cytoplasm can repress NF-κB expression, whereas membrane-bound HSP70 can induce this transcription factor (Boudesco et al., 2018). HSP70 in the cytoplasm blocks NF-κB activation by inhibiting I-kB-α kinase (IKK) and degrading I-kB-α (Sheppard et al., 2014). In addition, in hematopoietic cells, TNFα activates pro-apoptotic double-stranded RNA-dependent protein kinase (PKR). One inhibitor of PKR is the Fanconi Anemia Complementation group C gene product (FANCC), in which HSP70 interacts with FANCC proteins through its ATPase structural domain to form the ternary complex HSP70, FANCC, and PKR to inhibit TNF-induced apoptosis (Pang et al., 2002). DNA degradation pathway: The HSP70, HSP40,and ICAD complex inhibit the activity and folding effect of Caspase Activated DNAse (CAD), preventing the degradation of chromosomal DNA at late stages of apoptosis, thus achieving an anti-apoptotic effect (Kumar et al., 2016). Endoplasmic reticulum stress pathway: The multiple environmental stresses experienced by tumor cells during growth, infiltration, and metastasis, such as ischemia and hypoxia, can cause endoplasmic reticulum stress to tumor cells. Endoplasmic reticulum stress initiates the unfolded protein response (UPR) to restore cellular homeostasis but mediates apoptosis when endoplasmic reticulum stress exceeds the cell’s ability to survive (Gong et al., 2017). When cells are exposed to endoplasmic reticulum stress, GRP78 (HSP70) binds to unfolded proteins and dissociates from protein kinase RNA-like ER kinase (PERK), inositol-requiring enzyme 1α (IRE1α) and activating transcription factor 6 (ATF6), and three signaling pathways are activated. Among them, IRE1 is activated by autophosphorylation, and activated IRE1 has RNase activity, which in turn shears 26 introns from XBP1 mRNA to generate active transcription factors XBP1s that promote tumorigenesis, cancer cell survival, and regulate tumor invasion (Nath et al., 2021). Other pathways: HSP70 promotes cell survival by activating PI3K/AKT, a downstream target of JAK2/STAT5 (De Almeida et al., 2020). Overexpression of HSP70 can upregulate the level and activity of STAT5, and phosphorylated STAT5 binds DNA and increases the expression of the anti-apoptotic protein Bcl-xL (Guo et al., 2005). HSP70 promotes tumor cell survival by inhibiting lysosomal membrane permeability (Nylandsted et al., 2004). In addition, HSP70 interacts with the Notch1 intracellular domain (NICD) and contributes to the activity of the cellular Notch signaling pathway (Juryńczyk et al., 2015). The above data suggest that HSP70 promotes tumor cell survival and inhibits tumor cell apoptosis in several ways. Inhibition of HSP70 can induce tumor apoptosis and increase radiosensitivity, providing evidence for Hsp70 as an anticancer target (Du et al., 2009).
[image: Figure 1]FIGURE 1 | Targets of HSP70 in Apoptosis and Survival Pathways. HSP70 inhibits apoptosis, induces cell survival, and increases tumor resistance to radiotherapy through various pathways, including the mitochondrial pathway, death receptor pathway, DNA degradation pathway, and endoplasmic reticulum stress pathway.
HSP70 consists of an N-terminal nucleotide binding domain (NBD), a C-terminal substrate binding domain (SBD), and a linker connecting the N-terminal to the C-terminal. The N terminus comprises two adjacent lobes (lobe I and lobe II), each of which is further divided into two structural subregions (IA, IIA, IB, and IIB). The C-terminus consists of a twisted β-sandwich domain (SBDβ) that binds to the substrate and an α-helical lid domain (SBDα) that closes the substrate. HSP70 inhibitors can inhibit HSP70 activity by different mechanisms (Figure 2; Table 2), most known HSP70 inhibitors bind to the NBD, such as Az, VER155008, and EGCG which usually bind to the N-terminal ATP-binding pocket of HSP70 to inhibit HSP70 activity (Williamson et al., 2009; Tran et al., 2010; Cho et al., 2011). YK-5 interacts with the allosteric pocket of HSP70, a site located in the cleft region outside the ATP/ADP binding domain, flanked by subregions IB and IIB (Rodina et al., 2013); MKT-077 binds to an allosteric site within the nucleotide-binding domain (Rousaki et al., 2011); the HSP70 inhibitors 2,5′-thiodipyrimidine and 5-(phenylthio)-pyrimidine acrylamides designed by G. Chisosis et al. bound to a novel variant pocket of the NBD of HSP70 (Kang et al., 2014); HSP70-Bim protein-protein interaction (PPI) inhibitor, S1g-2, which is located in the hydrophobic cleft between the IA and IIA substructural domains of the Hsc70 NBD, induces cell-specific apoptosis in chronic myeloid leukemia (CML) cells by selectively disrupting HSP70-Bim PPI (Song et al., 2021). Some HSP70 inhibitors act by different mechanisms: 15-deoxyspergualin (DSG) inhibits HSP70 ATPase activity by interacting with the C-terminal EEVD motif (Nadler et al., 1998), and 2-phenylethynesulfonamide (PES) acts on the binding pocket in the C-terminal helical domain of HSP70 to inhibit its activity (Balaburski et al., 2013). A number of new HSP70 inhibitors have now been tested in preclinical models and they have been shown to increase the sensitivity of tumors to chemotherapy and radiotherapy (Multhoff et al., 2015). Here we mainly summarise the studies related to HSP70 inhibitors increasing tumor radiosensitivity.
[image: Figure 2]FIGURE 2 | Establishment of HSP70 Homology Model and Potential Drug Sites. The following HSP70 inhibitors bind in separate pockets of HSP70: Az, VER155008, EGCG binds in the N-terminal ATP-binding pocket; YK5 binds in the N-terminal allosteric pocket (the allosteric pocket shown at the N-terminus in the figure is the binding site for YK-5); PES binds in the binding pocket of the C-terminal helical domain. The PDB code used to construct the homology model crystal structure is 1S3X, 2KHO.
TABLE 2 | Demonstrates Hsp70 inhibitors including their sites of action and applications in preclinical studies and clinical trials.
[image: Table 2]MECHANISMS OF RADIOSENSITIZATION BY HSP70 INHIBITORS
The protective effect of HSP70 against radiation-induced apoptosis may underlie resistance to tumor radiotherapy. During ionizing radiation-induced cell damage HSP70 is released into the tumor microenvironment, triggering the immune system to activate dendritic cell maturation and cytotoxic T cell recruitment, thereby inhibiting tumor cell apoptosis, increasing cancer cell resistance to ionizing radiation-induced oxidative stress, and inducing resistance to radiotherapy (Ashrafizadeh et al., 2020). HSP70 knockout mice exhibit not only increased susceptibility to necrosis and inflammation, but also genomic instability and enhanced radiosensitivity (Hunt et al., 2004). Therefore, Hsp70 inhibitors could be a promising candidate for cancer therapy to enhance the effects of clinical radiosensitization. The mechanism of radiosensitization by Hsp70 inhibitors is described here.
Disruption of the activity of HSP70 chaperone clients
At the molecular level, the increased radiosensitivity of tumor cells induced by inhibition of HSP70 activity is closely associated with the down-regulation of protein expression of bcl-2, bcl-xl, mdr1, chk-1, and mcl-1 and the up-regulation of protein expression of bax, p53, fax and bad (Kim et al., 2013; Meng et al., 2014; Wang et al., 2020a; Tang et al., 2020). HSP70 inhibitors have been found to inhibit HSP70 activity in certain tumors by disrupting the activity of client proteins associated with HSP70, thereby inhibiting cell proliferation, inducing apoptosis and increasing tumor radiosensitivity (Li et al., 2013; Jiang and Xiao, 2020). Li et al. (2013) treated MDA-MB-231 and MCF-7 breast cancer cells with the HSP70 inhibitor MKT-077 analogue (JG-83) for 24 h and then assayed Akt1 and Raf1 by Western blot and found that the levels of Akt1 and Raf1 were reduced by approximately 25% in MDA-MB-231 and MCF-7 cells. This reflects the fact that HSP70 inhibitors modestly destabilize the chaperone clients Akt1 and Raf1 and induce apoptosis in these cells. Another study reached similar conclusions in oral squamous carcinoma cells, the HSP70 inhibitor PES reduced its client protein X-linked inhibitor of apoptosis protein (XIAP) and cellular inhibitors of apoptosis proteins 1 (c-IAP1) levels and significantly blocked the association of HSP70 with XIAP, suggesting that PES inhibited the function of HSP70 in oral squamous cell carcinoma cells by destroying HSP70 client proteins, and ultimately inhibiting the growth of oral squamous cell carcinoma cells (Jiang and Xiao, 2020).
In addition, inhibitors can target not only HSP70 but also the dimeric structure of HSP70 to promote apoptosis in tumor cells. Dimerization of HSP70 is essential for regulating HSP70 activity (Takakuwa et al., 2019; Pan et al., 2021), and common co-chaperone proteins of HSP70 such as Bim and JDP can combine with HSP70 as a dimer structure to regulate HSP70 activity and substrate specificity (Pan et al., 2021; Wyszkowski et al., 2021). In contrast, the HSP70-Bim PPI inhibitor S1g induces apoptosis in tumor cells by dissociating the HSP70/Bim dimer (Song et al., 2021; Wang et al., 2021). Among them, the co-chaperone Bim helps HSP70 recognize some cancer-associated clients, making some cancer cells such as T47D cells, BV173 cells, KCL-22 cells, etc. dependent on HSP70-Bim function (Guo et al., 2020). HSP70-bim PPI inhibits apoptosis by regulating the folding of oncogenic clients AKT and Raf-1 in cancer cells (Guo et al., 2020), whereas S1g-6, an HSP70 inhibitor targeting the tumor-associated HSP70-Bim PPI, significantly decreased the expression and phosphorylation levels of AKT and Raf-1 proteins when BV173 and KCL22 cells in CML cell lines were treated with S1g-6 (Wang et al., 2021). This data suggests that S1g-6 can disrupt HSP70-Bim function in living cells and has an anti-tumor effect. Several other studies have supported the idea that HSP70 inhibitors can increase the sensitivity of tumors to radiotherapy by modulating client proteins (Kim et al., 2014; Meng et al., 2014).
Blocking the HSP70-dependent signalling pathway
Several studies have demonstrated that HSP70 inhibitors can promote apoptosis and increase tumor sensitivity to radiotherapy by blocking HSP70-dependent signaling pathways. For example, quercetin enhances the radiosensitivity of colon cancer cells in vivo by targeting Notch-1 signaling and colonic CSCs (Li et al., 2020). These authors found that quercetin combined with IR eliminated CRC stem cells (CRC-SCs) by inhibiting Notch1 signaling and that the expression of biomarkers in CSCs was significantly reduced in both in vitro and in vivo studies. Quercetin and IR inhibited the growth of primary and secondary colonosphere and suppressed the Notch-1 signaling pathway by downregulating γ-secretase complex proteins, Jagged-1, HES1, and HEY1. The above results suggest that the combination of quercetin and IR may be a promising strategy for tumor sensitization by radiotherapy. The PI3K/Akt signaling pathway plays a key role in the development of many tumors, and the activation of the PI3K/Akt pathway is closely associated with the chemoresistance and radioresistance of tumor cells (Fresno Vara et al., 2004). The PI3K/Akt signaling pathway is aberrantly activated in most malignancies and activated AKT phosphorylates downstream target proteins, including FOXO1, WEE1, GSK3b, and mTORC1, which lead to tumor cell survival, promote cell cycle progression, ribosome biogenesis or protein synthesis (Song et al., 2019). Therefore, the topic of whether HSP70 inhibitors can improve the radiosensitivity of tumor cells by inhibiting the PI3K/Akt signaling pathway is worthy of further investigation. Shu et al. (2021) demonstrated the possibility that TPL could radiosensitize U251 cells by inhibiting the PI3K/Akt signaling pathway. When the 10nmol/L HSP70 inhibitor triptolide (TPL) was combined with 4GyX-rays, the expression levels of p-PI3K and p-Akt in human glioma U251 cells decreased more significantly than with TPL or X-rays alone. In addition, CHOP is a transcription factor that promotes apoptosis by regulating apoptosis-related genes such as down-regulation of bcl2, bcl-xl, and mcl-1 expression and up-regulation of BIM, BAK, and Bax expression (Hu et al., 2018). Using a human ovarian cancer xenograft model, one study showed that quercetin induced CHOP via the PERK/ATF4/eIF2α pathway, thereby enhancing ionizing radiation-induced apoptosis (Gong et al., 2018). AKT, MAPK, and ERK signaling pathways are also important pathways that regulate cell cycle progression and apoptosis. PES inhibited the activation of Akt and ERK pathways to promote apoptosis in NSCLC cells (Zhou et al., 2017a) or induced apoptosis in oral squamous cell carcinoma cells by reducing the expression and phosphorylation levels of AKT and ERK (Jiang and Xiao, 2020), these data reflect the positive effects of PES in inhibiting tumor development. NF-κB is an important transcriptional activator involved in various physiological and pathological processes such as inflammatory response, immune response, and cell proliferation and apoptosis. NF-κB not only promotes cell proliferation and inhibits apoptosis, but upregulation of NF-κB in tumor cells also promotes upregulation of tumor metastasis factors and lymphatic barrier breach, which plays an important role in the development of tumorigenesis (Nguyen et al., 2015). Upregulation of NF-κB leads to inflammatory responses and oxidative stress, and it can lead to tumor resistance to radiotherapy and chemotherapy by regulating angiogenesis and inhibiting apoptosis (Mortezaee et al., 2019). Zhang et al. (2012) found that EGCG significantly enhanced radiation-induced apoptosis and was accompanied by a decrease in NF-κB protein levels, suggesting that HSP70 inhibitors may reduce tumor resistance to radiotherapy by inhibiting the NF-κB signaling pathway. In addition, Meng et al. (2014) reported a similar finding that the HSP70 inhibitor TPL could inhibit NF-κB activity not only directly by inhibiting the trans-activation of the p65 subunit of NF-κB but also indirectly through the AKT/GSK3β/mTOR pathway to inhibit NF-κB signaling and promote apoptosis. In summary, HSP70 inhibitors increase radiation-induced apoptosis in tumor cells by blocking a variety of HSP70-dependent signaling pathways.
Inhibition of repair of radiation-induced DNA damage
DNA is the main target of ionizing radiation, which has cytotoxic effects on DNA, mainly resulting in single-strand breaks (SSBs) and double-strand breaks (DSBs) (Goldstein and Kastan, 2015). The efficacy of radiotherapy depends on its ability to induce lethal DNA damage in cancer cells and the ability of cells to repair radiation-induced DNA damage (Schaue and McBride, 2005; Buckley et al., 2020). Unrepaired and inaccurately repaired DNA double-strand breaks are the main cause of radiation-induced cell death (Morgan and Lawrence, 2015). There are two main pathways for DSB repair, nonhomologous end-joining (NHEJ) and homologous recombination (HR) (Scully et al., 2019). NHEJ occurs throughout the cell cycle and is the main repair pathway for G1 phase DSBs (Takata et al., 1998; Zhao et al., 2017). HR uses sister chromatids as a template for repair and is therefore restricted to the S/G2 phase (Takata et al., 1998; Orthwein et al., 2015).
Ionizing radiation increased γ-H2AX levels in a dose-dependent manner, with the abundance of γ-H2AX lesions peaking 30 min after IR and returning to baseline levels approximately 24 h after IR (Yang et al., 2020b). γ-H2AX is one of the earliest DSB-induced DNA damage repair (DDR) events (Willers et al., 2015). Several preclinical studies have shown that the combination of IR and HSP70 inhibitors exacerbates γ-H2AX lesions, increases unrepaired DSB and induces delayed DSB repair, and increases the radiosensitivity of tumor cells (van Rijn and van den Berg, 1997; Lin et al., 2012; Gong et al., 2018). Furthermore, the combination of IR and HSP70 inhibitors leads to HR defects by reducing RAD51 expression. The DNA recombinase RAD51 is the most critical component of the HR pathway, catalyzing the typical key responses of HR. In contrast, the ataxia telangiectasia mutated (ATM) kinase is an upstream regulator of RAD51 and is activated to enhance the HR response to DSB (Li and Heyer, 2008; Yang et al., 2020b). Within minutes of DSB formation, different proteins are phosphorylated by active ATM, which are required for the DNA damage response and repair (Hakem, 2008). HSP70 inhibitors can impede DNA damage repair in irradiated tumor cells, so ionizing radiation combined with HSP70 inhibitor treatment can exacerbate DNA damage and enhance radiation-induced cell death (Figure 3). In vitro and in vivo studies have confirmed that quercetin can specifically inhibit ATM activation and ATM-mediated phosphorylation of downstream targets, leading to tumor radiosensitization (Lin et al., 2012). In support of this finding, the radiosensitizing effect of quercetin was lost in ATM-deficient cells (Lin et al., 2012). Although no interaction between HSP70 and ATM was detected, HSP70 was found to interact with its downstream factor RAD51 and to be associated with radiosensitivity (Tambini et al., 2010). Gong et al. (2018) showed that quercetin reduced RAD51 expression via the p53-mediated endoplasmic reticulum stress pathway and that cells lacking RAD51 function had a defect in HR repair leading to reduced DSB repair and increased ionizing radiation-induced apoptosis. The above results highlight the potential of quercetin as a novel radiosensitizer. In addition, TPL and its derivatives exhibit cytotoxicity by inducing DNA damage, thus increasing the sensitivity of different cell types to DNA damage-based chemotherapy or radiotherapy. TPL impairs NHEJ repair by directly interacting with and inhibiting the autophosphorylation of DNA-PKcs (Cai et al., 2020). TPL can also reduce the expression of HSP70 by downregulating Sp1, thereby promoting the apoptosis of tumor cells (Arora et al., 2017). Moreover, Sp1 interacted with DNA-PKcs in several types of tumor tissues (gastric, colon, and pancreatic cancer) to participate in DNA damage repair (Odegaard et al., 1998; Hosoi et al., 2004). In conclusion, TPL can not only impair DNA repair by directly inhibiting DNA-PKcs, but may also affect the interaction between sp1 and DNA-PKcs by inhibiting DNA-PKcs, and ultimately downregulate the expression level of HSP70 to promote tumor cell apoptosis. However, the current data do not demonstrate that HSP70 inhibitors in combination with IR inhibit NHEJ activity while attenuating HR efficiency.
[image: Figure 3]FIGURE 3 | HSP70 Inhibitors Inhibit the Repair of Radiation-induced DNA Damage. After ionizing radiation-induced DSBs, two distinct DNA repair systems emerged, namely NHEJ and HR. HSP70 inhibitors such as quercetin and TPL can be involved in the DNA damage repair pathway, and they increase the radiosensitivity of tumors by inhibiting radiation-induced DNA damage repair.
Cell cycle blockade
Disturbances in cell cycle regulation play an important role in the development of tumors. The operation of the cell cycle is largely dependent on cyclin dependent kinase (CDK), which relies on the binding of cyclin to perform key functions in the orderly progression of the cell cycle. Different CDK-Cyclin complexes phosphorylate specific target proteins to stimulate cell cycle phases, facilitating the G1/S and G2/M transitions. Cell cycle arrest is a key determinant of radiosensitivity, and HSP70 causes a delay in cell growth that reduces G2/M phase arrest (Lee et al., 2001). Notably, G2/M phase cells are the most sensitive to radiation (Terasima and Tolmach, 1961; Sinclair and Morton, 1966). Lee et al. (Lee et al., 2001) examined the G2/M phase arrest in two cell lines, the vector control and HSP70-transfected cell group, by measuring the accumulation of G2/M phase cells at approximately 3, 6, 12, and 24 h after 4 Gy irradiation using flow cytometry. The cell cycle arrest was significantly reduced in HSP70 overexpressing cells at 6 and 12 h after irradiation, with a 20% and 24% reduction in G2/M phase block, respectively. These data indicate that HSP70 causes a reduction in radiation-induced G2/M phase block, resulting in reduced radiosensitivity.
In addition, inhibition of HSP70 expression significantly inhibits tumor cell growth and induces cell cycle arrest (Lin et al., 2014), so Hsp70 inhibitors could be considered to counteract the effects of Hsp70 on the cell cycle.
The DNA damage caused by radiotherapy leads to the activation of cell cycle regulatory mechanisms by the relevant genes, causing cell cycle arrest at two checkpoints, the G1/S phase and the G2/M phase, and the blockage of cell cycle checkpoints is an important determinant of the radiosensitivity of tumor cells (Figure 4). HSP70 inhibitors can radiosensitize tumors by inhibiting HSP70-induced cell cycle checkpoint arrest, as in nasopharyngeal carcinoma TPL can trigger apoptosis and induce G2/M phase arrest by inhibiting GRP78, thus TPL can be used as a new radiosensitizer for the treatment of nasopharyngeal carcinoma (Li et al., 2016).
[image: Figure 4]FIGURE 4 | HSP70 Inhibitors Induce Cell Cycle Arrest. HSP70 inhibitors induce cell cycle arrest by inhibiting HSP70. For example, TPL induces G2/M phase arrest in nasopharyngeal carcinoma; VER-155008 induces G1 phase arrest in pleural mesothelioma; PES induces G2/M phase arrest in oral squamous cell carcinoma; EGCG induces G2/M phase arrest in MCF-7 cells in breast cancer. HSP70 inhibitors induce cell cycle arrest, make tumor cells more sensitive to radiotherapy, and increase radiotherapy-induced apoptosis.
Furthermore, in pleural mesothelioma, VER-155008 inhibits HSP70 by inducing G1 cell cycle arrest and disrupting the PI3K/AKT/mTOR pathway, thereby suppressing tumor proliferation (Sakai et al., 2021). In oral squamous cell carcinoma, PES blocked the cell cycle in the G2/M phase and induced apoptosis (Jiang and Xiao, 2020). In breast cancer, EGCG induced a G2/M phase cell cycle arrest in MCF-7 cells and enhanced the radiosensitivity of breast cancer (Tran et al., 2010). In summary, HSP70 inhibitors can make tumor cells more sensitive to radiotherapy by inducing cell cycle arrest.
Anti-tumor angiogenesis
Solid tumors are associated with significant tumor neovascularization during their development. Angiogenesis refers to the development of new blood vessels from existing capillaries or post-capillary veins. Due to the increasing demand for oxygen and nutrients by the expanding tumor, tumor cells induce angiogenesis by secreting a variety of growth factors (Kleibeuker et al., 2012). Among them, vascular endothelial growth factor (VEGF) is an important angiogenic factor that induces endothelial cell proliferation and migration and promotes angiogenesis. VEGF not only causes reoxygenation of tumor cells, leading to excessive DNA replication and increased synthesis of radioresistant genes but also enhances tumor radioresistance by promoting the development of autophagy (Meng et al., 2014; Chen et al., 2020). Anti-VEGF can increase tumor radiosensitivity by blocking angiogenesis, inducing apoptosis in vascular endothelial cells, and activating the mTOR pathway to inhibit radiation-induced autophagy (Chen et al., 2020). Furthermore, both preclinical and clinical studies have shown that radiotherapy can affect tumour angiogenesis and that inhibition of angiogenesis can enhance the effects of radiotherapy (Kleibeuker et al., 2012). Meanwhile, Colvin et al. (2014) found that HSP70 could affect VEGF production in human breast cancer MCF-7 cells. Further studies also showed that GRP78 (HSP70) knockdown significantly inhibited VEGF-induced endothelial cell proliferation and VEGF-induced extracellular regulated protein kinase 1/2 (ERK1/2), phospholipase C-γ (PLC-γ), and VEGFR-2 phosphorylation, thereby suppressing tumour angiogenesis (Katanasaka et al., 2010). Therefore, HSP70 inhibitors can act as inhibitors of tumor-induced angiogenesis and radiosensitizers of tumor vasculature (Figure 5). One study showed that HSP70 inhibitors inhibited tumor angiogenesis and tumor metastasis (He et al., 2010). TPL inhibits pancreatic cancer tumor angiogenesis and tumor metastasis by inhibiting Tie2 and VEGFR-2 and down-regulating VEGF expression. This was confirmed by another study with quercetin, which targeted the VEGFR-2-mediated angiogenic pathway, inhibited the expression of the downstream regulator AKT, and suppressed tumor growth in acute myeloid leukemia and breast cancer (Balakrishnan et al., 2016; Shi et al., 2020). Furthermore, in breast cancer, EGCG inhibits tumor invasion and angiogenesis by suppressing VEGF expression, as well as inhibiting epidermal growth factor receptor (EGFR) and ERK1/2 phosphorylation levels, which also supports the use of HSP70 inhibitors as radiosensitizers for tumors (Khan and Mukhtar, 2010).
[image: Figure 5]FIGURE 5 | Anti-tumor Angiogenesis by HSP70 Inhibitors. HSP70 inhibitors can increase the radiosensitivity of tumor cells through anti-tumor angiogenesis. For example, in pancreatic cancer, TPL inhibits tumor angiogenesis by inhibiting Tie2 and VEGFR-2; in acute myeloid leukemia and breast cancer, quercetin targets the VEGFR-2-mediated angiogenic pathway and inhibits the expression of the downstream regulator AKT; in breast cancer, EGCG is anti-tumor angiogenic by inhibiting the expression of VEGF and suppressing the phosphorylation levels of EGFR and ERK1/2.
Other mechanisms
The transcription factor HSF1 drives tumor development by regulating the expression of heat shock proteins, inhibiting apoptosis, promoting cancer cell proliferation and metastasis, and facilitating DNA repair (Wang et al., 2020b). HSF1 is highly expressed in a variety of tumors (Mendillo et al., 2012) and high HSF1 expression in tumor tissues is negatively correlated with the prognosis of cancer patients (Zhou et al., 2017b). For example, higher levels of HSF1 expression in breast, oral cavity, myeloma, and endometrial cancers are associated with poor prognosis and increased metastasis in patients (Santagata et al., 2011; Ishiwata et al., 2012; Engerud et al., 2014; Fok et al., 2018). In addition, gene transcription of HSP70 is also regulated by HSF1, which is activated in response to stress stimuli. Since activated HSF1 induces the expression of HSP70 and enhances cellular radioresistance (Kabakov et al., 2006), inhibition of HSF1 may be an effective way to block HSP70 expression and increase radiosensitivity (Kumar et al., 2016). Considering the role of HSF1 in tumor development, HSF1 could be a potential therapeutic target. Activation of HSF1 is a rather complex process: HSF1 binds to molecular chaperones (e.g., HSP70) to form a complex and remains free in the cytoplasm as an inactive monomer, gradually acquiring transcriptional activity in response to heat shock. First HSF1 is depolymerized from the complex and then oligomerized into a DNA-bound trimer that translocates to the nucleus. The trimeric HSF1 that enters the nucleus then binds to the heat shock element (HSE) in the promoter of the target gene. HSF1 is subsequently activated by casein kinase 2 (CK2) and calcium/calmodulin-dependent protein kinase II (CaMKII) phosphorylation, and hyperphosphorylated HSF1 acquires full transcriptional activity, thereby inducing transcription of heat shock genes (Westerheide et al., 2006; Wang et al., 2009). HSP70 inhibitors can block HSP70 expression by inhibiting HSF1, thereby reducing tumor radioresistance. Inhibition of HSF1 activation can be achieved by HSP70 inhibitors TPL and quercetin (Dai and Sampson, 2016). TPL has been found to block HSF1 activation and transcription during steps such as trimerization, phosphorylation, and DNA binding, while quercetin may inhibit HSP70 by blocking phosphorylation of HSF1 by CK2 and CaMKII (Wang et al., 2009). Tran et al. (2010) demonstrated for the first time that EGCG significantly reduced HSF1 levels in a dose-dependent manner, suggesting that EGCG can suppress the expression of HSP70 by inhibiting the expression of the HSP70 transcription factor HSF1. Furthermore, KRIBB11 was the first reported direct inhibitor of HSF1, when cells were exposed to heat shock in the presence of KRIBB11, the induction of HSF1 downstream target proteins such as HSP27 and HSP70 was blocked, inducing tumour growth arrest and apoptosis (Yoon et al., 2011). The above studies suggest that HSP70 inhibitors may also block HSP70 expression by inhibiting HSF1 to radiosensitize tumors. However, inhibition of HSF-1 not only affects the expression of heat shock proteins but also other regulatory factors involved in various cellular pathways (Fok et al., 2018). Therefore, the complex mechanisms affected by inhibition of HSF-1 should be taken into account.
HSP70 inhibitors can also induce other biological phenotypes, providing a mechanistic basis for the use of HSP70 inhibitors in combination with radiation therapy. For example, the induction of senescence, i.e., irreversible growth arrest, is considered in cancer cells as a means of stopping tumor initiation and progression (Zamin et al., 2009). Firstly, long-term exposure to HSP70 inhibitors induces a cellular senescence phenotype in many cancer cell lines, such as quercetin-mediated senescence in human colon cancer cells (Özsoy et al., 2020); TPL promotes heterochromatin formation and thus represses gene transcription by inhibiting histone H3 methylation levels and upregulating H3K9me3 and H3K27me3, ultimately inducing a senescence-like phenotype in prostate cancer cells (Tamgue and Lei, 2017); and resveratrol and quercetin significantly increase the proportion of senescence-associated β-galactosidase (SA-β-GAL)-positive cells in C6 rat gliomas (Zamin et al., 2009). All of the above studies can confirm that HSP70 inhibitors can induce events of tumor cell senescence. On the other hand, radiation therapy also triggers premature senescence in solid tumor cell lines (Mirzayans et al., 2005). This finding is attributed to the fact that IR causes massive DNA damage and activates two major DNA damage-induced signaling pathways, namely the p53/p21waf1 pathway and the P16INK4a/Rb pathway, leading to sustained cell cycle arrest and cellular senescence (Panganiban et al., 2013). In addition, it has been shown that the radiosensitivity of many cancer cells can be enhanced by promoting senescence (Nam et al., 2013). Therefore, radiotherapy and HSP70 inhibitors can combine to induce tumor cell senescence and enhance the radiosensitivity of multiple tumors, thereby inhibiting tumor progression.
In addition to the classical radiosensitization mechanisms described above, HSP70 inhibitors can also inhibit tumor growth by modulating the tumor immune response (Bandyopadhyay et al., 2008; Liang and Fu, 2008; Liu et al., 2013; Chan et al., 2017). In tumor cells, regulatory T cells (Treg) play a key role in the regulation of the tumor immune response, leading to immune tolerance through direct killer cell activity, secretion of immunosuppressive molecules, and suppression of B cells, macrophages, dendritic cells (DCs), etc (Liu et al., 2013; Tanaka and Sakaguchi, 2017). Therefore, reducing the number of Treg cells or inhibiting their function could be considered as new immunotherapeutic targets for tumor therapy. Among them, IL-10 and TGF-β, two important immunosuppressive factors produced by Treg cells, can directly kill T cells or antigen-presenting cells by secreting granzymes (Tanaka and Sakaguchi, 2017). Thus, Treg cells play a key role in tumor immune tolerance, and the HSP70 inhibitor TPL significantly reduced the proportion of Treg cells in the spleen and axillary lymph nodes of tumor-bearing mice and decreased Foxp3 levels and secretion of IL-10 and TGF-β in peripheral blood (Liu et al., 2013), these data reflect the possibility that TPL may counteract tumor immune responses and inhibit tumor growth by suppressing Treg cells and immunosuppressive factors. On the other hand, radiation therapy is an ideal tool to enhance tumor MHC-I expression, which would continuously allow a cytotoxic CD8+ T-cell (CTL)-mediated response to specifically kill tumor cells (Frey et al., 2017). The initiation of an immune response after radiation therapy has been demonstrated in several preclinical studies, not only because of the induction of different forms of tumor cell death, but also because the interferon-gene stimulated protein signaling pathway (STING), which senses DNA, is activated (Frey et al., 2017). Although ionizing radiation recruited Treg cells and other immunosuppressive cells into the tumor microenvironment, TPL significantly reduced the proliferation of Treg (Liu et al., 2013). Interestingly, other researchers have reported that TPL can amplify Treg cells in non-tumor cells (Zhang et al., 2009; Xu et al., 2016). These varied results suggest that the effects of natural compounds in different disease states may be complex. In addition, radiation therapy sensitizes refractory “cold” tumors to immune checkpoint inhibitors by promoting the recruitment of anti-tumor T cells (Demaria et al., 2016). In conclusion, the above data suggest that both HSP70 inhibitors and radiotherapy can improve local tumor control through an anti-tumor immune response. These potential mechanisms provide new perspectives for future exploration and offer the possibility of combining HSP70 inhibitors, radiotherapy, and immunotherapy.
TUMOR CELL RESISTANCE TO HSP70 INHIBITOR RADIOSENSITIZATION
With the application of HSP70 inhibitors, it is found that tumor has drug resistance to HSP70 inhibitors, which reduces their radiosensitization effect. For example, the radiosensitizing effect of the HSP70 inhibitor MAL3-101 is achieved by inhibiting HSP70ATPase activity, yet tumor cells can overcome MAL3-101-induced apoptosis through endoplasmic reticulum-associated degradation and autophagy and become resistant to HSP70 inhibitors (Moradi-Marjaneh et al., 2019).
One study found that quercetin enhanced the phosphorylation of HSP27 upon down-regulation of HSP70, and that phosphorylated HSP27 had anti-apoptotic activity, reducing the radiosensitizing effect of quercetin due to inhibition of HSP70 (Wang et al., 2009). The data reflect that inhibition of HSP70 without enhanced phosphorylation of HSP27 is beneficial in reducing the resistance of tumor cells to radiosensitization by HSP70 inhibitors, and therefore HSP70 inhibitors may be considered in combination with HSP27 inhibitors. In addition, the combination use of HSP70 inhibitors may also be an effective strategy to reduce tumor resistance to HSP70 inhibitor radiosensitization (Li et al., 2009). Quercetin down-regulated the expression of HSP70 but up-regulated the expression of GRP78 in human breast cancer cells in a dose-dependent manner. Whereas EGCG promoted quercetin-induced cell death by binding to the ATP-binding domain of GRP78 and blocking its protective function, the combined application of EGCG and quercetin inhibited both HSP70 and GRP78. The authors demonstrated a way to increase the sensitivity of breast cancer cells to a single HSP70 inhibitor by using a combination of HSP70 inhibitors (Li et al., 2009). Another study also supported the above notion that TPL enhanced kahweol-induced cytotoxicity by inhibiting Hsp70 activity and synergistically promoted colon cancer cell apoptosis (Choi et al., 2015). In summary, when heat shock protein inhibitors are used in combination, they may reduce the resistance of tumor cells to radiosensitization by HSP70 inhibitors. However, considering that toxicity to normal cells/tissues should be evaluated, their combined use still needs further study.
EFFECT OF DUAL TARGETING OF HSP70 AND HSP90 ON SENSITIVITY TO RADIOTHERAPY
Many HSP90 client proteins are components of cancer cell-associated signaling pathways that ensure unlimited tumor growth and their resistance to radiotherapy. Following Hsp90 inhibition, these client proteins are degraded, disrupting multiple pathways critical for tumor cell survival. Thus, HSP90 inhibitors may also be used as agents to sensitize human tumors to radiotherapy (Kabakov et al., 2010). The majority of tumors and cancer cell lines are radioresistant to HSP90 inhibitors, therefore, there is an urgent need for a biomarker to predict the response of target cells to inhibitory therapy. HSP70 is a co-chaperone protein whose upregulation serves as a biomarker for HSP90 inhibition (Spiegelberg et al., 2020; Naz et al., 2021). In their study of the effect of HSP90 inhibitors on cellular radiation response, Kudryavtsev et al. (Kudryavtsev et al., 2017) found that radiosensitizing effects were present only in cell cultures with early and significant induction of HSP70 after treatment with HSP90 inhibitors, and that the level of HSP70 induction was positively correlated with the degree of radiosensitization. This study supports the idea that HSP70 induction can be a valid marker for predicting the effects of HSP90-inhibited radiosensitizers on tumor and normal tissue ionizing radiation. HSP70 can be used as a biomarker to quantify the inhibitory effect of low concentrations of HSP90 inhibitors on HSP90 (Mehta et al., 2020). The authors demonstrate that the inhibition of Hsp90 by even low-dose Hsp90 inhibitors can be monitored by measuring HSP70 expression in peripheral blood individual nucleated cells, which also suggests the potential use of HSP70 from blood cells as a clinical biomarker in future studies. In addition, Hsp70 as a biomarker has the advantage of being easily detected by Western blot (Kudryavtsev et al., 2017) and consistent in clinical trials (Zhang et al., 2006).
More importantly, HSP90 inhibitors have been shown to increase the radiosensitivity of tumor cells, but at the same time they also strongly enhance the expression of cytoprotective HSP70 (Ambati et al., 2014). This result is thought to reduce the overall anti-tumor effect of these compounds, and therefore dual targeting of HSP90 and HSP70 is an emerging concept for making tumor cells more sensitive to radiotherapy. Several preclinical studies have investigated the radiosensitivity of tumor cells in combined HSP90 and HSP70 therapy. Schilling et al. (2017) found that HSP70 inhibition peptide aptamer A17 inhibition of HSP70 by itself did not significantly increase the radiosensitization of lung and breast cancer cells, but it could enhance the radiosensitization of tumors by the Hsp90 inhibitor NVP-AUY922. In previous work, the research group has reported similar findings that NZ28 in combination with NVP-AUY922 achieved the same radiosensitization as high-concentration NZ28 monotherapy even when the NZ28 concentration was reduced to 1/10-1/20 (Schilling et al., 2015). Another study supports the idea that HSP90 inhibitors and HSP70 inhibitors in combination can help overcome the high radiation resistance of some tumors and sensitize them to radiation therapy (Kudryavtsev et al., 2017).
CONCLUSION
HSP70 inhibitors play an important role in increasing the sensitivity of tumor radiotherapy. Important data suggest that HSP70 inhibitors have radiosensitizing effects by disrupting the activity of HSP70 client proteins, blocking multiple HSP70-dependent signaling pathways, inhibiting the repair of radiation-induced DNA damage, inhibiting cell cycle checkpoint activation, and inhibiting tumor angiogenesis. Furthermore, HSP70 inhibitors prevent HSF1 activation and transcription, induce cellular senescence and promote antitumor immunity, which may be a potential mechanism for clinical radiosensitization. As tumors are drug-resistant to HSP70 inhibitors, this can reduce the radiosensitizing effect of the inhibitor. Although several preclinical studies have demonstrated that combinations between heat shock protein inhibitors can reduce tumor resistance to HSP70 inhibitor radiosensitization, the feasibility of such regimens needs to be further investigated in the future. Currently, drugs that have been studied using heat shock proteins as targets are mainly HSP90 inhibitors, but HSP70 is a more suitable drug target than HSP90 in terms of therapeutic efficacy (Balaburski et al., 2013). However, the research on HSP70 is still inadequate and the experimental data is insufficient. Moreover, most of the experiments had a limitation, that is, they did not knock out the endpoints affected by HSP70 and then tested whether HSP70 inhibitors had the same effect on the intrinsic radiosensitivity under the same conditions, thus providing a clearer illustration of the interaction between radiosensitization and Hsp70 inhibition.
In conclusion, our data provide a strong rationale for the use of HSP70 inhibitors as radiosensitizers. It is hoped that in the near future clinically available HSP70 inhibitors, either as monoclonal antibodies or in combination with radiotherapy, will be developed as an effective route of anti-tumor therapy.
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Matricellular proteins are nonstructural extracellular matrix components that are expressed at low levels in normal adult tissues and are upregulated during development or under pathological conditions. Tenascin C (TNC), a matricellular protein, is a hexameric and multimodular glycoprotein with different molecular forms that is produced by alternative splicing and post-translational modifications. Malignant gliomas are the most common and aggressive primary brain cancer of the central nervous system. Despite continued advances in multimodal therapy, the prognosis of gliomas remains poor. The main reasons for such poor outcomes are the heterogeneity and adaptability caused by the tumor microenvironment and glioma stem cells. It has been shown that TNC is present in the glioma microenvironment and glioma stem cell niches, and that it promotes malignant properties, such as neovascularization, proliferation, invasiveness, and immunomodulation. TNC is abundantly expressed in neural stem cell niches and plays a role in neurogenesis. Notably, there is increasing evidence showing that neural stem cells in the subventricular zone may be the cells of origin of gliomas. Here, we review the evidence regarding the role of TNC in glioma progression, propose a potential association between TNC and gliomagenesis, and summarize its clinical applications. Collectively, TNC is an appealing focus for advancing our understanding of gliomas.
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Introduction

The extracellular matrix (ECM) is a dynamic and complex meshwork consisting of various multidomain macromolecules that are continually synthesized and secreted by surrounding cells. Many ECM molecules, the basic structural proteins, provide a three-dimensional structural framework that ensures cell cohesion and facilitates formation of tissues and organs (1, 2). In addition to structural matrix molecules, such as collagen and laminin, various non-structural proteins are present in the ECM in specific situations. These secreted nonstructural ECM components, called matricellular proteins (MCPs), are rapidly turned over, rather than remaining as stable structural elements (2, 3). MCPs present in the brain ECM include tenascin C (TNC), thrombospondins (TSPs), secreted protein acidic and rich in cysteine family (SPARC) proteins, and periostin (3). They are characterized by low expression levels in healthy adult tissues, but have high expression levels during development and are promptly upregulated under pathological conditions. By binding to other matrix proteins, specific cell surface receptors, such as integrins, and soluble extracellular factors, including cytokines, growth factors, and proteases, MCPs can directly or indirectly modulate cellular morphology, regulate several cellular processes, such as proliferation, differentiation, migration, apoptosis, and survival, and induce tissue remodeling (3–5). TNC, as an MCP, is highly expressed in most solid cancers of the ECM. This has been associated with poor prognosis and is involved in many malignant biological behaviors (6, 7). In addition, TNC is present in several stem cell niches (8, 9), including neural stem cells (NSCs) and glioma stem cells (GSCs) (10–12). Therefore, understanding the role of TNC in cancers and stem cells can contribute to the development of new therapeutic avenues.

Gliomas, the most common primary intracranial tumors in adults, are grouped into four classes (grades I–IV), based on histological characteristics (13). The mean annual incidence is approximately six per 100,000 people worldwide (14). Although some advances in diagnosis and treatment have been made, the prognosis of patients with gliomas remains poor. In particular, for glioblastoma (GBM), the median survival time is approximately 15 months and the 5-year survival rate is only 5.8% (15–17). The standard regimen for primary GBM includes maximal surgical resection, followed by chemotherapy with temozolomide and radiation therapy, which is referred to as the STUPP protocol (18). Recently, many novel therapeutic options, such as immunotherapy (19, 20), targeted therapy (21, 22), and tumor-treating fields (TTFields) (23, 24) have been proposed, but the efficacy of these protocols is unsatisfactory (16). The main reasons for the poor outcomes of GBM patients are the disease’s heterogeneity and adaptability, which lead to resistance to treatment and tumor recurrence. The tumor microenvironment (TME) and cancer stem cells (CSCs) may account for the dynamic and heterogeneous characteristics of GBM (25, 26). Recently, substantial evidence has shown pleiotropic and important roles for TNC in the glioma TME (27, 28), as well as in NSC and GSC niches (10–12). Interestingly, many researchers have reported that GSCs may be derived from NSCs in the adult brain subventricular zone (SVZ) (29–31).

Here, in light of its potential significance, we review the matricellular protein TNC in the glioma ECM, and highlight the implications of TNC in glioma progression, tumorigenesis, and treatment.



Structure of tenascin C

TNC, a member of the tenascin family, was first identified in the 1980s. Other members of this family include tenascin-W, tenascin-X, and tenascin-R. Since the discovery of TNC independently and concurrently in several different laboratories, it is known under various names, such as glial/mesenchymal extracellular matrix protein (GMEM) (32), myotendinous antigen (33, 34), cytotactin (35), J1 220/200 (36), neuronectin (37), and hexabrachion (38). The TNC glycoprotein consists of six identical monomers that are disulfide-linked into a hexamer at their N-termini (38, 39). Each subunit is approximately 180–400 kDa in humans and is composed of four different parts (Figure 1): an N-terminal cysteine-rich domain with highly conserved heptad repeats, 14.5 epidermal growth factor (EGF)-like repeats, eight constitutively expressed fibronectin type III (FNIII) domains, and a fibrinogen-like globe (FBG) at the C-terminus (28, 40, 41). Nine alternatively spliced domains (A1–A4, B, AD2, AD1, C, and D) are inserted between the 5th and 6th FNIII domain in the human gene (42), which can theoretically give rise to 512 possible TNC splice isoforms (43, 44). However, the number of alternatively spliced domains varies among species, with chickens, mice, and rats having six, six, and seven domains, respectively (43, 45, 46). These alternatively spliced repeats with unique interaction sites may not only offer novel binding abilities or susceptibilities to proteolytic cleavage, but may also disrupt the existing binding sites, resulting in the acquisition or loss of certain functions (43). In addition, post-translational modifications, such as glycosylation and citrullination, assembly into a fibrillar matrix, and proteolytic processing, further increase the complexity of the TNC structure and function by exposing hidden binding sites, covering exposed binding sites, or generating smaller soluble fragments (6, 43, 44). For example, glycosylated TNC is likely to regulate proliferation of NSCs (47), and the fragmented EGF-like domain has proapoptotic activity in smooth muscle cells, in contrast to intact TNC (48).




Figure 1 | Schematic illustration of the domain structure of TNC.





Expression and regulation of tenascin C

TNC is a regulatory glycoprotein that exhibits different spatial and temporal distribution patterns throughout life. In general, during embryogenesis, TNC is highly expressed in neural ectodermal tissues and in some non-neural sites where high cell turnover, tissue remodeling, and epithelial–mesenchymal interactions occur (41, 43). In the embryonic developmental stage and shortly after birth, the expression level of TNC peaks and then decreases significantly with increasing age (49). In fact, this molecule is considered to be mainly secreted by immature and reactive astrocytes, radial glial progenitor cells, and oligodendrocyte precursor cells (OPCs) in the developing central nervous system (CNS) (50–52). In contrast, in the normal adult CNS, it is sparsely expressed and is confined to NSC niches, such as the SVZ and the hippocampus, where it is produced by astrocytes (53) and granule cells (54), respectively, as well as to the cerebellum, where it is produced by Golgi epithelial cells (55). However, TNC is actively re-expressed in the adult CNS in response to pathological conditions, including neuroinflammation (56), neurodegeneration (57, 58), trauma (59, 60), and tumorigenesis (27, 28, 61). For example, many experimental studies have indicated that TNC is expressed in the brain parenchyma (astrocytes, neurons, and brain capillary endothelial cells) and the walls of cerebral arteries (endothelial, smooth muscle, adventitial, and periarterial inflammatory cells) between 24 and 72 h after post-subarachnoid hemorrhage (SAH) (62, 63). As a key regulator of neuroinflammation, TNC is involved in early brain injury, including blood–brain barrier destruction (64), neuronal apoptosis (65), cerebral vasospasm (66), delayed cerebral ischemia (67), and chronic hydrocephalus (56, 62, 68). In addition, Xie et al. (69) reported that TNC plays a role in chronic neuroinflammation in Alzheimer’s disease, and that its deficiency could produce an anti-inflammatory pattern and reduce cerebral amyloid β load. More importantly, numerous studies have reported increased levels of TNC in multiple malignant solid tumors, with the highest concentrations found in gliomas (7, 27, 70). TNC expression is correlated with glioma grade, poor patient survival, and disease progression (71, 72).

In humans, TNC is located on chromosome 9q32–q34 (73). Upstream of its transcription start site, there is a region with high promoter activity that contains a TATA box (44, 74). Various specific transcription factors, intracellular regulators, and stimuli, including cytokines, growth factors, reactive oxygen species, hypoxia, and mechanical stress, can control TNC expression by directly or indirectly regulating the TNC promoter (74). For instance, homeobox even-skipped homolog protein-1 (Evx-1) stimulates TNC promoter activity by synergizing with transcription factors FOS and/or JUN, which target the AP1 site (75). Another homeobox transcription factor, orthodenticle homolog 2 (OTX2), binds to the TNC promoter with high affinity and represses the gene transcription (76). In addition, cyclic tensile strain has been shown to induce mRNA encoding TNC in fibroblasts in β1-integrin-mediated RHO/ROCK signaling (77, 78) and nuclear translocation of the transcriptional regulator megakaryocytic leukemia-1 (MKL-1) (79). After CNS injury, activated microglia and macrophages secrete basic fibroblast growth factor (bFGF) and transforming growth factor-β1 (TGF-β1), which can induce an increase in astrocyte tenascin production (80). Moreover, TNC was also considered a target gene of the transcription factor SOX4, which is overexpressed in many human malignancies, including glioma (81, 82).

Fibroblasts are a major source of the TNC deposited in the solid tumor stroma of the peripheral system, whereas tumor cells themselves rarely express TNC (70). Nevertheless, in gliomas, TNC is expressed by malignant tumor cells (83). The NOTCH signaling pathway plays a critical role in the regulation of TNC expression (Figure 2) (84). NOTCH is a large transmembrane receptor of the cell-binding ligands delta and jagged. After activation, ligand-dependent cleavage allows the release of its intracellular domain, which translocates to the nucleus and affects NOTCH-dependent transcription by binding to RBPJκ/CSL (85). A GBM tissue microarray revealed a significant association between RBPJκ and TNC levels, with the former being a NOTCH2 transcription co-factor (84). Additionally, the human TNC promoter contains an RBPJκ-responsive element (84). Sivasankaran et al. (84) proposed a mechanism for NOTCH/RBPJκ-mediated transactivation of TNC in GBM, consistent with the report by Ma et al. (86), in which TNC is upregulated in CD47-loss-of-function cells via a NOTCH-mediated mechanism. On the other hand, Sarkar et al. (87). found that TNC is a pivotal initiator of enhanced NOTCH signaling and promotes GSC growth through the TNC–α2β1–JAG1–NOTCH signaling axis. In breast cancer cells, Oskarsson et al. (88) reported that TNC accumulation enhanced the performance and function of the NOTCH pathway, which is vital for the adaptation of metastasis-initiating breast cancer cells. Taken together, evidence suggests that there may be positive feedback between TNC expression and the NOTCH pathway that ultimately increases the malignant biological behavior of gliomas.




Figure 2 | Potential positive feedback mechanism in gliomas between TNC expression and NOTCH pathway. TNC binds to integrin α2β1 on the glioma cell and upregulates JAG1 expression which interacts with its receptor NOTCH. The interaction results in the release of intracellular domain that translocates to the nucleus to affect NOTCH-dependent transcription by binding to RBPJκ. Moreover, the human TNC promoter contains an RBPJκ-responsive element. Thus, the activation of NOTCH signaling increases TNC expression.





Interaction partners and receptors of tenascin C

As mentioned above, TNC is a hexameric extracellular glycoprotein and each monomer consists of four different domains. This highly complex structure gives TNC the capacity to interact with various binding partners or ligands, such as other ECM components, cell surface receptors, and soluble factors, which affect distinct signaling pathways (28, 44, 70, 89). The first and most studied ECM component that interacts with TNC is fibronectin (89), whose binding sites involve FNIII repeats (90, 91). Additionally, TNC can bind to other ECM proteins, such as periostin (92), perlecan (93), fibrillin-2 (94), aggrecan (95), and SPARC-related modular calcium-binding protein 1 (SMOC1) (96). These complex interactions between TNC and ECM proteins may contribute to changes in the matrix components and the biological properties of the TME. TNC can also bind to proteoglycans (PGs), such as receptor-like protein tyrosine phosphatase beta/zeta (RPTPβ/ζ) (97) and neurocan (98), two nervous tissue-specific chondroitin sulfate proteoglycans: glypican (99), syndecan-4 (100), and two heparan sulfate proteoglycans. These PGs are involved in tumor or stem cell adhesion and proliferation by interacting with multiple domains of TNC or peptides derived from TNC. In addition to PGs, TNC can act directly on cell surface receptors, particularly integrins. Yoshida et al. (70) reported that TNC plays an essential role in cancer cell biology as a ligand for integrins α2/7/8/9β1 and αvβ1/3/6. The EGF-like repeats of TNC are capable of promoting cell proliferation by binding directly to the EGF receptor and activating the ERK/MAPK signaling pathway (101), whereas the FBG domain of TNC is able to maintain the synthesis of proinflammatory cytokines via activation of Toll-like receptor 4 (TLR4) in a myeloid differentiation factor-88 (MyD88)-dependent manner (102). Furthermore, a large number of growth factors have been found to bind to the TNC FNIII 1–5 subdomain, including the platelet-derived growth factor (PDGF) family, TGF-β superfamily, FGF family, insulin-like growth factor-binding proteins (IGF-BPs), and neurotrophins (103). More recently, a few studies have suggested that TNC participates in recruiting and concentrating WNT ligands in acute kidney injury and whisker follicle stem cell niches, thereby potentiating WNT/β-catenin signaling, presumably due to the formation of a favorable microenvironment near the cell surface (104, 105). Finally, TNC can even bind to pathogens, such as human immunodeficiency virus, and neutralize viral activity (106). Taken together, the interaction partners of each TNC isoform are thought to be dependent on their domains, thus performing different functions in a context-dependent manner. Notably, TNC harbors some cryptic functional sites within its molecular structure, which are released through proteolytic cleavage by matrix metalloproteinases (MMPs) and a disintegrin and metalloproteinase (ADAM) family. The TNC-derived peptide fragments, such as FNIII A2, contain bioactive sites and may play a different and even opposite role than that of the parental TNC molecule (107).



Tenascin C in glioma

TNC is abundantly expressed in a variety of tumors, including breast cancer, colon adenocarcinoma, prostatic adenocarcinoma, and lung carcinoma, but particularly in gliomas (7, 27, 28, 70). In general, TNC is mainly present in the glioma perivascular and intercellular spaces and less abundantly in the cells (108, 109), and its expression level increases with glioma grade (71, 109). Interestingly, the concentration of TNC in the cerebrospinal fluid and cyst fluid also seems to reflect the tumor grade (110, 111). Among patients with GBM, those who had TNC immunopositivity survived for a significantly shorter period than those in whom TNC expression was absent (71). Thus, TNC in gliomas can be identified as a predictor of poor prognosis and disease progression (71, 72). Unlike most other tumors, malignant glioma cells are the main source of TNC (112). TNC can also promote many malignant biological behaviors of glioma, such as neovascularization, proliferation, adhesion or migration, and immunomodulation (27, 28).


Tenascin C and neovascularization

Gliomas are characterized by a high degree of vascularization. These blood vessels are necessary for tumor growth, as they are involved in providing nutrients and removing metabolic waste. Over the past few years, some studies have demonstrated that TNC is mainly found in the perivascular niche of gliomas (72, 108), particularly in hyperplastic blood vessels (113, 114). The microvessel endothelial cells (114), pericytes (115) and smooth muscle cells (116) all have the capacity to synthesize and release TN/TNC. In GBM, perivascular TNC is related to microvascular density and vascular endothelial growth factor (VEGF) expression (108). In addition, in melanoma, TNC can regulate the expression of VEGF and affect angiogenesis in tumors (117). Proteome and immunohistochemical comparisons between tissues with physiological angiogenesis and GBM angiogenesis indicated aberrant upregulation of TNC in the latter (118). Therefore, TNC may play an important role in glioma neovascularization (Figure 3). Recently, Rosińska et al. (119) reported that gliomas deploy diverse neovascularization means to meet a dedicated blood supply, including co-option, angiogenesis, vasculogenesis, vascular mimicry (VM), and transdifferentiation of GSCs. First, TNC is linked to angiogenesis. Zagzag et al. (120) discovered that TNC acts as a permissive substrate that promotes microvascular cell migration in vitro by triggering focal adhesion kinase (FAK) phosphorylation in endothelial cells. In TNC-knockdown GBM-neurosphere intracranial xenografts, tumor blood vessel density was lower, while the lumen was enlarged as compared to the control (121). It is important to mention that Rupp et al. (122) demonstrated the dual angiogenic effects of TNC in GBM (Figure 3). The direct contact between endothelial cells and TNC represses actin polymerization, impairs YAP signaling, and downregulates pro-angiogenic factors, consequently negatively influencing endothelial cell proliferation, survival, sprouting, and tubulogenesis. TNC also induces GBM cells to secrete pro-angiogenic factors, such as ephrinB2, a soluble molecule released by MMPs and ADAM10/17 and enhances endothelial cell tubulogenesis. These opposing effects are reminiscent of the cell-specific functions of TNC. Another study suggested that direct contact between the TNC-rich glioma matrix and endothelial cells could induce endothelial detachment, anoikis, selection of a highly proliferative phenotype, and defective tubulogenesis in vitro, whereas higher FN : TNC ratios reversed these effects (123). In addition to glioma, TNC also promotes cellular processes involved in angiogenesis in fibrovascular membranes in eyes with proliferative diabetic retinopathy (124) and affects colitis-associated cancer angiogenesis through interaction with integrin αvβ3 (125). Second, TNC can also promote vasculogenic mimicry (Figure 3). Cai et al. (126) showed that TNC activates the AKT/MMP2/MMP9 axis and further promotes VM in glioma, which is similar to the findings of Kang et al. (127), who reported that TNC-knockdown suppresses this process in gastric cancer by inhibiting the ERK-mediated epithelial-to-mesenchymal transition (EMT). The third process involves the mechanism of TNC-induced transdifferentiation of GSCs (Figure 3). Angel et al. (128) demonstrated the mechanism by which an autocrine TNC–ephrinB2–ephrinB4 signaling pathway supports GSC differentiation into endothelial cells. Taken together, GBM neovascularization correlates with multiple complex processes, in which TNC plays a vital role. In addition to angiogenesis, VM, and transdifferentiation of GSCs, it is necessary to explore additional functions of TNC in co-option or vasculogenesis in future.




Figure 3 | The roles of TNC in glioma neovascularization. On the one hand, TNC blocks YAP signaling and endothelial cell behavior through direct contact. On the other hand, TNC induces ephrin-B2 and a pro-angiogenic secretome in glioblastoma cells. In addition, TNC activates AKT/MMP2/MMP9 axis and further promotes vasculogenic mimicry in glioma. Moreover, TNC-ephrinB2-ephB4 signaling pathway supports GSCs differentiation into endothelial cells. YAP, Yes-associated protein; MMP, matrix metalloproteinase.





TNC and cell proliferation

The TME is composed of heterogeneous cell types, including endothelial, stromal, multiple immune, and tumor cells (25). As an ECM glycoprotein, TNC has been shown to exert different effects on different cells during tumor proliferation. To date, little information has been available on the TNC-mediated signaling pathways involved in cell proliferation. As mentioned above, TNC appears to play a dual role in endothelial cells in glioma (122, 123). Furthermore, the number of microglia in control and TNC-knockdown tumors was not significantly different in xenografts (121). In contrast to microglia, T-cell proliferation can be suppressed by TNC-containing exosomes produced by GSCs (129). Many studies have reported contradictory results regarding the effects of TNC on glioma cells (Figure 4). Initially, we observed that TNC expression is associated with a high proliferation index (108, 109). Since then, some of the mechanisms underlying the glioma cell proliferation have begun to be revealed. Huang et al. (130) found that TNC was able to bind to FNIII13 in the heparin-binding site II and interfere with cell binding to FN by syndecan-4, thereby leading to human glioma proliferation (Figure 4). Martin et al. (131) proposed that TNC promotes the growth of tumor cells by inducing the expression of 14-3-3 tau. Differential RNA expression analysis has revealed that some TNC-mediated growth-promoting signaling pathways are activated in glioma cells (132). Other in vivo and in vitro experiments have also reported the proliferative effects of TNC (128, 133, 134). Moreover, the growth of GSCs is related to TNC-activated NOTCH signaling (87). Nevertheless, the opposite phenomenon was described in another study. TNC failed to affect GBM neurosphere cell growth in vitro, whereas TNC-knockdown enhanced tumor cell proliferation in vivo (121). One possible explanation for these different functions is that different domains of TNC have different proliferative properties (27, 61). The EGF-like repeats and FBG region can bind to the EGF receptor and integrinαvβ3, respectively, contributing to growth. Certain alternatively spliced domains, such as AD1, AD2, and C, are also responsible for proliferation (27, 135). However, a fragment composed of all FNIII domains induced a reduction, whereas the integral TNC molecule led to an increase in glioma cell proliferation (Figure 4) (61). Another explanation is that the absence or decrease of a specific receptor compromises the proliferative effect. The lack of PDGF-Rβ in the glioma cell lines U87, U251, and GL261 resulted in the attenuation of TNIIIA2-related proliferation (136). Recently, Fujita et al. (136–138) showed that TNIIIA2 derived from TNC plays a vital role in the malignant behavior of glioma cells. They presented a positive spiral loop in which the peptide TNIIIA2 promoted PDGF-dependent proliferation by activating integrin β1 in GBM cells expressing PDGF-receptor β. The consequent upregulation of PDGF stimulated TNC expression, which induced MMP-2-mediated TNIIIA2 liberation (136). Further research is needed to explore the relationship between other domains and cell proliferation.




Figure 4 | The roles of TNC in glioma cell proliferation and migration. For one thing, the role of TNC in glioma cell proliferation is complex. The EGF-like repeats, the FBG region, A2 and some alternatively spliced domains, such as AD1, -AD2 and -C, of TNC as well as integral TNC molecule contribute to the glioma cell proliferation. In contrast, the fragment composed of all FNIII-domains decreases the proliferation of glioma cell. In addition, TNC impairs the adhesive properties of FN, which contributes to glioma cell proliferation. For another thing, TNC promotes glioma cell invasiveness. This molecule not only contributes to the intermediate adhesion that support cell motility, but also promotes “EMT-like” changes. Moreover, TNC also induces matrix destructing enzymes to promote tumor cell migration.





TNC and cell invasiveness

A major contributor to the poor prognosis of GBM patients is the invasive nature of tumor cells, which readily invade healthy brain tissues. This invasive ability of GBM cells makes maximum safe resection nearly impossible, thereby causing therapy-resistant tumor relapse, even in distant parts of the contralateral hemisphere (139). Generally speaking, glioma cell invasion involves multiple molecular mechanisms, including ECM components, adhesion proteins, proteinases, and cytoskeletal changes (139).

A good balance between assembly and disassembly of cell-matrix adhesion sites is a key determinant of cell adhesion and migration. Appropriate adhesion is essential for migration, yet too strong an adhesion has an adverse effect on cell motility. Hence, intermediate adhesion may be most beneficial for cell migration (140). To date, TNC has been found to play complex modulatory roles in glioma cell adhesion (Figure 4). Briefly, the dual effects of both pro- and anti-adhesion are dependent on the cell type, cellular context, different receptors, and the structure itself (28, 43, 44). On the one hand, TNC is not a good adhesive substrate for glioma cells, and it can impair fibronectin-mediated cell adhesion and spreading (130). However, some studies have found that TNC acts as a surface-coating molecule that supports cell adhesion (141), perhaps in an Arg-Gly-Asp (RGD)-dependent manner (142). Additionally, adhesion of glioma cells to tenascin is mediated by different coating concentrations and integrin receptors (143). Thus, TNC appears to facilitate regulation of glioma cell adhesion turnover.

Furthermore, many reports have demonstrated that TNC expression is related to the infiltrative phenotype of many tumors, including gliomas (43, 44, 89, 144, 145). Hirata et al. (146) revealed that endogenous TNC enhanced glioma invasiveness through compositional changes in the surrounding brain parenchyma. TNC not only directly supports glioma cell migration, but also augments this role, mediated by FN, through interaction with integrin α2β1 (147). In addition, several mechanisms that are involved in the regulation of TNC expression, such as IL-33/NF-κB/TNC (148) and NOTCH/RBPJκ/TNC (84), were found to increase the motility of glioma cells. Some growth factors, including lysophosphatidic acid and PDGF, strongly induce glioma cell migration via actin cytoskeleton remodeling in the TNC microenvironment (Figure 4) (149). Remarkably, although TNC can activate high levels of phosphorylated FAK in endothelial cells, leading to microvascular migration (120), it stimulates low levels of FAK phosphorylation in glioma cells (120, 121). Cell migration is a complex and dynamic process, involving the establishment of polar structures, adhesion formation and disassembly, and formation of protrusions at the front, and contractile structures at the rear of the cell (150). FAK phosphorylation is associated with focal adhesion. Therefore, we speculated that the anti-attachment effect of TNC allows glioma cells to detach from ECM molecules and thereby contribute to migration.

Finally, proteolytic degradation of the ECM is another important cause of glioma invasion. Sarkar et al. used a three-dimensional matrix and revealed that some proteinases are associated with TNC-mediated invasiveness, such as MMP-12 in U178 and U251 glioma cell lines (151, 152), as well as ADAM-9 in glioma patient-derived GSC lines (Figure 4) (153). In addition, in vivo experiments also demonstrated its influence on invasion. In TNC-knockdown xenografts, gliomas were confined to well-defined tumor boundaries, and decreased TNC led to inhibition of glioma invasion (121). Considering the diverse actions of distinct domains of this protein, some studies have focused on alternatively spliced domains. TNIIIA2 enhances the disseminative migration of GBM (136, 138) and confers anoikis resistance (137), but these activities are both abrogated by peptide FNIII14, which inactivates β1-integrins (136–138, 154).

Thus, TNC is a potential enhancer of glioma invasiveness. It may be responsible for an intermediate cell adhesion state. Moreover, the aggressiveness of gliomas is further enhanced in the presence of TNC. Further studies involving different domains and isoforms of TNC are required.



TNC and immunomodulation

Accumulating evidence has indicated that immune cells fail to function properly in gliomas. By employing immune escape mechanisms, including creating an immunosuppressive microenvironment, gliomas can bypass immunosurveillance and hamper the effect of immunotherapy (155). Recently, it has been proposed that serum TNC could be used as an indicator of the immunosuppressive microenvironment status of low-grade gliomas as well as to predict the efficacy of immunotherapy (156). The effect of TNC on various immune cells has been extensively reviewed elsewhere (28, 157). We have focused on the main findings. Generally, TNC activates innate immune cells, but exerts immunosuppressive effects on lymphocytes, such as T cells (Figure 5). TNC is regarded as an inducer of the neuroinflammatory response in stroke, particularly SAH (56, 157). By interacting with TLR-4 of microglia or macrophages, the FBG domain of TNC leads to the production and release of pro-inflammatory cytokines, including IL-1β, IL-6, and TNF-α (56, 157). In chronic neuroinflammation in the brains of Alzheimer’s disease model mice, TNC deficiency alleviates neuroinflammation and enhances the anti-inflammatory response (69). Hence, it seems reasonable to conclude that TNC has the capacity to induce M1 proinflammatory or anti-tumorigenic phenotypes in macrophages and microglia. However, this phenomenon contrasts with the tumorigenic properties of TNC and its higher expression in high-grade gliomas. One possible explanation is that this dual effect on macrophages is likely to be dependent on the cellular source. In murine models of breast cancer, Deligne et al. (158) found that host-derived TNC enhances antitumor immunity by recruiting proinflammatory macrophages, whereas tumor-derived TNC drives macrophages to produce an immunosuppressive response. Another possibility, proposed by Yalcin et al. (28), is that TNC has different functions in distinct phases of carcinogenesis. TNC plays a pro-inflammatory and anti-tumor role in tumor initiation, and tissue remodeling and tumor-promoting roles during tumor progression. This is similar to the phenomenon in which microglia can inhibit tumor growth and exhibit a tumor-promoting state in the early and late stages of glioma progression, respectively (159). Many studies have illustrated that tumor-associated macrophages (TAMs) are re-educated by glioma cells and show remarkable heterogeneity (160–162). Thus, it is increasingly thought that the M1/M2 dichotomy is an oversimplification and is no longer applicable to gliomas. Due to the complex heterogeneity of TAMs, it is difficult to draw definitive conclusions regarding the role of TNC in TAMs. A study by Ma et al. (86) suggested an intricate relationship between TNC and CD47-mediated macrophage phagocytosis. Decreased CD47, a “don’t eat me” signal, not only recruits more M2-like TAMs, but also upregulates TNC expression, which further facilitates phagocytic ability and secretion of proinflammatory factors. Furthermore, TNC-induced cytokines, such as IL-1β and IL-6, and transcription factors, such as NF-κB and signal transducer and activator of transcription 3 (STAT3), have been implicated in cancer-related inflammation (86, 161, 163). These cytokines or transcription factors also induce TNC expression (7). This positive feedback is consistent with the fact that TNC expression increases with an increase in glioma grade. Hence, a more detailed study may be required to clarify the role of TNC in cancer-related inflammation.




Figure 5 | Immunomodulatory role of TNC in neuroinflammation.



Unlike the innate immunity, the immunosuppressive effects of TNC on T cells have been extensively studied in prostate cancer, breast cancer, and GBM. TNC generates barriers and retains CD8 tumor-infiltrating lymphocytes inside the tumor stroma in human breast cancer (164). TNC expressed on GBM cells decreased the T cell amoeba-like shape formation and paralyzed migration, while transmigration of T cells through the monolayer and ECM of glioma cell lines lacking TNC was obviously increased (165). GSC-derived exosomes carrying TNC attenuate T cell activity by interacting with the integrin receptors α5β1 and αvβ6. More importantly, these TNC-containing exosomes pass through the blood–brain barrier and enter into the circulation, suppressing systemic immune responses in patients with GBM (129). In prostate cancer, Jachetti et al. (166). found that CSCs can migrate early to prostate-draining lymph nodes where they overexpress TNC, inhibiting T cell activation, proliferation, and cytokine production, thereby overcoming immune surveillance. In addition, the relationship between TNC and autophagy was uncovered. TNC has been implicated in the suppression of T-cell antitumor responses caused by autophagy defects. Blockade of TNC sensitizes the efficacy of immune checkpoint inhibitors in autophagy-impaired triple-negative breast cancer (167). This finding may present prospects for anti-PD1/PD-L1 treatment of gliomas.



Tenascin C and EMT

EMT is an essential process that confers malignant properties to cancer cells (168). Initially, EMT was defined by changes in cell morphology and behavior, such as repression of the existing epithelial characteristics and gain of mesenchymal properties. In recent years, we have found that activation of EMT programs endows cancer cells with additional properties beyond enhanced motility and invasiveness, such as cancer cell stemness, local immunosuppression, increased drug resistance, changes in genomic stability, and prevention of senescence (168). Accumulating evidence has suggested that TNC can promote “EMT-like” changes in different cancers, including breast cancer (169, 170), gastric cancer (127), colorectal cancer (171), pancreatic ductal adenocarcinoma (172), and nasopharyngeal carcinoma (173). However, the EMT observed in gliomas seems to differ from the classical EMT and therefore the term “glial to mesenchymal transition” has been proposed (174). Notably, mesenchymal GBM shares certain common features with gliomas that undergo “EMT-like” changes. They both exhibit a more aggressive nature and resistance to many treatments, and have the same master regulators, such as STAT3 (175–177). Thus, TNC-induced “EMT-like” changes in gliomas require further exploration.



Tenascin C and mesenchymal GBM

Based on transcriptional signatures, GBMs can be classified into three subtypes: The Cancer Genome Atlas (TCGA) proneural (TCGA-PN), classical (TCGA-CL), and mesenchymal (TCGA-MES) subtypes (178). By applying single-cell RNA-sequencing (scRNA-seq), malignant cells in GBM converge to a limited set of four cellular states: neural-progenitor-like (NPC-like), oligodendrocyte-progenitor-like (OPC-like), astrocyte-like (AC-like), and mesenchymal-like (MES-like) (179). These subtype transitions have become increasingly important, particularly the “proneural-to-mesenchymal transition” (PMT), which is analogous to EMT. This phenomenon is associated with requiring a more aggressive treatment pattern and with resistance to treatment. After reviewing the related literature, we believe that there is an underlying relationship between TNC and MES GBM. Angel et al. (128) found that TNC is overexpressed in MES GBM and that this is positively correlated with the expression of MES markers in TCGA. They further confirmed the role of TNC in regulating glioma cell plasticity in MES GBM. Moreover, Miroshnikova et al. (180) demonstrated that hypoxia-inducible factor 1α (HIF1α) directly regulates TNC expression and that TNC modifies ECM stiffness and mechano-signaling. Interestingly, another study implied that stiff tenascin-rich stroma enhances integrin mechano-signaling to induce PMT in GBMs (181). Additionally, macrophages were found to interact with receptors (OSMR or LIFR) complexed with GP130 on GBM cells via macrophage-derived oncostatin M (OSM), thereby activating STAT3 and inducing the transition of GBM cells into MES-like states (182). As mentioned above, TNC is considered an activator of STAT3 (86, 161, 163). Hence, it may be worthwhile to study the significance of TNC in mesenchymal GBM further.



Tenascin C and treatment-related changes

The current treatment of glioma, particularly GBM, remains a challenging problem with poor prognosis. Although many therapeutic options are available, resistance to therapy frequently causes treatment failure and tumor recurrence. Several studies have shown that TNC are likely to be related to this process. Radiation therapy is known to cause tumor cell death triggered by DNA breaks. However, ionizing radiation also induces changes in the TME, leading to an increase in TNC (183). In addition, irradiation-associated inflammation and hypoxia trigger tenascin C expression via TGF-β (80) and HIF-1 signaling (180), respectively. Therefore, it is plausible that radiation therapy can kill tumor cells, while simultaneously providing favorable conditions for tumor relapse.

Elevated expression of TNC affects the response of gliomas to chemotherapy with temozolomide (TMZ). In an in vitro experiment, TNC-knockdown GBM neurospheres were found to be more sensitive to TMZ (121). Another study conducted in vivo and in vitro showed that peptide FNIII14, which can inhibit the effects of TNIIIA2 through inactivation of β1-integrins, increased the susceptibility of GBM cells to TMZ by suppressing O6-methylguanine-DNA methyltransferase (MGMT) expression (138). These findings suggest that targeting TNC may augment the anti-tumor efficacy of TMZ.

Immunotherapy is a novel therapeutic strategy that extends beyond radio- and chemotherapy. However, the immunosuppressive microenvironment limits the application of immunotherapy in gliomas. We previously reviewed the immunosuppressive effects of TNC, which further compromise the efficacy of anti-cancer immunotherapy. Recently, TTFields therapy have shown promising prospects. Nothing is currently known about TNC function in TTFields.




Tenascin C in neural stem cell niches: implications for gliomagenesis


Tenascin C and neural stem cells/oligodendrocyte precursor cells

In the past, neurogenesis was observed to occur mainly during the developmental period. Adult neurogenesis has been widely described. Various newborn neural cells are continuously generated from NSCs located in two canonical regions of the adult CNS: the SVZ of the lateral ventricle and the dentate gyrus of the hippocampus. These stem cells reside in a specialized environment, known as a niche, which is able to maintain the basic properties of stem cells. TNC, secreted by NSCs and OPCs, is considered to be an important component of the stem cell niche and plays a vital role in NSC development (10). The effect of TNC on adult neurogenesis has also been well-characterized (184, 185). Both in vivo and in vitro assays indicate that TNC-knockout reduces OPC proliferation in the mouse CNS, which is associated with a partial loss of response to PDGF (186). In addition, the fact that TNC-null OPCs exhibit accelerated maturation rates suggests that this molecule contributes to the maintenance of the immature state (52). The underlying mechanism is gradually being elucidated (187). However, there are distinct perspectives on the role of TNC in OPC migration. Some studies have provided direct evidence for migration-inhibiting effects and mechanisms, including the prevention of WNT signaling (188) and modulation of cell–ECM interactions (189, 190). In contrast, other studies have reported that TNC may be associated with the rostral migratory stream (191), expression of proteinases (151–153) and enhancement of WNT signaling (104, 105). Thus, it is plausible to emphasize the complex migratory role of this molecule. Overall, TNC promotes NSC/OPC proliferation, inhibits differentiation, and regulates migration (Figure 6).




Figure 6 | A possible relationship between TNC and gliomagenesis. In general, TNC can promote NSC/OPC proliferation, inhibit differentiation and regulate migration. However, TNC is associated with gene instability and cell cycle, and contributes to accumulation of mutations. Then NSC/OPC carrying driver mutations are likely to undergo GSC transformation. Additionally, neovascularization, proliferation, migration and immunosuppressive effects on T cell also provide favorable conditions, which leads to gliomagenesis.





Tenascin C and gliomagenesis

Currently, there is a view that SVZ-derived NSCs or OPCs may have potential glioma cellular origins (Figure 6) (30, 192–195). Lee et al. (29) presented direct molecular genetic confirmation from patients and mouse models, showing that NSCs harboring driver mutations in the SVZ migrate to distant brain regions and lead to GBM development via aberrant growth of the OPC lineage. Notably, as shown above, TNC is enriched in the GSC and NSC microenvironments and is responsible for tumor progression and neurogenesis, respectively. Additionally, GSCs share many features and behaviors with NSCs, including common markers (such as nestin and CD133) and self-renewal properties (196). Therefore, it is necessary to explore whether TNC is involved in the malignant transformation of NSCs or OPCs.

Previous studies have indicated that malignant gliomas can arise from neural stem/progenitor cells carrying driver mutations (such as mutations in P53, PTEN, EGFR, and NF1), whereas more differentiated cell types are less likely to undergo malignant transformation (29, 30, 195, 197). However, the causes underlying this phenomenon remain unclear. Interestingly, a relationship between TNC and gene instability has previously been reported (198). One RNA profiling experiment showed that TNC downregulates the expression of cell cycle- and DNA repair-related genes in T98G GBM cells (132). The influence of TNC on cell cycle progression of the SVZ and spinal cord neural stem/progenitor cells has been investigated (199, 200). TNC-mediated enhancement of the proliferative capacity of tumor cells (130) and neural stem/progenitor cells (200) concomitantly increases the likelihood of accumulation of mutations. Apart from the above, other important factors, such as stemness maintenance and migration of stem cells, as well as immunosuppressive effects on T cells, also provide favorable conditions for the transformation to malignant tumors. These findings suggest a possible relationship between TNC and gliomagenesis (Figure 6).




Clinical significance of tenascin C

The clinical implications of TNC have been extensively recognized (Table 1). TNC could be a potential prognostic marker for gliomas, including GBM (71, 201), diffuse intrinsic pontine glioma (202), and ependymoma (203). In addition, TNC seems to be regarded as a marker for CSCs (201). Another application is as a candidate for targeted therapy, depending on its characteristic expression pattern. Many ligands targeting TNC have been developed, including F16 (204), G11 (205), R6N (206), PL1 (207), PL3 (208), and Ft (209). The new Ft peptide was synthesized to target glioma-associated TNC and neuropilin-1 synergistically in neovasculature for the specific penetration of nanoparticles in anti-GBM therapy (209). Radiolabeled antibodies specific to distinct domains of TNC have been tested for the treatment of malignant gliomas in clinical studies (210–212). In addition, the TNC aptamer GBI-10 was identified (213) and used to modify adenovirus, thereby improving the adenoviral transduction efficiency in glioma cells (214). In a phase I/II trial, a multi-peptide vaccine, IMA950, that targets TNC held good promise for glioma patients (215). RNA interference has been proposed as a novel strategy for treating gliomas to silence TNC expression. One study by Zukiel et al. (216) suggested that, when double-stranded RNA targeting TNC, known as ATN-RNA, was directly injected postoperatively into the region of resection of 10 patients with glioma, almost all treated patients showed a good response. In agreement with this, other studies have also shown a significant improvement in overall survival without loss of quality of life (217, 218). Magnetic resonance imaging and computed tomography showed delayed tumor growth or a lack of tumor recurrence (217, 218). In future, more rigorous trials will be required to support the clinical application of this treatment.


Table 1 | The clinical applications of TNC in gliomas.





Conclusion

In this review, we focused on the matricellular protein TNC and highlighted its significant implications in gliomas. TNC expression is tightly controlled, with distinct spatial and temporal distribution patterns. Therefore, they are responsible for various physiological and pathophysiological processes. TNC is associated with neurogenesis, as manifested by the promotion of stem cell proliferation, maintenance of stemness, and regulation of migration. In contrast, TNC is implicated in malignant glioma progression, including neovascularization, proliferation, invasiveness, and immunomodulation. However, because of the complex and various domains and the strong crosstalk between them, it is difficult to allocate diverse roles to specific parts of this molecule. Hence, clarifying the underlying mechanisms is a direction for future research. Additionally, based on the hypothesis that SVZ-derived NSCs are instrumental in glioma development, we proposed a possible link between TNC and gliomagenesis, although direct evidence is currently lacking. Therefore, future studies should be conducted to investigate this relationship specifically. Finally, this molecule has promising potential for application in anti-glioma therapy. Many drugs directed against TNC, such as radiolabeled antibodies and dsRNA, have been proven to be effective in preclinical or clinical studies. The selective targeting of the downstream signaling pathways of TNC warrants further investigation. Thorough research on TNC, particularly on the different domains and critical targets of the signaling pathway, will provide new therapeutic strategies for glioma treatment.
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Background

Metastasis is the leading cause of lung adenocarcinoma (LUAD) patient death. However, the mechanism of metastasis is unclear. We performed bioinformatic analyses for HMOX1 (Heme oxygenase-1), aiming to explore its role in LUAD metastasis.



Methods

Pan-cancer analysis was first used to identify the metastasis-associated role of HMOX1 in LUAD. HMOX1-related genomic alterations were then investigated. Based on functional enrichment, we systematically correlated HMOX1 with immunological characteristics and mitochondrial activities. Furthermore, weighted gene co-expression network analysis (WGCNA) was applied to construct the HMOX1-mediated metastasis regulatory network, which was then validated at the proteomic level. Finally, we conducted the survival analysis and predicted the potential drugs to target the HMOX1 network.



Results

HMOX1 expression was significantly associated with epithelial-mesenchymal transition (EMT) and lymph and distant metastasis in LUAD. High HMOX1 levels exhibited higher macrophage infiltration and lower mitochondrial complex expression. WGCNA showed a group of module genes co-regulating the traits mentioned above. Subsequently, we constructed an HMOX1-mediated macrophage-mitochondrion-EMT metastasis regulatory network in LUAD. The network had a high inner correlation at the proteomic level and efficiently predicted prognosis. Finally, we predicted 9 potential drugs targeting HMOX1-mediated metastasis in LUAD, like chloroxine and isoliquiritigenin.



Conclusions

Our analysis elaborates on the role of HMOX1 in LUAD metastasis and identified a highly prognostic HMOX1-mediated metastasis regulatory network. Novel potential drugs targeting the HMOX1 network were also proposed, which should be tested for their activity against LUAD metastasis in future studies.
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Introduction

Lung cancer is histologically divided into small cell lung cancer (SCLC, 15% patients) and non-small cell lung cancer (NSCLC, 85% of patients). NSCLC has been classified into three types: adenocarcinoma, squamous cell carcinoma, and large cell. Lung adenocarcinoma (LUAD) is the most common subtype of NSCLC and represents nearly 40% of all lung cancers (1). Frustratingly, only 26% of LUAD and squamous cell carcinoma patients survive 5 years after diagnosis (2). LUAD is often detected at the metastatic stage with prevalence in bone and nervous system (3), and metastasis is the cause of most LUAD patient deaths. Even with therapy, the 5-year relative survival rate for patients suffering metastasis is approximately 6% (2). Unfortunately, the mechanism of LUAD metastasis remains largely unknown, limiting the development of therapeutic drugs.

The process of cancer metastasis mainly consists of 5 essential steps: invasion, intravasation, circulation, extravasation, and colonization (4). At the metastasis initiation stage, epithelial-mesenchymal transition (EMT), a dynamic process where cells abandon their epithelial features and transform into a more mesenchymal phenotype, exerts a vital role (5). EMT is considered as a common characteristic for disseminated tumor cells and circulating tumor cells (6), and EMT cells modulate immune system processes. Cells undergoing EMT can alter the tumor immune microenvironment, which in further induces the EMT process. Many immune cells, like macrophages, neutrophils, T cells, and others, have the potential to promote EMT and further accelerate tumor metastasis (7). In addition, EMT requires a huge energy supply from mitochondria, and inhibition of the mitochondrial complex can hinder tumor growth and metastasis (8).

Heme oxygenase-1 (HMOX1) is an inducible intracellular enzyme to degrade heme, expressed in both malignant tumor cells and tumor-associated macrophages (TAMs) (9). At the level of organelles, HMOX1 mainly localizes to the endoplasmic reticulum, mitochondrion, and others (10, 11). Intrinsically, HMOX1 activity provides cytoprotective effects, including anti-oxidation, anti-apoptosis, and heme clearance. However, HMOX1 has also been demonstrated to promote tumor progression and metastasis in multiple cancers such as glioma, colorectal cancer, melanoma, breast cancer, and others (9). In addition, HMOX1 is functionally associated with TAM polarization and mitochondrial dysfunction (12, 13). Currently, pharmacological inhibition of HMOX1 is considered a promising therapeutic approach to hinder tumor metastasis. However, the role of HMOX1 in metastasis still remains unclear and needs to be fully elucidated (9).

This study aimed to elaborate on the role of HMOX1 in LUAD metastasis through multi-omics analyses including genomics, transcriptomics, and proteomics. The association between HMOX1 and LUAD metastasis was first identified by its relationship to EMT, lymph, and distant metastasis. Next, we investigated associations with the immune microenvironment and mitochondrial pathways and constructed an HMOX1-mediated macrophage-mitochondrion-EMT metastasis regulatory network by weighted gene co-expression network analysis (WGCNA). A prognostic model of the regulatory network was then developed. Potential drugs, like chloroxine and isoliquiritigenin, were also predicted to inhibit the HMOX1-mediated LUAD metastasis.



Methods

Supplemental Figure 1 shows the workflow of this research.


Data collection and preprocessing

The transcriptome data: the Cancer Genome Atlas (TCGA) pan-cancer data and 4 Gene Expression Omnibus (GEO) LUAD cohorts (GSE11969, GSE31210, GSE42127, GSE68465) with their clinical information were separately downloaded from the UCSC Xena and the GEO data portals (https://portal.gdc.cancer.gov/, https://www.ncbi.nlm.nih.gov/geo/). The FPKM value of TCGA sequencing data was transformed into the TPM value. GEO microarray data had 3 different platforms: Illumina, Agilent, and Affymetrix. The normalized microarray data from Illumina maintained the original format. The raw microarray data from Agilent and Affymetrix were processed using the “limma” and “oligo” packages, separately. In addition, the LUAD genome data, including somatic copy number alternations (CNAs) and mutations, which corresponded to the cases with the transcriptome data, were downloaded from the TCGA database. The proteomic data with paired mRNA datasets were obtained from the National Cancer Institute’s Clinical Proteomic Tumor Analysis Consortium (CPTAC) portal (https://proteomics.cancer.gov/data-portal). The detailed information of these datasets was listed in Table 1.


Table 1 | The datasets used in this study.





Tumor metastasis

Tumor metastasis potential was evaluated by analysis of EMT, lymph metastasis, and distant metastasis. We collected 77 EMT signatures from a previous study (14). Mesenchymal and epithelial phenotypes were identified by signature gene expression and quantified by Gene Set Variation Analysis scores (GSVA) (15). Furthermore, we identified the lymph and distant metastasis according to pathological TMN staging (N0: no lymph metastasis, N1 – 3: lymph metastasis; M0: no distant metastasis; M1: distant metastasis). To confirm the role of HMOX1 in modulating tumor metastasis, we analyzed the correlation between HMOX1 and metastasis characteristics mentioned above in the terms of pan-cancer and LUAD. In addition, we investigated the HMOX1 expression disparity in primary tumors and multiple metastasis sites in the Human Cancer Metastasis Database (HCMDB, http://hcmdb.i-sanger.com/index).



Genomic alteration

We used cBioPortal (http://www.cbioportal.org/) to identify the CNA and mutation frequency of HOMX1 in the LUAD. Subsequently, we compared the genomic features of LUAD patients with different HMOX1 expression levels in the TCGA database. Arm- and focal-level somatic CNAs were calculated using GISTIC 2.0 (https://cloud.genepattern.org/). Significantly mutated genes and their interaction effect were identified using maftools.



Functional annotation

To explore other HMOX1-related functional phenotypes, we performed functional annotation for HMOX1. The 33.3th and 66.6th percentiles of HMOX1 expression were set as the cutoffs to divide LUAD patients into low, medium, and high groups. The differentially expressed genes (DEGs) between the low and high groups were screened using the “limma” package (P < 0.05). Subsequently, the biological functions of DEGs were annotated by Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG).



Immune infiltration

Immune cells can contribute to tumor EMT, invasion, and metastasis. We first investigated 7 cancer immunity cycles in LUAD as previously reported (16). Next, the immunocyte infiltration was estimated at the Cancer Immunome Atlas (TCIA, https://tcia.at/home) and TIMER2.0 (http://timer.cistrome.org/). To reduce the estimation mistakes, we comprehensively applied 9 different algorithms: GSEA (NES>0, FDR<0.1; TCIA website), CIBERSORT, CIBERSORT-ABS, QUANRISEQ, XCELL, TIDE, EPIC, TIMER, MCPCOUNTER (TIMER2.0 website). In addition, we also investigated the expression of immunocyte effector genes and 22 immune checkpoint markers according to the previous work (16). To explore the role of HMOX1 in LUAD immune regulation, we performed the correlation analysis between the HMOX1 and immune characteristics with respect to the above.



Mitochondrion

Mitochondria play a crucial role in tumor cell migration, invasion, and metastasis (17). We downloaded 41 mitochondria-related pathways from the MITOCARTA3.0 database (https://www.broadinstitute.org/mitocarta/mitocarta30-inventory-mammalian-mitochondrial-proteins-and-pathways). The enrichment scores of these pathways were calculated using the “GSVA” package (15). Subsequently, we further analyzed the expression of 5 mitochondrial complexes in LUAD by feature genes and pathway enrichment.



Co-regulatory network construction

To explore the correlation between HMOX1-mediated metastasis and other functional phenotypes, we performed weighted gene co-expression network analysis using the “WGCNA” package. A power of β = 6 and a scale-free R2 = 0.98 was set to attain a scale-free topology network. We extracted the closest-associated module with HMOX1 expression, EMT traits, macrophage infiltration, and mitochondrial complex level, which was assumed to be the key module involved in LUAD metastasis. The gene function of the key module was analyzed by GO enrichment.

Next, we intersected the module genes in the key module and phenotype feature genes. The signature genes of EMT and mitochondrial complex have been mentioned above. The macrophage signature genes were derived from the top 5 macrophage terms in the GO enrichment. The intersected genes were then imported into the STRING database with the minimum required interaction score of 0.4 (https://www.string-db.org/). Protein-protein network was further visualized by Cytoscape software (version 3.9.0).



Proteomic analysis

For proteomics, we first performed a differential protein expression analysis between the high and low HMOX1 groups (the student’s t-test, P < 0.05). GO functional enrichment was then conducted. In terms of the paired sample mRNAs, we estimated the expression level of EMT, mitochondrial complex, and macrophage using the aforementioned methods. After that, we applied the disparity comparison and correlation analysis to the phenotype scores and feature gene expression, to explore the inner correlation of the HMOX1-mediated macrophage-mitochondrion-EMT network at the protein level.



Survival analysis

The TCGA-LUAD cohort was randomly divided into the training set and internal validation set, with a ratio of 7:3. The 4 GEO cohorts were selected as external validation sets. In the training set, we conducted the univariate Cox regression in the HMOX1-mediated metastasis regulatory network and its neighbor genes. Next, the least absolute shrinkage and selection operator (Lasso) algorithm was used to screen genes with optimal prognosis prediction ability. We then developed risk scores using these genes as follows:Σ regression coefficient * gene expression. The optimal cut-off was ascertained to divide the high and low groups by the surv_cutpoint function of the “survminer” packages. Kaplan-Meier curves with the log-rank test were then used to compare survival rates between the two groups. The predictive ability of risk scores was also assessed by the AUC values.

Furthermore, univariate and multivariate Cox regressions were applied to assess the independent prognostic ability of the risk score and other clinical variables. A nomogram consisting of independent prognostic factors was developed using the “rms” package and internally and externally validated by calibration and ROC curves.



Small molecular drug analysis

The Connectivity Map (CMAP) website (https://clue.io/) was applied to explore small molecule drugs with the potential to inhibit HMOX1-mediated LUAD metastasis. The genes in the co-regulatory network were uploaded. The drugs with negative Raw_cs and high fdr_q_nlog10 values were considered as potential therapeutic agents because they could suppress the expression of these genes.



Statistical analysis

For continuous variables, the Wilcoxon test was used to examine the difference between binary groups while the Kruskal-Wallis test was employed for multiple groups. Categorical variables were compared using Fisher’s exact test. In addition, the correlation between variables was examined by the Spearman coefficient. All statistical tests were two-sided and P < 0.05 was considered statistically significant. Statistical analysis and data visualization was conducted using R version 4.1.2, Matlab version 2021, and Sangerbox version 3.0 (http://vip.sangerbox.com/home.html).




Results


HMOX1 is correlated to metastasis across cancer types and in LUAD

Pan-cancer analyses were performed to investigate the role of HMOX1 in metastasis regulation. Our findings showed that HMOX1 was positively associated with a mesenchymal-like phenotype and was negatively associated with an epithelial phenotype in most tumors, including LUAD (Figures 1A–C). In addition, tumors with lymph node and/or distant metastasis had significantly higher HMOX1 expression than tumors without metastasis, including prostate adenocarcinoma (PRAD) and LUAD (Figures 1D, E). HCMDB data unveiled that HMOX1 was extensively differentially expressed in the multiple types of metastasis comparisons (primary tumors with metastasis vs. primary tumors without metastasis; primary tumors vs. metastatic tumors; metastatic tumors with different metastasis sites) in the various tumors, including LUAD (Figure 1F).




Figure 1 | The effect of HMOX1 on metastasis across cancer types. (A) Correlation between HMOX1 and 77 epithelium-mesenchymal transition (EMT) signature genes. (B) Correlation between HMOX1 and mesenchymal phenotype scoring. (C) Correlation between HMOX1 and epithelial phenotype scoring. (D) Difference in HMOX1 expression between lymph node metastasis and without metastasis groups. (E) Difference in HMOX1 expression between distant metastasis and without metastasis groups (F) Multiple types of metastasis comparisons for the HMOX1 expression in the HCMDB database. *P < 0.05; **P < 0.01.



Next, we focused on LUAD and divided the patients into low, medium, and high groups according to the HMOX1 expression. Heatmap and violin plots showed that the high HMOX1 group had higher expression of the mesenchymal phenotype, followed by the medium and low groups. The opposite trend was observed for the epithelial phenotype (Figures 2A, B). Furthermore, we compared the clinical traits and found that the proportions of patients with squamoid subtype, lymph node metastasis, and distant metastasis in the high and medium HMOX1 groups were higher than those in the low group (Figure 2C). Survival analysis suggested that low HMOX1 samples showed a better disease-specific survival (DSS) prognosis than medium and high samples in LUAD. However, we failed to observe the statistical difference among the three groups in overall survival (OS), disease-free interval (DFI), and progress-free interval (PFI) comparisons (Figure 2D).




Figure 2 | The effect of HMOX1 on metastasis in lung adenocarcinoma (LUAD). (A) Differences in the expression of EMT signature genes among high, medium, and low HMOX1 groups. (B) Differences in the EMT scoring between high, medium, and low HMOX1 groups. (C) Differences in the LUAD subtype, lymph node metastasis, and distant metastasis among high, medium, and low HMOX1 groups. (D) Survival analyses for the high, medium, and low HMOX1 groups. OS, overall survival; DSS, disease-specific survival; PFI, progress-free interval; DFI, disease-free interval. NS, not significant; *P < 0.05; ** P< 0.01; ***P < 0.001; ****P < 0.0001.





HMOX1 is associated with novel genomic alterations in LUAD

cBioPortal data showed that the frequency of HMOX1 CNAs and mutations was only 1.5% in the LUAD (Figure 3A). Therefore, we did not focus on self-genomic alterations of HMOX1, and investigated the HMOX1-related alterations in the high, medium, and low HMOX1 groups. A global arm-and focal-level CNA profile was obtained by comparing the three groups (Figures 3B, C). The enriched mutation landscape of the three groups was displayed in waterfall plots. The missense mutation was the predominant mutation type (Figure 3D). Next, we compared the differentially mutated genes between the high and low HMOX1 groups. High HMOX1 groups had significantly higher frequency of mutations to HECW1, THSD7A, TRPM6, FRAS1, PTPRC, and others. Low HMOX1 groups had significantly higher frequency of mutations in EGFR, OVCH1, KEAP1, and PTPRT (Figure 3E). The strongest co-occurrent pairs of gene mutation in the high HMOX1 group were PTPRC - TEX15 and PTPRC - SLITRK4 (Figure 3F). In addition, we displayed the mutation frequency distribution of these genes in the three groups (Figure 3G).




Figure 3 | Genomic features of different HMOX1 groups. (A) The frequency of HMOX1 copy number alterations (CNAs) and mutations in the cBioPortal database. (B) Comparison of arm-level amplification and deletion frequencies among the high, medium, and low HMOX1 groups. (C) Comparison of focal-level amplification and deletion frequencies among the high, medium, and low HMOX1 groups. (D) The waterfall plots showing the mutation landscapes in the high, medium, and low HMOX1 groups. (E) The forest plot listing the top 20 most differentially mutated genes between the high and low HMOX1 groups. (F) The heatmap showing the concurrence or mutual exclusivity of these 20 mutated genes between the high and low HMOX1 groups. (G) The ternary plot showing the mutation frequency distribution of these 20 genes among the high, medium, and low HMOX1 groups. *P < 0.05; **P < 0.01.





HMOX1-high LUAD is functionally enriched in immune and mitochondrial pathways

To explore other HMOX1-related phenotypes that may affect LUAD metastasis, we performed functional enrichment for DEGs between the high- and low-HMOX1 groups. In the GO analysis, DEGs were notably enriched in macrophage activation, macrophage migration, regulation of mitochondrion organization, apoptotic mitochondrial changes, and similar pathways (Supplemental Figure 2A). Among KEGG pathways, the most enriched were phagosome, Th17 cell differentiation, antigen processing and presentation, and others (Supplemental Figure 2B). Therefore, we investigated immune infiltration and mitochondrial processes in LUAD.



HMOX1 is correlated with immune infiltration and immune checkpoint in LUAD

For the high HMOX1 group, activities of the majority of the cancer-immune cycles were found to be up-regulated, including release of cancer antigens (step1), cancer antigen presentation (step 2), priming and activation (step 3), trafficking of immune cells to tumors (step 4, like CD4 T cell, CD8 T cell, macrophage, monocyte, Treg cell), and infiltration of immune cells into tumors (step 5). Interestingly, no statistical difference in the killing of cancer cells (step 7) was observed among the three HMOX1 groups (Figure 4A). Next, we calculated the level of immunocyte infiltration in LUAD by 9 algorithms. GSEA algorithms of TCIA showed that more immune cells, like type 2 T helper cells, regulatory T cells, macrophages, central memory CD8 T cells, activated CD4 T cells, and others were up-regulated in the high HMOX1 group, followed by the medium- and low-groups (Figure 4B). Another 8 algorithms showed that HMOX1 was positively associated with the infiltration level of macrophages, but not CD4 T cells, CD8 T cells, Tregs, or neutrophils (Figure 4C, and Supplemental Figures 3-7). Similarly, HMOX1 was found to be positively correlated to the effector genes of macrophages (Figure 4D). In addition, we found that HMOX1 expression was positively associated with a majority of immune checkpoint inhibitors, including LAIR1, TIM-3, CD86, and PD-L1 (Figure 4E).




Figure 4 | The effect of HMOX1 on the immune microenvironment in LUAD. (A) Differences in multiple steps of the cancer immunity cycles between the high, medium, and low HMOX1 groups. (B) Differences in the infiltration levels of 28 types of immunocytes among the high, medium, and low HMOX1 groups, which were calculated using the GSEA algorithms. (C) Correlation between HMOX1 and the infiltration levels of 5 types of immunocytes (CD4+ T cells, CD8+ T cells, macrophages, Tregs, and neutrophils), which were calculated using 8 algorithms. (D) Differences in the effector genes of macrophages among the high, medium, and low HMOX1 groups. (E) Correlation between HMOX1 and 20 inhibitory immune checkpoints. NS, not significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.





Mitochondrional complexes are altered in HMOX1 high LUAD

We then proceeded to investigate the correlation between mitochondrial characteristics and HMOX1 expression in LUAD. Followed by the medium and low HMOX1 groups, the high HMOX1 group had significantly up-regulated expression of cytochrome C and apoptosis, and down-regulated expression of OXPHOS assembly factors, complexV, fission, translation, mtRNA metabolism, carbohydrate metabolism, and others (Figure 5A). Owing to the crucial role of mitochondrial complexes in tumor metastasis (8), we next focused on the analysis of mitochondrial complexes. The heatmap showed the expression disparity of feature genes for five mitochondrial complexes in the three HMOX1 groups (Figure 5B). The radar diagrams display the correlation between the feature gene and HMOX1 expression (Figure 5C). Overall, the high HMOX1 group had significantly less expression of complex I, complex II, and complex IV compared to the medium group, and significantly less expression of complex V compared to the low and medium group (Figure 5D).




Figure 5 | The effect of HMOX1 on mitochondrional activities in LUAD. (A) Differences in multiple mitochondrional pathways among the high, medium, and low HMOX1 groups. (B) Differences in feature genes of mitochondrial complexes among the high, medium, and low HMOX1 groups. (C) Correlation between HMOX1 and feature genes of mitochondrional complexes. (D) Differences in mitochondrional complex scoring between the high, medium, and low HMOX1 groups. SMT, small molecule transport; PISH, protein import, sorting and homeostasis; OXPHOS, oxidative phosphorylation; MCD, mitochondrial central dogma. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.





Construction of an HMOX1-mediated macrophage-mitochondrion-EMT metastasis regulatory network

Considering that mitochondrion complex, macrophage, and metastasis are all related to HMOX1 expression, we sought to perform the WGCNA co-expression analysis to identify the relationship among these. A power β = 6 was selected as the software threshold for scale-free network construction (Figure 6A). Twenty-one modules were identified by clustering dendrogram (Figure 6B). HMOX1, EMT, macrophage, and the mitochondrial complex had the same highly correlated module – brown, indicating strong associations among these traits (Figure 6C). The brown module was positively associated with HMOX1, mesenchymal phenotype, and macrophages, and negatively correlated to epithelial phenotype and mitochondrial complex (Figure 6D). GO enrichment indicated that genes in the brown module mainly focused on macrophage activation, macrophage migration, mitochondrial calcium ion homeostasis, mesenchymal cell differentiation, and the like (Figure 6E).




Figure 6 | Weighted gene coexpression network analysis (WGCNA) for the construction of an HMOX1-mediated metastasis regulatory network in LUAD. (A) A scale-free network construction (power threshold β = 6). (B) Gene dendrogram generating gene modules. (C, D) Correlation analysis between modules and pathophysiological traits. HMOX1, EMT, macrophage, and mitochondrional complex had the same high correlation module (MEbrwon). (E) Gene Ontology (GO) enrichment for the MEbrown genes. (F) The construction of protein-protein interaction (PPI) network among HMOX1, macrophage, mitochondrional complex, and EMT using the MEbrown module genes. (G) The simplified interaction network among HMOX1, macrophage, mitochondrional complex, and EMT. Solid lines indicate interactions. Dashed lines indicate missing interactions.



After identifying the correlation, we used the brown module genes to construct a PPI network among these phenotype traits. In the HMOX1-mediated metastasis regulatory network, a total of 8 genes were involved in EMT, 5 were correlated to mitochondrial complex, and 67 were associated with macrophage (Figure 6F). By analyzing the PPI interaction, we found that HMOX1 connected the macrophage and mitochondrial complex, the mitochondrial complex interacted with macrophage, and macrophage linked to EMT. However, the interaction between EMT and mitochondrial complex was not observed. (Figure 6G).



Proteomic analysis for the HMOX1-mediated macrophage-mitochondrion-EMT metastasis regulatory network

By comparing the high and low HMOX1 group, 1481 down-regulated proteins and 1559 up-regulated proteins were obtained (Figure 7A). GO analysis showed that these differentially expressed proteins were enriched in the electron transport chain, mitochondrial respiratory chain complex assembly, macrophage activation, epithelial to mesenchymal transition, and similar pathways (Figure 7B). Next, we validated the relationship between HMOX1 and EMT, mitochondrial complex, and macrophage at the protein level. HMOX1 was positively associated with macrophage and mesenchymal phenotype, and negatively correlated to epithelial phenotype and mitochondrial complex III (Figures 7C, D). Furthermore, we analyzed the genes of the regulatory network at the protein level. The high HMOX1 group had higher protein expression of mesenchymal phenotype and macrophage, and lower protein expression of mitochondrial complexes, followed by the medium and low HMOX1 group (Figure 7E). Correlation analysis found that mitochondrial complex protein AIFM1 was dramatically negatively correlated to the protein expression of mesenchymal phenotype and macrophage (Figure 7F).




Figure 7 | Proteomic validation for the HMOX1-mediated metastasis regulatory network in LUAD. (A) Volcano plots showing the differentially expressed proteins between the high and low HMOX1 groups. (B) GO enrichment for the differentially expressed proteins. (C) The difference in EMT, mitochondrial complex, and macrophage between the high, medium, and low HMOX1 groups. (D) Correlation between HMOX1 and EMT, mitochondrial complex, macrophage. (E) The difference in proteins of the HMOX1 regulatory network among high, medium, and low HMOX1 groups. (F) Correlation among proteins of the HMOX1 regulatory network *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.





Prognostic significance for the HMOX1-mediated macrophage-mitochondrion-EMT metastasis regulatory network

Using LASSO and Cox algorithms, 26 regulatory-network-related genes were screened to have the best predictive ability for prognosis in LUAD (Figures 8A–C). A risk score was then developed according to the gene expression and Cox regression coefficients of these genes. As shown in Figures 8D, E, the high-risk group had a significantly worse prognosis than the low-risk group in the TCGA training and validating cohorts. External GEO validating cohorts also confirmed this result (Supplemental Figure 8A). The real-time AUC values of our risk score were also generally higher than similar prognostic scoring systems (Dian Guo (18), Jie Ren (19), Jie Zhu (20), Lei Zhang (21), Yingqing Zhang (22)) in LUAD (Figures 8D, E). Next, we identified the independent prognostic factors by Cox analysis, including risk score and pathological stage (Supplemental Figures 8B, C). A nomogram model was constructed using these factors (Figure 8F). Calibration plots indicated that observed and predicted probabilities for 1-, 3-, and 5-year overall survival (OS) had excellent concordance (Figure 8G and Supplemental Figure 8D). ROC curves further confirmed the excellent predictive power of the nomogram (AUC: 0.789 in training TCGA, 0.854 in validating TCGA 0.765 in GSE11969, 0.877 in GSE31210, 0.639 in GSE42127) in both training and validating cohorts (Figure 8H and Supplemental Figure 8E). Regrettably, GSE68486 could not be used to validate the nomogram model, owing to a lack of the variable for pathological grade.




Figure 8 | Developing a prognosis prediction model using the LASSO COX regression. (A) LASSO coefficient profiles of 307 prognosis-related genes, which were selected from the HMOX1-mediated metastasis regulatory network and its neighbor genes. (B) Cross-validation for tuning parameter screening in the LASSO regression model. Optimal genes with the best discriminative capability (26 in number) were selected for developing the risk scores. (C) Forest plot of the risk score gene-expression profiles in univariate analysis. (D) Development of risk score in the TCGA training cohort and its predictive accuracy for survival in comparison to additional 5 signatures. (E) validation of risk score in the TCGA validating cohort. (F) A nomogram integrating pathological stage, risk score, and OS probability in the TCGA training cohort. (G) Calibration plots showing the correlation between actual and predicted OS rates in the TCGA training cohort. (H) ROC curve plot evaluating the nomogram model, risk score, and pathological stage in the TCGA training cohort ***P < 0.001.





Prediction of novel targeting modalities for the HMOX1-mediated macrophage-mitochondrion-EMT metastasis regulatory network

To predict the drugs with the potential to inhibit HMOX1-mediated LUAD metastasis, we uploaded the regulatory network genes to the CMAP online tools. We identified 9 drugs (chloroxine, tetrabenazine, TPCA-1, aminopentamide, coumaric-acid, zosuquidar, lupanine, isoliquiritigenin, pilocarpine) with the negative Raw_cs and the top fdr_q_nlog10 values, which suggested they could inhibit the gene expression in the regulatory network (Table 2 and Supplemental Figure 9).


Table 2 | Identified 9 small molecular drugs by CMAP.






Discussion

Emerging evidence has indicated the effect of HMOX1 in tumor metastasis, and HMOX1 is attractive as a potential prognostic biomarker and therapeutic target. Since the role of HMOX1 in LUAD metastasis still remains unclear, we performed large-scale and multi-omics bioinformatic analyses to elucidate HMOX1 in LUAD metastasis. In our study, we first demonstrated that HMOX1 contributed to the metastasis of multiple tumors, especially LUAD. Next, we found that HMOX1 was also correlated with the expression of macrophages and the mitochondrional complex. Importantly, by co-expression analysis, we identified a group of genes co-regulating the phenotypes mentioned above, and constructed the HMOX1-mediated macrophage-mitochondrion-EMT metastasis regulatory network. Based on the PPI network and existing studies, we speculated that HMOX1 may mediate the LUAD metastasis by regulating macrophages and the mitochondrional complex. Finally, the survival analysis and drug analysis were performed for HMOX1-mediated metastasis in LUAD.

HMOX1 has been found to be involved in the multiple steps of tumor metastasis including invasion, intravasation, extravasation, and colonization. Previous studies have indicated that the inhibition of HMOX1 reversed tumor EMT and impaired the invasion and migration of tumor cells (23). HMOX1 activity could also facilitate transendothelial migration of tumor cells, which implicates a potential role for HMOX1 in intravasation and extravasation events (24). In addition, myeloid HMOX1 promoted the extravasation and colonization of tumor cells at the metastatic loci (25). Similar to the previous studies, our results demonstrate that HMOX1 expression is positively associated with the EMT and lymph node and distant metastasis in multiple types of tumors, especially LUAD. The high HMOX1 group also had higher proportions of the squamoid subtype, which is a worse LUAD subtype with predilection for brain metastasis in the early stages (26). HMOX1-mediated LUAD metastasis has been preliminarily reported. Tsai et al. found that NSCLC patients with high HMOX1 expression had higher metastatic rates and HMOX1 over-overexpression enhanced the migratory ability of LUAD cells (27). However, the detailed mechanism of HMOX1-mediated LUAD metastasis still remains largely unknown.

Genomic alteration drives tumor metastasis (28). HMOX1 self-mutation is rare in LUAD. Therefore, we aimed to understand the HMOX1-related mutational burden and identified 16 differentially mutated genes in patients with high HMOX1 expression. Among these, FRAS1, PTPRC, MACF1 and MYH8 mutations have been found to be more enriched in other metastatic tumors (29–32). SMARCA4 mutation was reported to promote the LUAD early metastasis (33). SMARCA4-deficient LUAD had higher aggressive behavior and metastasis potential to the pleura (34). In addition, Kim et al. found that SMARCA4 depletion induced the EMT process in triple-negative breast cancer (35).

Macrophages, as a major immunocyte of the tumor microenvironment, play a vital role in tumor metastasis. The size, shape, metabolism, and M2 polarization of macrophages affect their metastasis (36, 37). At the primary site, macrophages can activate the EMT process and increase tumor cell migration and invasion (7, 38). At the metastatic loci, macrophages can prepare the target tissue for the arrival of tumor cells, and promote tumor cell extravasation, survival, and subsequent growth (38). Our result showed that HMOX1 was positively associated with macrophage recruitment, expression, and activity in LUAD. Similarly, some studies have demonstrated that HMOX1 was critically involved in macrophage polarization (12). In addition, a recent study has identified a novel macrophage subtype, endowed with high heme catabolism by HMOX1, as a pro-metastatic tumor microenvironment remodeling factor favoring EMT (39). Therefore, we retained the macrophage as the candidate constituent for the HMOX1 metastasis regulatory network.

The mitochondria supply the energy for tumor cell migration, invasion, and metastasis (40). Five complexes of the mitochondrial electron transport chain can affect tumor metastasis (8). Emergent evidence indicates that down-modulation of certain complex subunits by genetic or pharmacologic may promote EMT and metastasis (8, 41–43). In our study, we found down-regulated expression of mitochondrional complexes in the high HMOX1 group at the RNA and protein levels. Previous studies have reported the close correlation between HMOX1 and mitochondrion. Bansal et al. showed that mitochondria-targeted HMOX1 could induce mitochondrial dysfunction in macrophages (44). Song et al. found that HMOX1 up-regulation enhanced the oxidative mitochondrial damage in astroglia (45). Therefore, we speculate that the mitochondrion complex may affect the HMOX1-mediated metastasis in LUAD.

To further identify the correlation between the HMOX1, metastasis, macrophages, and mitochondrion, we performed the WGCNA analysis and found a group of module genes co-regulating these traits. The module genes had a highly positive correlation with HMOX1, mesenchymal phenotype and macrophages, and a highly negative association with epithelial phenotype, and mitochondrial complexes. Based on the module genes, we constructed an HMOX1-mediated macrophage-mitochondrion-EMT metastasis regulatory network. The network showed a high inner correlation at the proteome level and high predictive ability for survival prognosis in LUAD patients. According to the network and existing studies, we speculate that HMOX1 may mediate the EMT and further LUAD metastasis by regulating mitochondrial complex and macrophage. Interestingly, the network lacks the connection between mitochondrial complex and EMT. Considering the EMT process needs large amounts of energy from the mitochondrion, we speculate that the missing connection may be attributed to the low number of studies on the interaction between mitochondrial complexes and EMT, which deserves further study.

Previous studies have also identified the association between mitochondrion and macrophages. Many mitochondria activities, including tricarboxylic acid cycle, oxidative metabolism, membrane potential, and others, are vital for macrophage activation, differentiation, and survival (46). Among these, mitochondrial fission-induced mtDNA stress could promote tumor-associated macrophage infiltration and ultimately lead to tumor progression (47). Targeting mitochondrial complex I and blocking macrophage-mediated adaptive responses could play a synergistic role to induce cancer indolence (48).

Pharmacological inhibition of HMOX1 is considered a promising therapeutic approach to hinder tumor metastasis. In this research, we predicted nine small molecule drugs targeting the HMOX1-mediated metastasis regulatory network. Among these, chloroxine, belonging to opioid receptor antagonists, has been reported to inhibit tumor metastasis. Chloroxine-inducible Par-4 secretion could induce tumor cell apoptosis and impede tumor metastasis (49). Polymeric chloroquine was also confirmed to suppress the lung metastasis of tumor cells (50). In addition, isoliquiritigenin, a guanylate cyclase activator, has been proven to suppress metastasis in multiple types of tumors, including melanoma (51), breast cancer (52), liver cancer (53), renal cell carcinoma (54), and others. Of note, a previous study showed that isoliquiritigenin reversed the EMT process to inhibit ovarian cancer metastasis (55).

In conclusion, our analyses elaborate on the role of HMOX1 in LUAD metastasis, and identify an HMOX1-mediated macrophage-mitochondrion-EMT metastasis regulatory network. Furthermore, a network-related prognostic model was established, and potential drugs targeting the HMOX1 regulatory network were also proposed, which may inhibit LUAD metastasis. One major limitation was the lack of a single-cell location analysis for HMOX1 expression. Another limitation was the lack of intercellular interaction analysis between macrophage and malignant tumor cells, which we expect to improve in subsequent studies. Additionally, the regulatory network will require further experimental validation.
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Supplementary Figure 3 | Correlation between HMOX1 and the infiltration levels of immunocytes, including B cell (A) and dendritic cell (DC, B).

Supplementary Figure 4 | Correlation between HMOX1 and the infiltration levels of immunocytes, including macrophage (A) and T cell CD8+ (B).

Supplementary Figure 5 | Correlation between HMOX1 and the infiltration levels of immunocytes, including T cell CD4+ (A), Eosinphil (B). and mast cell (C).

Supplementary Figure 6 | Correlation between HMOX1 and the infiltration levels of immunocytes, including monocyte (A), endothelial cell (B), neutrophil cell (C), T cell gamma delta (D), T cell NK (E), hematopoietic stem cell (F), and myeloid-derived suppressor cell (MDCS, G).

Supplementary Figure 7 | Correlation between HMOX1 and the infiltration levels of immunocytes, including NK cell (A), common myeloid progenitor (GMP, B), cancer-associated fibroblast (C), T cell regulatory (D), T cell follicular helper (E), common lymphoid progenitor (CLP, F), and common myeloid progenitor (CMP, G).

Supplementary Figure 8 | Validation of the nomogram prognosis model in the TCGA validating and GEO cohorts. (A) Comparison of survival curves between the high and low HMOX1 groups in the GSE11969, GSE31210, GSE42127, and GSE68465 cohorts. (B) Univariate Cox analysis screened the prognosis variables. (C) Multiple Cox analysis screened the prognosis variables. (D) Calibration plots showing the correlation between actual and predicted OS rates in the TCGA validating, GSE11969, GSE31210, and GSE42127 cohorts. (E) ROC curve plot evaluating the nomogram model in the TCGA, GSE11969, GSE31210, and GSE42127 validating cohort.

Supplementary Figure 9 | Identifying the molecular structure of 9 small component drugs targeting the HMOX1-mediated LUAD metastasis by CMAP.
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Metastasis, a primary cause of death in patients with malignancies, is promoted by intrinsic changes in both tumor and non-malignant cells in the tumor microenvironment (TME). As major components of the TME, tumor-associated neutrophils (TANs) promote tumor progression and metastasis through communication with multiple growth factors, chemokines, inflammatory factors, and other immune cells, which together establish an immunosuppressive TME. In this review, we describe the potential mechanisms by which TANs participate in tumor metastasis based on recent experimental evidence. We have focused on drugs in chemotherapeutic regimens that target TANs, thereby providing a promising future for cancer immunotherapy.
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INTRODUCTION
In the last few decades, tremendous progress has been made in tumor immunology. Significant advances in immunotherapy, particularly in the use of checkpoint inhibitors, have been successful in targeting metastatic cancers. Although immuno-oncology treatments have gained considerable momentum, most metastatic cancers remain drug-resistant. This resistance is primarily due to innate immune cells such as neutrophils. Increasing evidence indicates that neutrophils increase resistance to clinical checkpoint blockade treatment, which is vital in establishing an immunosuppressive microenvironment and facilitating metastasis (Faget et al., 2021).
Metastasis, a primary characteristic of many malignancies, is associated with more than 90% of cancer-related deaths (Seyfried and Huysentruyt, 2013). Metastasis is the process by which tumor cells break away from their initial locations and are transported through the lymphatic or circulatory systems to form new tumors in other organs. The process involves several steps: 1) invasion of tumor cells into the neighboring parenchyma, 2) intravasation into the blood and/or lymphatic circulation, 3) survival within the circulatory or lymphatic systems, 4) extravasation into the distant parenchyma, and 5) subsequent survival and growth (Kitamura et al., 2015). Metastasis is associated with differentiation and tumor-associated neutrophils (TANs) that live in the tumor microenvironment (TME) (Lin et al., 2019). TANs constitute a major component of the TME and regulate tumor metastasis in all the five steps mentioned earlier.
TANs impair antitumor immunity and accelerate tumor growth and metastasis through the production of growth factors, chemokines, and inflammatory factors such as matrix metalloproteinase-9 (MMP-9), vascular endothelial growth factor (VEGF), high mobility group box 1 (HMGB1), and interleukin (IL)-17 (Bald et al., 2014; Minder et al., 2015; Li et al., 2019; Shaul and Fridlender, 2019). In recent years, the targeting of TANs has attracted increasing attention from researchers. This review provides an overview of the diversity and heterogeneity of TANs and describes the latest research progress on the potential mechanisms of TAN involvement in tumor metastasis. With a clearer understanding of the relationship between TANs and metastasis, treatment methods targeting TANs may provide a more promising approach to cancer intervention.
TANS IN TUMORS
Some studies have indicated that tumorigenesis follows a sequence of inflammatory events that resemble wound healing but without resolution (Hua and Bergers, 2019; Deyell et al., 2021). In response to early signs of inflammation, proinflammatory immune cells are recruited from the bloodstream and local resident cells. Evidence from mouse models and patients indicates that neutrophils are critical components of tumor-promoting inflammation in many tumor types (Galdiero et al., 2018; Shaul and Fridlender, 2019). Inflammation resolution and wound healing are hindered by genomic instability caused by neutrophils. For example, in breast cancer models, TANs produce reactive oxygen species that damage DNA and induce genetic instability, thereby promoting metastasis (Timaxian et al., 2021). Similarly, microparticles equipped with proinflammatory microRNAs (miR-23a and miR-155) are released by tissue-infiltrating neutrophils into intestinal epithelial cells. miRNAs enhance the formation of double-stranded breaks (DSBs) by causing the collapse of the replication fork. Their accumulation in the damaged epithelium hinders colonic repair and increases genomic instability (Butin-Israeli et al., 2019). A transgenic zebrafish tumor model indicated that TANs stimulate the early steps in tumor formation and progression. Direct live imaging revealed an innate inflammatory response at the pre-neoplastic stage. Zebrafish have been established as an indispensable in vivo model for cancer research as they can offer dynamic visualization of tumor growth in vivo. Their natural transparency combined with fluorescent labeling allows real-time observation of individual cells in a living model. For example, the T-cell leukemia model was the first zebrafish cancer model, allowing the direct monitoring of the initiation and expansion of leukemic cells using fluorescence microscopy (Langenau et al., 2003; Langenau et al., 2005). The rapid development of zebrafish genetic tools and imaging technologies has allowed researchers to better understand the processes that govern leukocyte activity during tumor initiation (Elliot et al., 2020).
Similarly, as tumor cells build their environment to promote survival, they can trigger an inflammatory response, consequently recruiting more neutrophils into the TME (Wei et al., 2021). Neutrophils can infiltrate primary tumors; patients with higher numbers of infiltrating neutrophils have poorer prognoses and are more resistant to drug therapies (Arvanitakis et al., 2021; Kim et al., 2022; Tian et al., 2022). Neutrophil recruitment is triggered by immune mediators, including cytokines, growth factors, and chemokines (Fig. 1). Using immunohistochemistry, Schimek et al. demonstrated that neutrophils preferentially accumulated at locations of apoptotic tumor cells in 35 patients with colorectal cancer (CRC). In another CRC model, interleukin-8 (IL-8) was suggested to be secreted by apoptotic cancer cells, attracting neutrophils into the tumor where they interact with nearby macrophages, thereby establishing an immunologically unfavorable TME (Schimek et al., 2022). Additionally, in neutrophil-specific anterior gradient-2 (AGR2) knockout mice, a recent study reported that CRC cells aggressively attracted AGR2+ TANs, which enhanced CRC metastasis, through chemokine (C-X-C motif) ligand 2 (CXCL2) (Tian et al., 2022). Similarly, using co-cultures of neutrophils and tumors, polymorphonuclear myeloid-derived suppressor cells (PMN-MDSCs) were attracted to brain metastatic variants of breast cancer cells upon upregulation of CXCR2 and CXCL1 (Groth et al., 2021). Furthermore, tyrosine kinase discoid domain receptor 1 (DDR1) is a critical regulator, and its activation by collagen in tumor cells stimulates the synthesis of CXCL5, leading to the recruitment of TANs, invasion, and metastasis (Deng et al., 2021) (Figure 1).
[image: Figure 1]FIGURE 1 | Recruitment of tumor-associated neutrophils (TANs) to primary tumors. Neutrophils from circulation and resident cells within the tumor microenvironment (TME) are recruited by cytokines, growth factors, and chemokines, such as IL-8 and CXCL2. Tyrosine kinase discoid domain receptor 1 (DDR1) is a key regulator of tumor cell metastasis. DDR1 activation by collagen in cancer cells is a significant stimulus for the synthesis of CXCL5, leading to the recruitment of TANs to primary tumors.
A large body of data suggests that neutrophils recruited to tumor sites secrete cytokines, which induces adaptive immune response and leads to the recruitment of multiple immune cells, including B cells, T cells, and macrophages. Crosstalk between tumor and immune cells likely plays a vital role in maintaining an immunosuppressive TME (Chao et al., 2016; Shaul et al., 2021; Schimek et al., 2022). In another study, TANs with CD11b+/Ly6G+ cells were hypersegmented, more cytotoxic, and expressed higher levels of proinflammatory cytokines. They were attracted to tumor cells by transforming growth factor-beta (TGF-β) inhibitors through increased levels of neutrophil-attracting chemokines (Fridlender et al., 2009). Therefore, the function of TANs is influenced by the local microenvironment and other immune cells, demonstrating their diversity.
DIVERSITY AND PLASTICITY OF TAN
Neutrophils have both pro- and anticancer functions. Transcriptomic analysis revealed that TANs have immunosuppressive properties that differ from those of healthy controls in humans and mice with cancer (Shaul and Fridlender, 2019). They can perform various functions related to their metabolic requirements, differentiation stage, and functional state (Shaul and Fridlender, 2019). A consensus has not been reached on the terminology for neutrophil heterogeneity and plasticity in cancer. However, researchers have attempted to distinguish between the subsets of neutrophils. Some molecules are hypothesized to be linked to the antitumor response, such as CD177 and CD101, or the protumor response, such as lectin-like oxidized low-density lipoprotein (LOX1), CD117, and programmed death-ligand 1 (PD-L1) (Noman et al., 2014; Condamine et al., 2016; Cheng et al., 2018; Evrard et al., 2018; Zhou et al., 2018; Zhu et al., 2018).
Neutrophils can also be distinguished based on their densities. Blood samples from patients with cancer contain two distinct populations: low-density neutrophils (LDNs) and high-density neutrophils (HDNs). LDNs exhibit pro-tumorigenic and immunosuppressive properties in cancer (Sagiv et al., 2015) and are composed of a mixture of mature and immature neutrophils. Conversely, HDNs are mature neutrophils with antitumor effects. In healthy controls, HDNs are predominant in circulating neutrophils (Sagiv et al., 2015).
Compared with macrophages, TANs are thought to be polarized into two distinct phenotypes: N1 antitumoral and N2 protumoral, as proposed by Fridlender et al. in 2009 (Fridlender et al., 2009). TGF-β released by the primary tumor can cause neutrophils to develop an N2-type pro-tumor phenotype, characterized by elevated arginase production and immunosuppressive effects on T cells (Fridlender et al., 2009; Eruslanov et al., 2014). Moreover, a recent study indicated that exosomal circPACRGL from CRC induces TGF-β1 production, resulting in neutrophil differentiation from N1 to N2 (Shang et al., 2020). Furthermore, some experiments have demonstrated that type I interferons (IFNs) can transform neutrophils into the N1 antitumor phenotype capable of cytotoxic activity against tumor cells that acquire antigen-presenting cell characteristics (Singhal et al., 2016; Siakaeva et al., 2019). Altering the TME may influence neutrophil plasticity and polarization. Triple-negative breast cancer models have indicated that Lin-28 homolog B (LIN28B) also enables neutrophil N2 conversion, maintaining the immunosuppressive environment by increasing the expression of programmed cell death one ligand 2 (PD-L2) (Qi et al., 2022). Similarly, in a CRC model, the cell migration-inducing protein KIAA1199 was produced by tumor recruitment of neutrophils with pro-tumor activity, indicating that KIAA1199 drives N2 pro-tumor polarization (Wang et al., 2022a). However, the association between N1/N2 neutrophils in mice and HDN and LDN classification in human patients is unclear because classification only considers functional conditions and not neutrophil maturation.
TANs with proven immunosuppressive functions are granulocytic myeloid-derived suppressor cells (G-MDSCs) or PMN-MDSCs, which act as neutrophils during multiple phases of maturation. Biochemical and gene expression profiling helped identify these cells as pathologically active immature myeloid cells that differ from normal myeloid cells (Bronte et al., 2016). The mechanism by which MDSCs differentiate from normal myeloid cells remains unknown, limiting our capacity to target them therapeutically in cancer. However, recent research employing single-cell RNA sequencing (scRNA-seq) has demonstrated that G-MDSCs appear in the spleen via an abnormal and unique neutrophil maturation pathway, contributing to their immunosuppressive features. However, the application of these findings to other tumors remains unexplored, as this study focused only on one type of cancer (Alshetaiwi et al., 2020). G-MDSCs are likely a mixture of immature and mature neutrophils with a low density. Their identification is generally confirmed by the presence of the following surface markers: CD15+, CD11b+, CD14−, HLA-DR−, and CD33; Furthermore, they are capable of inhibiting T cell activities and antitumor immunity (Cassetta et al., 2019). However, whether G-MDSCs should be considered a unique cell type or whether these results shed new light on neutrophil plasticity is debatable.
As shown in Table 1, most surface markers in LDNs, G-MDSCs, TANs immature neutrophil and mature neutrophil are similar. These “subgroups” display similar pro-tumor functions, rendering it challenging to distinguish between these “subgroups.” These neutrophil “subgroups” are likely a class of normal neutrophils stimulated by the tumor environment (McKenna et al., 2021). Identifying the cell subtypes within tumors is crucial to remove or repolarize their activity, enabling neutrophils to attack tumor cells rather than promote tumor metastasis.
TABLE 1 | Main surface markers and function of LDNs, TANs, and G-MDSCs, immature neutrophil and mature neutrophil.
[image: Table 1]MECHANISMS UNDERLYING TAN-FACILITATED METASTASIS
TANs promote tumor-cell invasion
Generally, highly invasive tumors lose their intrinsic polarity and become free from surrounding tissues (Savagner, 2010). Epithelial cells lose tight cell junctions and acquire mesenchymal characteristics by downregulating E-cadherin, a process known as the epithelial-mesenchymal transition (EMT). As a result, tumor cells that undergo EMT gain motility and aggressiveness as well as the capacity to rebuild the extracellular matrix (ECM) (Kalluri and Weinberg, 2009). Several studies have revealed that TANs may play a role in controlling EMT. As a natural inhibitor of MMP-9, the tissue inhibitor of metalloproteinase 1 (TIMP-1) exerts antitumor effects. However, recent studies have confirmed that neutrophil-secreted TIMP-1 promotes metastasis by inducing the EMT in breast cancer cells. Owing to the presence of the cluster of differentiation 90 protein (CD90) in these tumor cells, neutrophils produce more TIMPs, thereby promoting tumor development. Therefore, blocking CD90 or TIMP-1 significantly reduces the spread of cancer (Wang et al., 2019a). Similarly, Li et al. demonstrated that gastric cancer tissues exhibit high infiltration of TANs, especially at the invasive edge of the tumor, where IL-17 is expressed via Janus kinase 2 (JAK2)/signal transduction and activator of transcription 3 (STAT3) signaling, allowing them to increase migration, invasion, and EMT. Antibodies that neutralize IL-17a reduce tumor progression in gastric cancer (GC) cells (Li et al., 2019). Moreover, in an oral squamous cell carcinoma (OSCC) model, TANs also promoted EMT in OSCC cells by activating JAK2/STAT3 signaling (Hu et al., 2022).
A recent study found that neutrophil extracellular traps (NETs), the DNA complexes generated by neutrophils to fight bacterial pathogens, may enhance GC growth, invasion, and migration. In patients with GC and postoperative abdominal infectious complications (AIC), NETs were reportedly released by neutrophils within the abdominal fluid (ascites) and omental tissues due to stimulation by postoperative AIC. NETs cause EMT in GC cells through the TGF-β signaling pathway, thereby exacerbating GC metastasis. This also explains the link between postoperative AIC and metastases after radical gastrectomy in patients with advanced GC. Additionally, using a transwell migration assay, AIC-induced NETs captured scattered GC cells to form NET-GC clusters, contributing to metastatic extravasation and implantation (Xia et al., 2022). However, another study showed that TANs inhibited EMT. In tumor-bearing mice, radiotherapy generates persistent DNA damage and subsequently triggers the secretion of the inflammatory chemokines CXCL1, CXCL2, and CCL5. These chemotactic factors recruit neutrophils to tumor sites and generate reactive oxygen species through phosphatidylinositol 3-kinase (PI3K)/protein kinase B (AKT)/zinc finger protein SNAI1 (Snail) signaling, inhibiting EMT and converting neutrophils to an antitumor phenotype (Liu et al., 2021a) (Figure 2A). Therefore, TANs appear to be involved in EMT regulation in cancer, and different types of neutrophils have different effects on EMT. In the future, the physiological polarization of TANs may significantly impact cancer immunotherapy.
[image: Figure 2]FIGURE 2 | TAN roles in tumor metastasis. (A) TANs promote tumor-cell invasion; neutrophil-secreted TIMP-1 or IL-17 promote metastasis by inducing the epithelial-mesenchymal transition (EMT). Similarly, TANs cause cancer cells to undergo EMT by activating JAK2/STAT3 signaling. TANs secrete matrix metalloproteinase-9 (MMP-9), cathepsin G, and neutrophil elastase (NE), which degrade the extra-cellular matrix (ECM), thereby allowing tumors to invade adjacent tissues. (B) TANs promote tumor cell vascularization; neutrophils encourage tumor metastasis by releasing proteins such as MMP-9, vascular endothelial growth factor (VEGF), and BV8, which promote tumor angiogenesis. (C) TANs facilitate intravasation and extravasation of tumor cells and the survival of circulating tumor cells (CTCs); HMGB1 is released by tumor cells to recruit neutrophils, which assist tumor cells in invading blood vessels. CTC, CTC-neutrophil, and CTC-platelet clusters shield tumor cells from shear stress and natural killer (NK) cell assault. Hypoxia-inducible factor-1α (HIF-1α) expression is increased in circulating tumor microemboli (CTM) in the lungs. (D) Recurrence of dormant cancer cells; NETs cleave laminin, which results in the generation of an epitope. When a dormant cancer cell recognizes the epitope, signaling encourages tumor cells to awaken and proliferate. Polymorphonuclear myeloid-derived suppressor cells (PMN-MDSCs) awaken dormant tumor cells by S100A8/A9.
Most solid tumors are encapsulated by an ECM composed of collagen, enzymes, and proteins that maintain tissue structure and function. However, they also serve as a hurdle for metastasis (Paolillo and Schinelli, 2019). Various proteases secreted by TANs, including cathepsins, MMPs, and neutrophil elastases (NE), are crucial for regulating ECM degradation. They can disrupt the barrier, allowing tumors to invade adjacent tissues (El Rayes et al., 2015; Ci et al., 2018; Wu et al., 2019) (Figure 2A).
TANs promote tumor cell vascularization
When solid tumors reach a size threshold, various factors initiate the development of dense vasculature that provides a constant blood supply to the tumor. This process is called the angiogenic switch (Hanahan and Folkman, 1996). TANs serve as critical regulators of the angiogenic switch by eliciting the release of several proteases. Neutrophils are concentrated near the invasive edge of GC tissues and serve as a primary source of MMP-9, which promotes angiogenesis in GC cells (Li et al., 2017). MMP-9 promotes tumor angiogenesis by activating VEGF and VEGF receptor interactions in endothelial cells (Minder et al., 2015). Furthermore, prokineticin 2 (Bv8) triggers neutrophil-dependent angiogenesis, and inhibition of Bv8 activity limits angiogenesis and tumor development (Shojaei et al., 2007). A recent study showed that the transcription factor forkhead box protein O3a (FOXO3a) regulates the production of pro-angiogenic factors such as VEGF, MMP-9, and BV8 in neutrophils of IFN-deficient mice (Figure 2B). These pro-angiogenic factors play a crucial role in vascularization during tumor growth. Therefore, targeting FOXO3a holds promise as an anti-angiogenic therapy (Bordbari et al., 2021). Similarly, another study showed that nicotinamide phosphoribosyltransferase (NAMPT), a protein implicated in the downstream signaling of the granulocyte colony-stimulating factor receptor (G-CSF-R), is required for vascularization in a transplantable tumor model. Therefore, targeting neutrophils may be therapeutically possible (Pylaeva et al., 2019).
TANs help tumors disseminate distantly through the blood and lymphatic vessels. In the primary tumors of patients with OSCC, the presence of TAN-cancer cell compounds in areas of lymphangiogenesis indicates that TANs assist in tumor metastasis via lymphatic vessels (Lonardi et al., 2021).
TANs promote tumor-cell intravasation
It is also crucial for cancer cells to gain access to the vasculature through the small holes in the vascular endothelium. In a mouse melanoma model, ultraviolet (UV) irradiation increased the aggregation of tumor cells along the surfaces of the blood vessels. HMGB1 is released by UV-damaged epidermal keratinocytes to recruit neutrophils, which assist tumor cells in invading the blood vessels (Bald et al., 2014) (Figure 2C).
Neutrophils help circulating tumor cells survive in the peripheral circulation
Tumor cells must overcome multiple obstacles, including fluid shear stress, mechanical collisions, and immunosurveillance, to survive in the bloodstream (Lambert et al., 2017). Although several CTCs pass through the bloodstream, only a minimal fraction survive and spread to distant organs (Massagué and Obenauf, 2016). The tumor cells that survive in the bloodstream become more aggressive, and their ability to survive in the blood can be enhanced through various pathways. Numerous studies have demonstrated that the interplay between cancer cells and neutrophils increases tumor metastasis via the blood. Furthermore, neutrophils can communicate with CTCs to survive in the bloodstream. CTCs can form clusters of two to hundreds of cells to overcome the fluidic challenges of the bloodstream. These clusters have a 23–50-fold metastatic capacity compared to that of single CTCs in circulation. In patients with breast cancer, the abundance of CTC clusters was associated with adverse outcomes and metastasis (Aceto et al., 2014) (Figure 2C). CTCs are occasionally associated with leukocytes. Using single-cell RNA sequencing, Szczerba et al. analyzed a 4T1 mammary tumor model and human breast cancer. CTC-associated white blood cells were detected, most of which were CD11b+/Ly-6G+ neutrophils. Additionally, CTC neutrophil clusters have a greater tendency for metastatic spread than that of individual CTCs. Therefore, CTC–neutrophil clusters help increase survival and metastatic capacity (Szczerba et al., 2019) (Figure 2C). A recent study using an H22 tumor model reported that multipoint costriking nanodevices are required to kill primary tumors and prevent the dissemination of associated CTCs. Vascular cell adhesion molecule 1 (VCAM1) and glypican-3 are highly expressed on tumor cells and bind to neutrophils. The multipoint costriking nanodevice was developed using an anti-VCAM1 monoclonal antibody (mAb) and anti-Glypican-3 mAb, which can specifically identify and bind to their respective receptors overexpressed on the CTC membrane. Sorafenib and digitoxin located on the multipoint costriking nanodevice dissociated the CTC clusters, blocked the formation of CTC-neutrophil clusters, and destroyed the CTCs, thereby preventing migration (Mu et al., 2022).
Platelets may also protect tumor cells by forming platelet-rich thrombi around them. Platelets attract myeloid cells by secreting chemokines that shield tumor cells from shear stress and natural killer cells (NK), thereby allowing tumor cells to aggregate with platelets on the endothelium and accelerating tumor spread (Schlesinger, 2018). Platelets and neutrophils may also cooperate to shield CTCs from the vasculature via mechanical and immune-mediated destruction. Researchers discovered a pro-metastatic compound in several metastatic tumors consisting of CTC clusters, platelets, and neutrophils, known as circulating tumor microemboli (CTM).
Hypoxia is a vital factor in fostering CTM colonization in the lungs. Hypoxia-inducible factor-1α (HIF-1α) is highly expressed in the CTM, and its downregulation significantly alleviates hypoxia and ultimately inhibits metastasis (Du et al., 2022). Collectively, the presence of platelets and neutrophils in the bloodstream may increase the pro-metastatic activity of single CTCs. However, the mechanisms by which platelets and neutrophils contribute to CTC clusters mediating migration in different tumor types requires further investigation.
TANs help tumor cells colonize and extravasate
In addition to spreading and surviving in blood vessels, CTCs adhere to the endothelium and cross the vascular system into surrounding tissues (Follain et al., 2020). Accumulating evidence indicates that neutrophils regulate tumor cell adhesion to endothelial cells and transmigrate to metastatic sites. Although they are critical for cancer metastasis, the mechanisms underlying extravasation remain poorly understood. In addition, cancer cells recruit TANs to the TME, where they release NETs. Hiroki et al. examined NETs around metastatic tumors using clinical specimens. Through the activation of EMT, high mobility group box protein 1 (HMGB1) derived from NETs enhanced tumor extravasation during metastasis in a murine model of liver metastasis (Kajioka et al., 2021) (Figure 2C).
TANs and persistent growth, dormancy, and recurrence of tumor cells
Tumor cells become dormant upon transmigration to the surrounding tissues. Further, they stop proliferating or growing and evading immunosurveillance until the activation of a trigger mechanism (Vera-Ramirez et al., 2018; Shimizu et al., 2019). Dormant cancer cells are characterized by increased p38 mitogen-activated protein kinase (p38 MAPK) and decreased extracellular signal-regulated kinase 1/2 (ERK1/2) activity; the p38 MAPKhigh/ERKlow phenotype is commonly used as a marker of dormancy (Recasens and Munoz, 2019). In addition, according to a recent study, some researchers have synthesized the hallmarks of dormant cancer cell states, including niche dependence, cell cycle arrest, drug resistance, immune evasion, metastatic relapse, and reversibility. Dormant cancer cells are partly influenced by the local environment or niche in which they are located (Phan and Croucher, 2020). Overall, targeting dormant tumor cells is contingent on the tumor and its resident TME.
Despite being an essential member of the TME, the involvement of neutrophils in tumor dormancy remains unclear. Studies on animal models have revealed that neutrophils contribute to tumor awakening and recurrence. For example, in a dormant breast cancer metastasis model, sustained smoking or lung infections triggered NET formation at the dormancy site in cancer cells. Neutrophils expelled the extracellular DNA trap net, covered with proteases such as NE and MMP-9s. NETs initiated matrix remodeling through cleavage of laminin, resulting in the generation of an epitope. The recognition of the epitope by the dormant cancer cells activates the signaling pathways that drive the proliferation of tumor cells (Albrengues et al., 2018). Michela et al. demonstrated that PMN-MDSCs awaken dormant tumor cells through stress- and inflammation-dependent mechanisms. Stress hormones cause massive secretion of proinflammatory S100A8/A9 compounds from PMN-MDSCs via β2-adrenergic receptors. Accumulation of oxidized lipids in neutrophils is caused by these proteins, which in turn stimulate an increase in fibroblast growth factors and induce the proliferation of dormant tumor cells (Perego et al., 2020) (Figure 2D). Overall, further research is required to elucidate the mechanisms controlling dormancy in human cancer metastasis.
TANs prepare pre-metastatic niches for tumor cells
Primary tumors can establish favorable locations for metastasis to distant organs, called the pre-metastatic niche (PMN) (Kaplan et al., 2005). Studies have clarified that neutrophils play a crucial role in establishing PMNs. At these sites, neutrophils are recruited by multiple tumor-secreted factors, thereby establishing an immunosuppressive environment that aids the survival and metastasis of tumor cells. The presence of these neutrophils creates a route for recruiting tumor cells from the bloodstream and tissues into the PMN (Seubert et al., 2015; Wculek and Malanchi, 2015; Lee et al., 2019).
Primary tumors secrete multiple cytokines and chemokines to induce PMNs. For example, using a model PMN involving a hyaluronic acid (HA)-based gel loaded with CXCL12 (CLG), the tumors were revealed to induce PMNs in target organs, producing the tumor-derived factor CXCL12, which induces the recruitment of neutrophils and attracts CXCR4+ tumor cells both in vivo and in vitro (Ieranò et al., 2019). Furthermore, in a mouse metastatic CRC model, KIAA1199 facilitated the infiltration of immunosuppressive neutrophils into the liver. Mechanistically, cell migration-inducing hyaluronidase 1 (KIAA1199) activated the TGFβ signaling pathway by interacting with TGFβ receptor ½ (TGFBR1/2) to stimulate CXCL1 and CXCL3 production, thereby driving neutrophil aggregation in the liver and resulting in the suppression of the antitumor immunity of CD8+ T cells. Therefore, blocking KIAA1199 may hinder the development of tumor metastasis (Wang et al., 2022a).
In addition to cytokines and chemokines, inflammatory factors play a role in establishing PMNs. Lung mesenchymal stromal cells (LMSCs) are triggered by Th2-type cytokines to produce large amounts of complement component 3 (C3) proteins, which increase neutrophil recruitment of highly expressed C3a receptors to the PMN, ultimately promoting metastasis. As the number of NETs increases, more circulating tumor cells may be captured in the lungs and colonize the area. Targeting the Th2-type cytokine–STAT6–C3–NETs axis may offer a promising method for preventing lung metastasis in breast cancer (Zheng et al., 2021). In addition, NETs have been identified in the omenta of mice with ovarian tumors before metastasis and in the omenta of women with early-stage ovarian tumors. In orthotopic ovarian cancer models, tumor-derived factors attract neutrophils to the pre-metastatic omentum, generating NETs and facilitating the capture of ovarian cancer cells (Lee et al., 2019) (Figure 3).
[image: Figure 3]FIGURE 3 | TANs prepare pre-metastatic niches (PMNs) for tumor cells. Primary tumors secreted various cytokines, chemokines, and inflammatory factors to establish PMN. CXCL12, CXCL1, and CXCL3 from tumors cause the aggregation of immunosuppressive neutrophils in the PMN, which result in the suppression of antitumor immunity of T cells. Neutrophils recruited to the PMN may release NETs that facilitate the trapping of cancer cells. Extracellular vesicles (EVs) have an important role in the formation of the PMN, which facilitates metastasis. Furthermore, nicotine exposure and particulate matter (PM) can also induce neutrophil recruitment and PMN formation. Nicotine exposure promotes the MET, thereby restoring some epithelial features and contributing to early colonization of the PMN.
Extracellular vehicles (EVs) are released by tumor cells into the bloodstream. They carry specific molecules, such as DNA and RNA, which contribute to the signaling between cells in the TME. Exosomes are a subset of extracellular vesicles (EVs). Recent studies have shown that tumor cells release exosomes that play a role in PMN formation, thereby promoting metastasis. For example, Meiyan et al. reported that LIN28B secreted by tumor cells attracted neutrophils to the lung and established an immunosuppressive PMN in a triple-negative breast cancer model and patients with breast cancer. LIN28B induced IL-6 and IL-10-mediated neutrophil N2 conversion in the lung PMN, which increased the expression of T cell exhaustion ligands and inhibited the activity of T cells. This promotes the spread of breast cancer to the lungs. Furthermore, they demonstrated that breast cancer-released exosomes with low let-7s are critical for neutrophil recruitment and LIN28B-induced lung PMN formation (Qi et al., 2022). In addition, Maximiliane et al. reported that through genetic ablation of the BAG6 protein and disruption of p53 acetylation, melanoma cells secrete EVs, which form a PMN in distant tissues that recruit N2 neutrophils and tumors, promoting metastasis and progression (Schuldner et al., 2019). Therefore, EVs play a critical role in the process of PMN, which strengthens the connection between primary tumor cells and distant organs, facilitating the metastasis of tumor cells to secondary organs. A deeper understanding of the mechanism by which tumor-derived exosomes regulate PMN is essential for future research.
In addition, TANs can be used to prepare tumor cell sites using other methods. For example, chronic nicotine exposure plays a critical role in the development of pulmonary PMN. N2-neutrophils stimulate the secretion of the STAT3-activated glycoprotein lipocalin-2 (LCN2) in the PMN, which encourages cancer cells to undergo MET, restore epithelial features, and contribute to early colonization in the PMN (Tyagi et al., 2021). Another study demonstrated that TNF receptor-associated factor 6 (TRAF6) accumulates via autophagic degradation of tripartite motif-containing protein 37 (TRIM37) in lung epithelial cells as a result of particulate matter (PM), which is essential for initiating neutrophil recruitment and PMN formation in the lungs (Liu et al., 2021b) (Figure 3).
Overall, primary tumors can establish PMN for metastatic seeding. However, the cellular mechanisms influenced by TME are complicated. A better understanding of the molecular mechanisms underlying PMN is essential for the development of specific therapeutic strategies targeting TANs.
PROGNOSTIC VALUE OF TANS
Multiple studies have evaluated the prognostic value of the neutrophil-to-lymphocyte ratio (NLR) in a variety of cancers, including breast cancer (Krenn-Pilko et al., 2014), CRC (Grenader et al., 2016), non-small cell lung cancer (NSCLC) (Wang et al., 2019b), hepatocellular carcinoma (HCC) (Terashima et al., 2015), and melanoma (Cohen et al., 2020). Most studies have correlated a high NLR with poor prognosis. For example, a systematic meta-analysis of 100 studies exploring the prognostic value of NLR in patients with solid tumors emphasized that a high NLR was negatively associated with overall survival (OS) (Templeton et al., 2014). Low NLR is associated with improved survival rates, which was confirmed in 187 metastatic melanoma patients treated with ipilimumab (Ferrucci et al., 2015). Furthermore, in advanced NSCLC patients receiving nivolumab, the NLR has been proven to be a useful predictor of disease progression at 2 and 4 weeks after treatment (Nakaya et al., 2018). Ryoichi et al. indicated that the NLR is a valuable marker for predicting short-term outcomes in gastric cancer patients (Miyamoto et al., 2018). Neutrophils account for a considerable proportion of immune infiltration in many cancer types; thus, several studies have examined the prognostic value of quantifying tumor-infiltrating neutrophils.
The presence of TANs is associated with poor prognoses in several studies of advanced GC (Kim et al., 2022), early-stage melanoma (Jensen et al., 2012), head and neck cancer (Trellakis et al., 2011), and HCC (Li et al., 2011). However, the prognostic relevance of TANs in some types of cancer, such as CRC, remains controversial. Shaobo et al. reported that TANs promoted the metastasis of CRC cells through an AGR2-CD98hc-xCT-mediated pathway and that patients with CRC with an increased abundance of AGR2+ TANs had a poorer prognosis (Tian et al., 2022). In contrast, other studies have indicated that myeloperoxidase (MPO)+ neutrophil infiltration is associated with a favorable prognosis in CRC (Berry et al., 2017; Wikberg et al., 2017). Therefore, further research on neutrophil infiltration and its prognostic significance is required. Neutrophils play a vital role in the effectiveness of immune checkpoint inhibitors (ICIs). In one case, neutrophils in NSCLC suppressed T-cell immune function, leading to the failure of ICI therapy and their corresponding efficacy. (Kargl et al., 2019). However, the potential for neutrophil resistance to clinical immune checkpoint blockade treatments has recently been observed. ICIs used in combination with TANs reduce the effectiveness of anti-angiogenic drugs (Faget et al., 2021). Therefore, further exploration of the clinical implications of the role of neutrophils in ICI response may allow researchers to gain a deeper understanding of TAN biology and its effects on patients. Conflicting reports exist on the effects of neutrophils on chemotherapy and radiotherapy. 5-Fluorouracil (5-FU) and gemcitabine eliminate immunosuppressive neutrophils and activate neutrophil inflammasomes and IL-1β secretion, promoting chemotherapy resistance (Bruchard et al., 2013). In contrast, the neutrophil count can also indicate a good prognosis for patients with high-grade ovarian cancer (Posabella et al., 2020). Similar to chemotherapy, neutrophils have paradoxical effects on radiotherapy (Schernberg et al., 2017; Liu et al., 2021a). Therefore, whether the effect of neutrophils in response to chemotherapy and radiotherapy is beneficial or harmful remains controversial and may depend on the type, stage, or nature of cancer treatment.
STRATEGIES FOR TARGETING NEUTROPHILS
The results of these studies strongly suggest that neutrophils play a significant role in each step of the metastasis cascade. Several preclinical and clinical studies have shown that therapeutic targeting prolongs survival and decreases the risk of metastasis. Therefore, TANs may serve as potential therapeutic targets.
Next, we discuss current agents in terms of various mechanisms, such as inhibition of TAN survival, reprogramming of pre-tumor neutrophils into an antitumoral phenotype, and inhibition of TAN recruitment. The relevant drugs are listed in Table 2.
TABLE 2 | Clinical trials of agents targeting TANs.
[image: Table 2]Agents against TAN survival
DS-8273a, an agonistic death receptor 5 (TRAIL-R2) antibody, can induce apoptosis in various tumor cells while sparing vital normal cells. Two TRAIL receptors, TRAIL-R1 (DR4) and TRAIL-R2 (DR5), induce apoptosis (de Miguel et al., 2016). Researchers have used DS-8273a to selectively target MDSCs in a phase I study of patients with stage III head and neck squamous cell carcinoma. In patients with increased numbers of circulating PMN-MDSCs (CD11b+/CD14+/CD33+/CD15+; low-density fraction cells), treatment with DS8273a decreased their numbers (Dominguez et al., 2017). However, TRAIL receptor agonists are subject to further investigation in terms of their safety and tolerability. Gemcitabine, a nucleoside analog, is an effective antitumor drug. During DNA replication, its incorporation into DNA triggers strand termination leading to cell death. In patients with pancreatic cancer, PMN-MDSCs (CD11b+/CD14-/CD33+/HLA−/DR−) were significantly reduced after gemcitabine treatment. However, following the resting phase, the effect of the treatment was attenuated after terminating the administration of gemcitabine. This suggests that continuous administration of gemcitabine is required to achieve a lasting effect on PMN-MDSCs (Eriksson et al., 2016). Similarly, in a phase II clinical trial, gemcitabine increased the efficacy of nivolumab by killing MDSCs to reduce immunosuppression in stage IIIB NSCLC (NCT03302247). Capecitabine, a 5-FU prodrug, selectively induces MDSC death in vitro and in vivo more strongly than gemcitabine. MDSCs were eliminated by 5-FU, increasing the secretion of IFN-γ by tumor-specific CD8+ T cells that infiltrated the tumor and induced an antitumor response in vivo (Vincent et al., 2010). In a phase II clinical trial of patients with stage IV CRC, 5-FU plus bevacizumab and anakinra resulted in an approximate doubling of the median progression-free survival and a manageable safety profile (Isambert et al., 2018). However, DS-8273a, capecitabine, and gemcitabine have unavoidable side effects such as unselective neutrophil depletion. Therefore, developing agents that preferentially target N2 neutrophils is essential to minimize toxicity. However, further research is required before substantial clinical applications can be explored.
Agents inhibiting neutrophil recruitment
As mentioned earlier, TME tumors secrete chemokines that attract tumor-associated neutrophils to the tumor sites. Therefore, a TAN-targeting anticancer therapeutic approach could include disrupting signals that attract neutrophils. The CXCR2 signaling pathway plays a critical role in mediating the movement of neutrophils from the bone marrow into the bloodstream and subsequently into the peripheral tissues. Numerous studies have revealed the efficacy of CXCR2-targeted therapy, which has initiated early-phase clinical trials. This therapy works through the use of SX-682, a small-molecule inhibitor of CXCR1 and CXCR2, which retards tumor development. In tumor-bearing mice, SX-682 reduced the infiltration of MDSCs into tumors and increased activated CD8+ T cells, thereby inhibiting tumor growth (Yang et al., 2021). Moreover, in head and neck cancer models, SX-682 decreased tumor infiltration caused by PMN-MDSCs and increased tumor infiltration and activation of adoptively transferred murine NK cells (Greene et al., 2020). However, further research on SX-682 in clinical trials is required. In stages III and IV melanoma patients, SX-682 was evaluated to determine whether it could block cancer cells from attracting MDSCs (NCT03161431). Identifying and elucidating the mechanism by which blocking CXCR2 may affect tumor growth is of particular interest. Reparixin is a non-competitive allosteric CXCR1/CXCR2 inhibitor. In a mouse cisplatin-induced acute kidney injury (AKI) model, it protected the kidneys by decreasing inflammatory cytokines and neutrophil infiltration (Liu et al., 2020). However, the applications of reparixin have not been extensively studied in the clinical treatment context. Reparixin is currently being evaluated in combination with paclitaxel chemotherapy versus paclitaxel alone in patients with metastatic triple-negative breast cancer for further evaluation of their progression-free survival.
Reprogramming pre-tumor neutrophils into an antitumoral phenotype
Given the critical involvement of neutrophils in the immune system, whether the systemic elimination of neutrophils results in deleterious consequences during long-term treatment remains unknown. Although not studied extensively, pre-tumor neutrophils can reportedly be reprogrammed into antitumor neutrophils. The mechanism underlying this is through TGF-β-blocking antibodies, which enhance the tumor-killing activity of neutrophils. For example, mesoporous silica nanoparticles loaded with SB525334, an inhibitor of the TGF-β1 receptor, were designed in mouse models of pancreatic cancer. Local inhibition of TGF-β increases neutrophil polarization towards an anticancer phenotype in the TME and induces long-term antitumor memory (Peng et al., 2022). Similarly, another study revealed that a novel CRC-derived exosomal circPACRGL facilitated TGF-β1 expression and induced differentiation of N1 to N2 in mouse models (Shang et al., 2020). Moreover, in H22 mice, a novel nanovaccine reportedly changed the protumoral N2 phenotype of neutrophils to the antitumor N1 phenotype in the TME. The effect achieved complete tumor regression (83%) and prolonged survival (Wang et al., 2022b). However, further randomized clinical studies are warranted to validate the potential use of TGF-β in clinical practice. Additionally, fresolimumab was well tolerated and used in participants with osteogenesis imperfecta (OI) type IV, as well as a TGF-β-neutralizing antibody (Song et al., 2022). In phase I/II trials, fresolimumab was shown to have an acceptable safety profile and favorable systemic immune response in patients with melanoma, renal cell carcinoma (Lacouture et al., 2015), and metastatic breast cancer (Formenti et al., 2018). Zr-fresolimumab penetrated recurrent high-grade gliomas well but did not provide any clinical benefits (den Hollander et al., 2015). Clinical trials of fresolimumab are more commonly associated with TGF-β neutralization. Detailed studies are lacking on the functional reprogramming of neutrophils, which may have significant benefits for future tumor therapy.
Several clinical trials have demonstrated the tolerability and activity of single-agent or combination chemotherapy. Galunisertib is a small-molecule selective inhibitor of TGFβ receptor I. Recently, in a phase II trial with HCC, the combination of galunisertib and sorafenib showed acceptable safety and a longer OS outcome (Kelley et al., 2019). However, galunisertib plus durvalumab provided a disease control rate of 25% in patients with metastatic pancreatic cancer. Median OS and progression-free survival were 5.72 months (95% CI: 4.01–8.38) and 1.87 months (95% CI: 1.58–3.09), respectively. Biomarkers did not correlate with treatment outcomes, and this analysis was limited by the relatively small sample size (Melisi et al., 2021). Expanding the number of clinical samples is required to further evaluate their clinical value.
CONCLUSION AND PERSPECTIVES
Cancer has a high incidence and mortality rate worldwide and is one of the most significant public health problems. While metastasis is a marker for malignancy, the results achieved with existing treatments are unsatisfactory because most aim to eliminate the tumor cells. However, successful seeding of metastases is greatly dependent on nonmalignant cells within the TME (Güç and Pollard, 2021). As the major components of the TME, TANs promote tumor progression and metastasis through multiple mechanisms. Therapeutic strategies targeting TANs may offer potential therapeutic opportunities contingent on improving our understanding of the relationship between TANs and metastasis. Targeting the pro-metastatic components of the TME to re-establish a healthy environment will undoubtedly offer viable avenues for tumor treatment.
Although these treatments are effective, several fundamental hurdles remain to be overcome. First, TANs exhibit remarkable heterogeneity and plasticity. Although they are usually considered the N2 type, they can display both tumoricidal and protumoral functions. The mechanism by which these phenotypes switch during tumor progression is not entirely understood. There are diverse subsets of neutrophils, including immature, mature, low-density, and high-density. Surface markers on neutrophils constantly change based on the influence of the TME; therefore, they can exhibit pro- or antitumor effects (Hsu et al., 2019). In particular, neutrophil metabolism is regulated by microenvironmental exposures that play different or contrasting roles, varying from killing tumor cells to supporting them. Although the metabolism of tumor cells has been extensively studied, the effect of cancer on neutrophil metabolism remains insufficiently understood. Further experiments are required to determine the mechanism by which TAN metabolism should be targeted to enhance cancer immunotherapy.
Second, the TME is a complex system consisting of several cellular and non-cellular components. Neutrophils, one of the main regulators in the TME, do not function alone but interact with other components. During metastasis, they are intricately linked to the surrounding matrix and to each other (Mao et al., 2021). A recent study reported that IL-8, released by apoptotic tumor cells, recruits neutrophils to the tumor, where they induce macrophages to exhibit an M2-like phenotype in both primary patient-derived and established CRC cells. Crosstalk between TANs and adjacent macrophages creates an immunosuppressive TME (Schimek et al., 2022). Overall, the roles of the components of the TME and the complex interactions between them remain largely unknown but are promising prospects for immunotherapy.
Third, the prediction and detection of micrometastases are major clinical problems. Cancer cells can escape from primary sites and spread to other organs, where they can remain dormant and clinically undetected for a long time. The triggers that cause these largely dormant cells to reawaken, proliferate, and spread are not fully understood. Micrometastases may appear months, years, or even decades before diagnosis in certain cancers (Hu et al., 2020). Understanding the mechanism by which tumors enter and exit dormancy is crucial to providing patients with effective treatment. Neutrophils can activate dormant cells and promote tumor metastasis. For example, in mouse models, a recent study showed that sustained inflammation induces the formation of NETs, which awakens dormant cancer cells by releasing NE and MMP-9. These neutrophil-associated enzymes sequentially cleave laminin, which induces the proliferation of dormant cancer cells by activating integrin α3β1 signaling (Albrengues et al., 2018). However, in most cases, dormant tumor cells can only be investigated through animal studies. Furthermore, detecting individual dormant tumor cells using current techniques is challenging. Further evidence is required to examine the process by which neutrophils awaken dormant tumor cells and disseminate them to secondary organs. A better understanding of this process may pave the way for the clinical exploitation of neutrophils.
In conclusion, this study provides a detailed review of the interactions between TANs and tumor cells during tumor metastasis. TANs are a potential target that could change the future landscape of cancer treatment; however, numerous hurdles remain unexplored. We believe that our review will encourage future research on the development of TAN-targeting drugs for cancer treatment.
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GLOSSARY
AIC abdominal infectious complication
AGR neutrophil-specific anterior gradient
CRC colorectal cancer
CTCs circulating tumor cells
CTM circulating tumor microemboli
DDR1 discoid domain receptor 1
DSBs double-strand breaks
ECM extracellular matrix
EGs empty gels
EMT epithelial-mesenchymal transition
EVs extracellular vesicles
FOXO3a forkhead box protein Oa
GC gastric cancer
G-MDSCs granulocytic myeloid-derived suppressor cells
HA hyaluronic acid
HCC hepatocellular carcinoma
HDNs high-density neutrophils
HIF-1α hypoxia-inducible factor-1α
HMGB1 high mobility group box 1
ICIs immune checkpoint inhibitors
IFN interferon
LDNs low-density neutrophils
LMSCs lung mesenchymal stromal cells
MDSCs myeloid-derived suppressor cells
MET mesenchymal-to-epithelial transition
MMP matrix metalloproteinases
NAMPT nicotinamide phosphoribosyltransferase
NE neutrophils elastases
NETs neutrophil extracellular traps
NSCLC non-small cell lung cancer
OSCC oral squamous cell carcinoma
PMN-MDSCs polymorphonuclear myeloid-derived suppressive cells
PMNs pre-metastatic niche
PM particulate matter
TANs tumor-associated neutrophils
TGF-β transforming growth factor beta
TIMP-1 tissue inhibitor of metalloproteinases 1
TME tumor microenvironment
UV ultraviolet
VCAM1 vascular cell adhesion molecule 1
VEGF vascular endothelial growth factor
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Osteosarcoma is a highly malignant solid tumor with poor prognosis, early metastasis, and rapid progression and has a high mortality rate, in which better therapeutic strategies are needed. Circ0038632, also known as circPLK1, is a tumor promotor in multiple cancers. However, its biological functions and molecular regulatory mechanisms in osteosarcoma remain unclear. To ascertain the function of circ0038632 in osteosarcoma, we checked its expression in cells and in tissues and tested its abilities of proliferation and migration. Expression experiment manifested that circ0038632 showed an enhanced expression in osteosarcoma. Functional studies revealed that circ0038632 inhibition reduced cell proliferation and metastasis abilities of osteosarcoma. Mechanism studies revealed that circ0038632 sponged miR-186 to upregulate the expression of DNA methyltransferase 3A (DNMT3A) to promote osteosarcoma progression. The circ0038632/miR-186/DNMT3A axis was involved in osteosarcoma progression. The results elucidated the potential application of circ0038632 as a novel diagnostic biomarker for progressive process of osteosarcoma.
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Introduction

Osteosarcoma, one of highly malignant solid tumors, is originated from the bone marrow cavity. It usually occurs in adolescents aged 10–20 years, with a high degree of malignancy, poor prognosis, early metastasis, and rapid progression and a high mortality rate (1). Unfortunately, the cause, progression, and their mechanisms have not been clearly clarified up to now.

Circular RNAs (circRNAs) perform important function in tumor-related gene expression regulating and tumor progression. Recently, increasing studies revealed that circRNAs were deeply involved in malignancy (2). CircRNA_103801 induces osteosarcoma proliferation, migration, and invasion processes by mediating miR-338-3p (3). CircTADA2A accelerates the malignant progression of osteosarcoma via modulating miR-203a-3p (4). All these studies reveal that circRNAs exert important functions in osteosarcoma.

Circ0038632, also known as circPLK1, is a tumor promotor in multiple cancers. In breast cancer, circPLK1 has high-level expression and is closely related with poor survival, which may serve as the prognostic biomarker or therapeutic target (5). By mediating miR-1294/HMGA1, circPLK1 promotes the progression of non–small cell lung cancer (6). However, circ0038632 function and its inner regulatory mechanisms in osteosarcoma are still unclear. Therefore, elucidation the role of circ0038632 involving occurrence or progression in osteosarcoma is significant.

Here, we found that circ0038632 showed a boosted expression both in osteosarcoma cells and in tissues. Circ0038632 silencing decreased the proliferation and metastasis abilities of osteosarcoma cells. The process may implement by circ0038632 sponging miR-186, followed by increasing the expression of DNA methyltransferase 3A (DNMT3A), and finally promoting osteosarcoma progression. Aberrant regulation of DNMT3A is important to the tumorigenesis of multiple cancers, which was also confirmed in osteosarcoma (7, 8). Circ0038632 has a potential to function as diagnostic biomarker or therapeutic target in osteosarcoma treatment.



Results


circ0038632 is upregulated in osteosarcoma

Relative mRNA expression of circ0038632 was monitored through quantitative real-time PCR (qRT-PCR), and it was found that it is markedly upregulated in osteosarcoma cell lines in comparison with its control cell (Figure 1A). Next, circ0038632 expression levels were verified in 42 pairs of osteosarcoma tissues and their corresponding paracancerous controls. The results demonstrated that circ0038632 had an enhanced expression in osteosarcoma tissues compared with their control tissues (Figure 1B).




Figure 1 | circ0038632 is upregulated in osteosarcoma. (A) The circ0038632 expression in osteosarcoma cell lines. (B) The circ0038632 expression in 42 pairs of osteosarcoma tissues and adjacent normal tissues. **P < 0.01.





circ0038632 silencing suppresses the function of proliferation and metastasis in osteosarcoma

siRNAs were used to knockdown circ0038632, and si-circ0038632#1 was chosen for the following experiments (Figure 2A). Cell counting kit-8 (CCK-8) and BrdUrd assays were used to find that circ0038632 silencing restrained the proliferation ability of osteosarcoma cells (Figures 2B–D). Moreover, circ0038632 silencing depressed the colony formation capability of osteosarcoma cells (Figures 2E, F). In addition, circ0038632 silencing decreased the cell migration ability in osteosarcoma (Figures 2G, H). Finally, we used mouse xenograft models to investigate circ0038632 function in vivo. The results turned out that inhibition of circ0038632 suppressed the capability of growth (Figures 2I, J) and lung metastasis (Figures 2K, L) of osteosarcoma.




Figure 2 | circ0038632 silencing suppresses the function of proliferation and metastasis in osteosarcoma. (A) siRNAs were used to knockdown circ0038632 expression in osteosarcoma cells. (B) Cell proliferation ability was evaluated through CCK-8 assay. (C) BrdUrd incorporation was assessed by immunohistochemistry (IHC) to evaluate cell proliferation after transfection. (D) Statistical chart of BrdUrd total gray value. (E) The pictures of clone formation from osteosarcoma cells were showed. (F) Statistical chart of cloning derived from osteosarcoma cells. (G) Migration ability was assessed by wound healing assay. (H) Statistical chart of wound closure. (I) Mouse xenograft models were established to evaluate circ0038632 intravital function. (J) Statistical chart of tumor weights. (K) The pictures of lung metastatic nodules with HE staining were showed. (L) Statistical chart of metastatic nodules. *P < 0.05 and **P < 0.01.





circ0038632 serves as miR-186 sponge in osteosarcoma

circRNAs could regulate gene expression by acting as microRNA decoys, also known as the competing endogenous RNA (ceRNA) mechanism. In osteosarcoma cells, cellular location of circ0038632 was inspected and found that circ0038632 mainly localized in cytoplasm (Figure 3A). Next, the prediction of potential binding sites between circ0038632 and miR-186 was accomplished adopting the online software Interactom (Figure 3B). Then, wild-type and mutant sequences of the binding sites between miR-186 and circ0038632 were designed, and we found that miR-186 + WT 3′-circ0038632 co-transfection group expressed a strikingly inhibited relative luciferase activity in osteosarcoma cells, when compared with miR-186 + MUT 3′-circ0038632 co-transfection group. In addition, RNA immunoprecipitation (RIP) assay was adopted and the results displayed that miR-186 enrichment was markedly increased in MS2bs-circ0038632 group (Figure 3D), showing that circ0038632 could serve as miR-186 sponge in osteosarcoma. Moreover, miR-186 manifested a tendency of distinct decrease in osteosarcoma cells compared with their control cells (Figure 3E).




Figure 3 | circ0038632 serves as miR-186 sponge in osteosarcoma. (A) qRT-PCR detected circ0038632, cytoplasmic control (GAPDH), and nuclear control (18S) expression. (B) Potential binding sites between miR-186 and circ0038632. (C) Relative luciferase activities of different co-transfected groups. (D) The enrichment of MS2bs-circ0038632, MS2bs-circ0038632mt, or control group was assessed. (E) The expression of miR-186 in osteosarcoma cell lines. **P < 0.01.





circ0038632 functions as a ceRNA by mediating DNMT3A in osteosarcoma

The prediction of potential downstream target genes of miR-186 was performed using the online software TargetScan, and we found that DNMT3A was among them (Figure 4A). Wild-type and mutant sequences were designed for the 3′-UTR of DNMT3A. The results showed that DNMT3A WT 3′-UTR + miR-186 co-transfection group showed a sharp decrease relative luciferase activity in osteosarcoma, and DNMT3A WT 3′-UTR + miR-186 inhibitor co-transfection group showed an apparent increase compared with DNMT3A MUT 3′-UTR + miR-186 co-transfection group (Figure 4B). Moreover, miR-186 was conductive to the inhibition of DNMT3A expression, and miR-186 inhibitor reversed DNMT3A expression (Figure 4C), revealing the expression that its target gene DNMT3A could be regulated by miR-186 in osteosarcoma.




Figure 4 | circ0038632 functions as a ceRNA by mediating DNMT3A in osteosarcoma. (A) Potential binding sites from 3′-UTR of DNMT3A with miR-186. (B) Relative luciferase activities of different co-transfected groups. (C) DNMT3A expression was tested after transfection by qRT-PCR. (D) The degree of circ0038632, DNMT3A, and miR-186 enrichment to Ago2 was examined by RIP assay. (E) The enrichment on Ago2 after transfection was tested. (F) DNMT3A mRNA expression was examined. (G) DNMT3A mRNA expression in osteosarcoma cells was tested. (H) DNMT3A mRNA expression in osteosarcoma tissues and its control were detected. (I) IHC staining of DNMT3A and Ki-67 were shown. **P < 0.01.



Subsequent RIP assay results demonstrated that circ0038632, DNMT3A, and miR-186 enrichment was majorly raised in anti-AGO2 group in osteosarcoma cells (Figure 4D). Circ0038632 silencing significantly raised the enrichment of DNMT3A to Ago2 (Figure 4E), suggesting that circ0038632 and DNMT3A were rivalrous to binding with miR-186. Moreover, inhibition of circ0038632 decreased the expression of DNMT3A, but miR-186 inhibitor could rescue the decrease (Figure 4F), revealing that circ0038632 could sponge miR-186 and regulate the expression of DNMT3A in osteosarcoma. Next, DNMT3A expression was checked in osteosarcoma cells and tissues, and we found it had a noticeable raised trend (Figures 4G, H). DNMT3A expression in circ0038632 silencing group from mouse xenograft models showed a markedly reduction (Figure 4I). In addition, circ0038632 knockdown also decreased the expression of Ki-67 in the xenograft tumors (Figure 4I).




Discussion

Although neoadjuvant chemotherapy combined with surgery has improved the survival probability of osteosarcoma in early-stage recently, current reports show that the 5-year patient survival of metastatic osteosarcoma can only reach 30% (9). Moreover, radical surgical treatment of osteosarcoma often leads to severe functional impairment and even disability of the patient’s limbs. Therefore, it is urgent to explore new treatment methods for osteosarcoma.

circRNAs play critical roles in cancer progression. Circ0038632 is a progression promotor in multiple malignant tumors. By mediating miR-1294/HMGA1, circPLK1 promoted the abilities of malignant pleural mesothelioma to proliferate, migrate, invade, and keep stemness (10). CircPLK1 silencing inhibited the growth, migration, and invasion of breast cancer (11). However, how circ0038632 functions in osteosarcoma has not yet been revealed. Here, we results revealed that circ0038632 had an enhanced expression in both osteosarcoma cells and tissues (Figure 1). In addition, knockdown of circ0038632 suppressed the capability of proliferation and metastasis of osteosarcoma cells (Figure 2).

Next, we investigated the mechanism of circ0038632 function in osteosarcoma. We explored the potential circRNA/miRNA interaction for circ0038632 and miR-186. MiR-186 is a candidate of tumor suppressors in multiple cancers. In osteosarcoma, miR-186-5p has been proved to downregulate and negatively relate to survival (12). Overexpressed miR-186 restrained the proliferation, invasion, and aerobic glycolysis process in osteosarcoma (13). Moreover, miR-186-5p repressed osteosarcoma migration or invasion through regulating TBL1XR1 expression (14). In this study, miR-186 manifested a tendency of distinct decrease in osteosarcoma cells (Figure 3).

The ceRNA mechanism involved miR-186 was reported in several studies. lncRNA DSCAM-AS1 promotes malignant transformation in osteosarcoma by sponging miR-186-5p (15). lncRNA NEAT1 sponges miR‐186‐5p and promotes the progression of osteosarcoma invasion and EMT (16). Via miR-186-5p, circ_0001174 promotes osteosarcoma progression (17). Our results showed that circ0038632 could regulate the expression of miR-186 by sponging it (Figure 3).

Aberrant regulation of DNMT3A is important to the tumorigenesis of multiple cancers, which has the potential to be a therapeutic target (7). DNMT3A is overexpressed and closely related with worse survival in pancreatic cancer (18). DNMT3A induces promoter methylation and miR‐200b silencing to promote tumor progression in breast cancer (19). In osteosarcoma, DNMT3A promotes APCDD1 promoter DNA hyper-methylation, downregulates its expression, and promotes cell invasion and metastasis (8). Here, DNMT3A expression was found to be noticeably increased in osteosarcoma (Figure 4).

The ceRNA mechanisms that involved DNMT3A were also reported in several studies. In breast cancer, circIQCH sponges miR-145 to accelerate proliferation and migration process through upregulating DNMT3A (20). Circ_0084615 could regulate the expression levels of DNMT3A be mediating miR-599 (21). Here, we found that circ0038632 could sponge miR-186 followed by regulating its downstream target gene DNMT3A (Figure 4). circRNAs are promising biomarkers for diagnosis and targets for therapeutic management (22). Our study confirmed the cancer-promoting effect of circ0038632 in osteosarcoma, which may lead to the identification as a potential disease biomarker or novel therapeutic target.

In conclusion, we showed that the circ0038632/miR-186/DNMT3A axis was involved in osteosarcoma proliferation and metastasis. Targeting circ0038632 has the potential to be a specific therapeutic strategy for osteosarcoma.



Materials and methods


Cell culture and transfection

Human osteosarcoma cells including U2OS, ZOS, 143B, MG63, HOS, and their control cells, osteoblast hFOB1.19, were obtained from ATCC. DNA fingerprinting was used for cell identification. The detection for mycoplasma infection was performed routinely.

Lipofectamine 3000 was adopted for cell transfection (Invitrogen, USA). siRNAs and shRNAs of circ0038632 and mimics and inhibitors of miR-186 were purchased from GeneCopoeia (USA). The sequences of siRNAs used in this study are as follows: si-NC, UUCUCCGAACGUGUCACGUTT; si-circ0038632#1, ACAGATGTGAATATTCTCTCT; si-circ0038632#2, GATGTGAATATTCTCTCTCCT; and si-circ0038632#3, GTGAATATTCTCTCTCCTGGA. The primer sequences for qRT-PCRs used in this study are as follows: circ0038632: forward (5′- 3′), TACATGTTCGGGTGTGGGTT; reverse (5′- 3′), CTTTCCTCCTCTTGTGCAGC; 18S: forward (5′- 3′), TTAATTCCGATAACGAACGAGA; reverse (5′- 3′), CGCTGAGCCAGTCAGTGTAG; GAPDH: forward (5′- 3′), GGAGCGAGATCCCTCCAAAAT, reverse (5′- 3′), GGCTGTTGTCATACTTCTCATGG; and DNMT3A: forward (5′- 3′), TATGAACAGGCCGTTGGCATC, reverse (5′-3′), AAGAGGTGGCGGATGACTGG.



Quantitative real-time PCR analysis

TRIzol (Invitrogen), NE-PERTM Nuclear, and Cytoplasmic Extraction Reagents (Thermo, USA) were used to extract total RNA or nuclear and cytoplasmic RNA. PrimeScriptTM RT reagent Kit and TB Green Premix Ex TaqTM (RR037A, RR420A, Takara, Japan) were used for qRT-PCR assays. The primers were obtained from GeneCopoeia (Table S2).



Clinical sample collection

Forty-two pairs of primary osteosarcoma samples and their corresponding paracancerous tissue samples were acquired from the Third Affiliated Hospital of Southern Medical University, immediately followed by keeping in liquid nitrogen. qRT-PCR was used to test the expression of circRNA. The research involving human samples and animals was reviewed and approved by the Ethics Committee of the Third Affiliated Hospital of Southern Medical University. All patients provided written informed consents. Declaration of Helsinki revised in 2013 was strictly implemented throughout the research.



Cell counting kit-8 assay

After transfection, 103 cells were resuspended and transferred into each well of 96-well plates. After 48 h of incubation at 37°C, 10 μl of CCK-8 solution was added. Then, absorbance of 450 nm was measured 2 h later.



BrdUrd proliferation assay

BrdUrd proliferation assay was applied for cell viability detection. Cells were incubated under BrdUrd at 10 nmol/L for 16 h to test BrdUrd incorporation, followed by 1:1 cold methanol/acetone fixation. Then, immunocytochemistry detection was subsequently performed.



Colony formation assay

After transfection, 103 cells were resuspended and transferred into each well of six-well plates. After 14 days of incubation at 37°C. Then, methanol was used to fix the colonies, followed by crystal violet (0.1%) staining. The colonies were counted under the microscopy later.



Wound healing assay

After transfection, 103 cells were resuspended and transferred into each well of six-well plates. Pipette tips (10 μl) were used make the linear wound. Migration ability was assessed under microscope.



Mouse xenograft model

The whole process of animal experiments was performed according to the guidelines of Institutional Animal Care and Use Committee of The Third Affiliated Hospital of Southern Medical University. A total of 106 U2OS cells stably expressing sh-circ0038632 or its control were subcutaneously injected into each 4-week-old mouse (n = 5, male nude). Tumors were excised for following weights examine 28 days later.

A total of 105 U2OS cells stably expressing sh-circ0038632 or its control were injected into each mouse through tail vein (n = 5). Lungs were excised for the following pathological studies 56 days later. The metastatic sites in lungs were counted under microscopy.



Luciferase reporter assay

A total of 104 cells were resuspended and transferred into each well of six-well plates. Luciferase-reporting plasmid containing wild or mutant sequences of circ0038632, DNMT3A 3′-UTR, miR-186 mimics, miR-186 inhibitors, and their controls were purchased. The mimics and inhibitors of miR-186 and the wild or mutant reporting vectors were co-transfected. The activities of renilla and firefly luciferase were assessed 48 h after transfection.



RNA immunoprecipitation

MS2bs vector containing wild or mutant sequences of circ0038632 was constructed. The enrichment of circ0038632, miR-186, SLC7A11, and DNMT3A in osteosarcoma cells after transfection of the above vectors was detected by RIP assay using anti-Ago2 antibody, and qRT-PCR detection was completed after RNA purification.



Immunohistochemistry analysis

After deparaffinization and rehydration by xylene, absolute ethanol, and 70% alcohol, slides were drained, citrate buffer was used for antigen retrieval, and PBS was used for washing, followed by 3% H2O2 and 5% goat treatment. Anti- DNMT3A (1:200, LSBio, USA) and specific secondary antibodies (1:500, Abcam, USA) were utilized to incubate the slides under the condition of 4°C overnight and room temperature for 2 h, respectively. DAB staining reagent (Beyotime, China) was utilized to stain the slides and then photographed under microscopy.



Statistical analysis

All data were analyzed by SPSS 25.0 software and presented as mean ± SD. T-test was utilized for analyses of between difference groups. Statistical significance was set at p ≤ 0.05.




Data availability statement

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



Ethics statement

This study was reviewed and approved by Ethics Committee of the Third Affiliated Hospital of Southern Medical University. The patients/participants provided their written informed consent to participate in this study. Written informed consent was obtained from the owners for the participation of their animals in this study.



Author contributions

All experiments were designed by XT and HZ. XT executed the experiments. CZ gathered specimens. HL and YT analysed and demonstrated the data. XT and HZ were the major contributors in writing and revising the manuscript. All authors read and approved the final manuscript. All authors contributed to the article and approved the submitted version.



Funding

This study was supported by the Natural Science Foundation of Guandong (No. 2021A1515012095, Xinyu Tan).



Conflict of interests

The reviewer (ZYD) declared a shared parent affiliation with the authors (XT, CZ, HL) to the handling editor at the time of review.

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.



References

1. Meltzer, PS, and Helman, LJ. New horizons in the treatment of osteosarcoma. N Engl J Med (2021) 385(22):2066–76. doi: 10.1056/NEJMra2103423

2. Li, Z, Li, X, Xu, D, Chen, X, Li, S, Zh, L, et al. An update on the roles of circular RNAs in osteosarcoma. Cell Prolif (2021) 54(1):e12936. doi: 10.1111/cpr.12936

3. Kong, L, Huang, H, Luan, S, Liu, H, Ye, M, Wu, F, et al. Inhibition of ASIC1a-mediated ERS improves the activation of HSCs and copper transport under copper load. Front Pharmacol (2021) 12:653272. doi: 10.3389/fphar.2021.653272

4. Wu, Y, Xie, Z, Chen, J, Chen, J, Ni, W, Ma, Y, et al. Circular RNA circTADA2A promotes osteosarcoma progression and metastasis by sponging miR-203a-3p and regulating CREB3 expression. Mol Cancer (2019) 18(1):73. doi: 10.1186/s12943-019-1007-1

5. Kong, Y, Yang, L, Wei, W, Lyu, N, Zou, Y, Gao, G, et al. CircPLK1 sponges miR-296-5p to facilitate triple-negative breast cancer progression. Epigenomics (2019) 11(10):1163–76. doi: 10.2217/epi-2019-0093

6. Li, C, Wang, G, Ma, X, Tao, T, Li, Q, Yang, Y, et al. Upregulation of exosomal circPLK1 promotes the development of non-small cell lung cancer through the miR-1294/ high mobility group protein A1 axis. Bioengineered (2022) 13(2):4185–200. doi: 10.1080/21655979.2022.2026727

7. Kataoka, I, Funata, S, Nagahama, K, Kazunobu, I, Hirohisa, T, Nobutsugu, A, et al. DNMT3A overexpression is associated with aggressive behavior and enteroblastic differentiation of gastric adenocarcinoma. Ann Diagn Pathol (2020) 44:151456. doi: 10.1016/j.anndiagpath.2019.151456

8. Han, W, and Liu, J. Epigenetic silencing of the wnt antagonist APCDD1 by promoter DNA hyper-methylation contributes to osteosarcoma cell invasion and metastasis. Biochem Biophys Res Commun (2017) 491(1):91–7. doi: 10.1016/j.bbrc.2017.07.049

9. Gill, J, and Gorlick, R. Advancing therapy for osteosarcoma. Nat Rev Clin Oncol (2021) 18(10):609–24. doi: 10.1038/s41571-021-00519-8

10. Zhang, Q, Wang, Z, Cai, H, Guo, D, Xu, W, Bu, S, et al. CircPLK1 acts as a carcinogenic driver to promote the development of malignant pleural mesothelioma by governing the miR-1294/HMGA1 pathway. Biochem Genet (2022). doi: 10.1007/s10528-022-10186-8

11. Lin, G, Wang, S, Zhang, X, Wang, D, et al. Circular RNA circPLK1 promotes breast cancer cell proliferation, migration and invasion by regulating miR-4500/IGF1 axis. Cancer Cell Int (2020) 20(1):593. doi: 10.1186/s12935-020-01694-x

12. Zhang, Z, Zhang, W, Mao, J, Xu, Zh, Fan, M, et al. miR-186-5p functions as a tumor suppressor in human osteosarcoma by targeting FOXK1. Cell Physiol Biochem (2019) 52(3):553–64. doi: 10.33594/000000039

13. Xiao, Q, Wei, Z, Li, Y, Zhou, X, Chen, J, Wang, T, et al. miR186 functions as a tumor suppressor in osteosarcoma cells by suppressing the malignant phenotype and aerobic glycolysis. Oncol Rep (2018) 39(6):2703–10. doi: 10.3892/or.2018.6394

14. Cao, Q, Wang, Z, Wang, Y, Liu, F, Dong, Y, Zhang, W, et al. TBL1XR1 promotes migration and invasion in osteosarcoma cells and is negatively regulated by miR-186-5p. Am J Cancer Res (2018) 8(12):2481–93.

15. Ning, Y, and Bai, Z. DSCAM-AS1 accelerates cell proliferation and migration in osteosarcoma through miR-186-5p/GPRC5A signaling. Cancer Biomark (2021) 30(1):29–39. doi: 10.3233/CBM-190703

16. Tan, H, and Zhao, L. lncRNA nuclear-enriched abundant transcript 1 promotes cell proliferation and invasion by targeting miR-186-5p/HIF-1alpha in osteosarcoma. J Cell Biochem (2019) 120(4):6502–14. doi: 10.1002/jcb.27941

17. Lin, F, Wang, X, Zhao, X, Ren, M, Wang, Q, Wang, J, et al. Circ_0001174 facilitates osteosarcoma cell proliferation, migration, and invasion by targeting the miR-186-5p/MACC1 axis. J Orthop Surg Res (2022) 17(1):159. doi: 10.1186/s13018-022-03059-8

18. Jing, W, Song, N, Liu, YP, Qu, XJ, Qi, YF, Li, C, et al. DNMT3a promotes proliferation by activating the STAT3 signaling pathway and depressing apoptosis in pancreatic cancer. Cancer Manag Res (2019) 11:6379–96. doi: 10.2147/CMAR.S201610

19. Pang, Y, Liu, J, Li, X, Xiao, G, Wang, H, Yang, G, et al. MYC and DNMT3A-mediated DNA methylation represses microRNA-200b in triple negative breast cancer. J Cell Mol Med (2018) 22(12):6262–74. doi: 10.1111/jcmm.13916

20. Li, Y, Jiang, B, He, Z, Zhu, H, He, R, Fan, S, et al. circIQCH sponges miR-145 to promote breast cancer progression by upregulating DNMT3A expression. Aging (Albany NY) (2020) 12(15):15532–45. doi: 10.18632/aging.103746

21. Zhang, B, Yang, S, and Wang, J. Circ_0084615 is an oncogenic circular RNA in colorectal cancer and promotes DNMT3A expression via repressing miR-599. Pathol Res Pract (2021) 224:153494. doi: 10.1016/j.prp.2021.153494

22. Li, D, Li, Z, Yang, Y, Zeng, X, Li, Y, Du, X, et al. Circular RNAs as biomarkers and therapeutic targets in environmental chemical exposure-related diseases. Environ Res (2020) 180:108825. doi: 10.1016/j.envres.2019.108825



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 Tan, Zeng, Li, Tan and Zhu. 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: 24 August 2022
doi: 10.3389/fcell.2022.957363


[image: image2]
Radiation-induced FAP + fibroblasts are involved in keloid recurrence after radiotherapy
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Background: Keloid scars (KSs), which are composed of abnormal hyperplastic scar tissue, form during skin wound healing due to excessive fibroblast activation and collagen secretion. Although surgical resection and radiation therapy are used to prevent recurrence, KS recurrence rates range from 15 to 23%, and the underlying mechanism is unclear.
Methods: To elucidate the mechanism of keloid recurrence, we established a PDX model and the grafts remained for over 20 weeks after transplantation on the bilateral backs of the NCG mice.
Results: RNA-seq revealed that KS tissue gene expression was highly consistent before and after transplantation. Then, one side of the KS graft was irradiated with electron beam therapy (10 Gy), significant increases in vimentin and fibroblast activation protein alpha (FAP) expression were observed after irradiation and were accompanied by severe microvascular destruction. Surprisingly, 4 weeks after irradiation, significantly increased recurrence was observed with increased FAP + tissue and cell cycle regulator expression, resulting in a remarkable altered graft volume. Moreover, irradiation-induced FAP upregulation markedly facilitated radiation resistance and increased cell cycle progression, decreased senescence, and increased energy production.
Conclusion: Our findings revealed that irradiation causes increased abundance of FAP + cells, which was associated with cell proliferation and delayed cellular senescence, accompanied by ATP production.
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INTRODUCTION
Skin wound healing is an extremely complex process that includes the infiltration of inflammatory cells and secretion of growth factors and cytokines (Reinke and Sorg, 2012; Broughton, 2006). Keloid scars (KSs) are produced from a dermal fibroproliferative disorder that develops after burns, deep skin injuries and even surgical wounds (Ogawa, 2017). Although the mechanism of keloid formation is not fully understood, keloid is characterized by hyperthrophic fibroblast and collagen formation, angiogenesis and the upregulation of pro-inflammatory factors. Radiotherapy is currently recognized as one of the most important strategies for treating KSs (Mankowski et al., 2017). The favorable properties of electron irradiation make it the preferred choice for superficial keloid radiotherapy (Hogstrom and Almond, 2006; Hoppe, 2003; Maarouf et al., 2002). The recurrence rate with surgical resection alone, a traditional treatment for keloids and hypertrophic scars, ranges from 45% to 100% (Lee and Jang, 2018). Radiotherapy is often applied as a postoperative adjuvant therapy for keloids (Mustoe et al., 2002) and might control the rate of keloid recurrence to 15–23% (Mankowski et al., 2017). However, the mechanism remains unknown.
Since KSs occur only in humans, an appropriate animal model is necessary to explore new treatments and therapies. The major barrier to the engraftment of human-derived tissue in immune-competent rodents is robust xenogeneic immune rejection (Yang and Sykes, 2007). Fortunately, several strains of immunodeficient mice have been developed by disrupting relevant genes that are critical to the development, survival and function of immune cells (Marttala et al., 2016). In this study, we attempted to establish a novel PDX transplantation model using unique triple-immunodeficient mice designed using CRISPR-Cas9 technology to alter the Prkdc and IL2rg genes; the mice are more immunocompromised than commonly used immunodeficient mouse strains, such as SCID and nude mice. To study the mechanism of KS recurrence after surgical resection and electron beam treatment, human KS fragments without epidermal or dermal tissue were implanted into the backs of the NCG mice.
Fibroblast activation protein alpha (FAP) is a plasma membrane serine protease (dipeptidyl peptidase IV) that may play a key role in the invasiveness of keloids (Dienus et al., 2010). Normal adult tissues are generally negative for FAP, which exhibits both protease and collagenase activity and is important for extracellular matrix (ECM) degradation in wound healing and tumor invasion (O'Brien and O'Connor, 2008). These findings suggest that FAP may be a novel target for keloid treatment, but there have been few studies on the relationship between FAP and keloid recurrence after radiation therapy.
In this study, we evaluated the role of FAP in KS recurrence in an NCG xenograft mouse model. Although tissue loss occurred throughout the experiment, our data revealed that the graft was maintained in this new model for at least 20 weeks after implantation at the visible tissue level and that FAP + tissue was restored through radiation resistance, increased levels of cell cycle regulators, and high energy production.
MATERIALS AND METHODS
Ethical approval
Following approval of our protocol, which adhered to the ethical standards formulated in the Declaration of Helsinki, from the Institutional Ethics Committee of The First Hospital of Jilin University and the acquisition of written informed consent from all of the patients, KS tissues were obtained from 8 patients undergoing surgical excision.
Tissue preparation and xenotransplantation
Briefly, immediately after surgical excision, the human KS mass was washed twice with phosphate-buffered saline and cut into 4-mm square pieces under sterile conditions. The mice were anaesthetized by intraperitoneal injection of 5% chloral hydrate with 0.1 ml/10 g body weight, and 1-cm incisions were made on both sides of the dorsal midline above the gluteus maximus. The human keloid tissues were implanted into the subcutaneous pocket between the panniculus carnosus and skin, and the wound was sutured.
Eight-week-old NCG mice were purchased from Charles River (Beijing, China) and bred in the specific pathogen–free (SPF) murine facility. The First Hospital of Jilin University Research Animal Care Committee (Changchun, Jilin) approved the entire process, and all the animals were kept under standard conditions described in the guidelines approved by the institution.
Primary fibroblast isolation
KS tissues were washed twice with phosphate-buffered saline and cut into ∼1 mm3 sections under sterile conditions. The washed sections were placed in a culture plate with a distance of 1 cm between each section and incubated at 37°C for 30 min. The sections were then incubated in DMEM containing 10% FBS and antibiotics (penicillin, 100 U/ml; streptomycin, 0.1 mg/ml) at 37°C with 5% CO2. All cell culture reagents were supplied by Gibco (Thermo Fisher Scientific, Inc). The fibroblasts were trypsinized and prepared for subculture when they reached 90% confluency.
Electron beam irradiation
At 4 weeks after implantation, irradiation therapy was performed with an electron beam (Clinac 21ex, Varian Medical System). The irradiation technique was consistent for all radiotherapies: The external beam was administered, with 6 MeV electrons generated by a linear accelerator. A single-fraction dose of 10 Gy (at a dose rate of 600 cGy/min) was delivered to the surgical incision with an electron beam. Nontarget areas were shielded using a 2-cm lead sheet.
RNA preparation and KEGG pathway analysis
Degradation and contamination of the RNA from the samples were monitored on 1% agarose gels. RNA purity was checked by a Nano Photometer® spectrophotometer (IMPLEN, CA, United States). RNA integrity was assessed using the RNA Nano 6000 Assay Kit with the Bioanalyzer 2100 system (Agilent Technologies, CA, United States). The Kyoto Encyclopedia of Genes and Genomes (KEGG) database is a resource used to determine the high-level functions and roles of genes in biological systems. ClusterProfiler R packets were used to detect significant enrichment of differentially expressed genes in the KEGG pathway. Firstly, all significantly enriched terms and then calculated accumulative hypergeometric p-values and enrichment factors were identified and used for filtering. The remaining significantly enriched terms then underwent hierarchical clustering into a tree based on kappa-statistical similarities among the gene memberships. Then, a kappa score of 0.3 was applied as the threshold to divide the tree into term clusters.
Quantitative real-time PCR
Total RNA was isolated with Total RNA Miniprep Kit (AP-MN-MS-RNA-250, Axygen), and cDNA was synthesized using 1st Strand cDNA Synthesis kit for qPCR (11123ES60, YEASEN Biotech, Shanghai). Quantitative RT-PCR was performed using Hieff® qPCR SYBR Green Master Mix (11203ES03, YEASEN Biotech, Shanghai) with a QuantStudio 5 RT qPCR system (ABI), and human-specific primer sets (Table 1) were obtained from Sangon Biotech (Shanghai, China). Beta-actin was used for normalization.
TABLE 1 | qPCR primers specific for p21, p53, p16, Cyclin D1, CD34, FAP, vimentin and β-actin.
[image: Table 1]Histology and IHC
Tissues were collected, fixed with 4% formalin and embedded in paraffin. The paraffin sections (4 μm) were stained with H&E or subjected to IHC. Briefly, the tissue sections were subjected to antigen retrieval and incubation with primary antibodies against FAP (AF5344, Affinity), vimentin (AF7013, Affinity), or CD34 (AF5149, Affinity), followed by incubation with secondary antibody (KIT-9706, Maixin-Bio), and immunoreactivity was detected using an Peroxidase Kit (KIT-9710, Mai Xin). Quantitative analysis was performed using Image-Pro Plus 6.0 software.
Cell proliferation assay
Cell proliferation was assessed using a Cell Counting Kit-8 (CCK-8) assay kit (C0038, Beyotime) according to the manufacturer’s protocol. Briefly, KFs (3×103 cells per well) were seeded into a 96-well plate and cultured at 37°C in a 5% CO2 incubator. CCK-8 solution was added for 2 h and the absorbance was measured at 490 nm.
SA-β-gal activity analysis
SA-β-gal active assay was performed as our previous study using an SA-β-gal staining kit (Beyotime, Beijing). Briefly, KFs were plated in 12-well plates (6×104/well) and were irradiated with 10 Gy and analyzed upon reaching 80–90% confluence. SA-β-gal-positive cells were identified as green-stained cells and the frequency was determined by counting approximately 400 cells in three random fields.
Flow cytometry
To measure radiation-induced cytomembrane expression of FAP or cytoplasmic expression of vimentin, primary KFs were irradiated with a single-fraction dose of 10 Gy (at a dose rate of 600 cGy/min) with an electron beam. The cells were analyzed by staining with an AF488-conjugated anti hFAP antibody (R&D Systems, FAB3715G-100) and a PE-conjugated anti-hVimentin antibody (BD, 562337). FAP+ KFs were sorted according to staining with the AF488-conjugated antihFAP antibody (BD FACSCalibur) at 72 h after irradiation.
Measurement of intracellular ATP levels
Intracellular basal ATP production rates were measured using Seahorse XF Real-Time ATP Rate Assay Kit (Agilent). This assay was performed according to the manufacturer’s protocol. Briefly, KF cells were seeded into 24-well plates with 3 × 104 cells per well and incubated at 37°C with 5% CO2 for several days. One hour after medium was replaced by indicated medium without bicarbonate, the OCR and ECAR were measured with XF24 (Seahorse Bioscience, United States) before and after injection of 1.5 μM oligomycin, 0.5 μM rotenone and 0.5 μM antimycin. The basal ATP production rates were compared by mitoATP Production Rate and glycoATP Production Rate.
Statistical analysis
All studies were repeated at least three times and data are presented as the mean ± SD. Statistical analysis was performed using Prism 6 (GraphPad Software). One-way ANOVA was used for comparison of multiple groups, while the t test was used for comparison of two groups. p < 0.05 were taken as significant.
RESULTS
Establishment of a patient-derived KS tissue xenotransplantation model using NCG mice and morphological observation
To establish a PDX mouse model to study KSs, human KS tissues (from 8 patients) were cut into 3–4-mm square pieces and implanted into the backs of NCG mice (>60) under sterile conditions (Figure 1A). Previous studies have shown that KS grafts can be maintained in nude mice for at least 4 months after operation, as shown by detection at the cellular level (Park et al., 2016; Shetlar et al., 1985). In this study, the grafts were still visible at 20 weeks after transplantation, although significant tissue loss was observed (Figure 1B). According to our previous work, more than 3 weeks are needed for the graft to establish stable neovascularization. At 4 weeks after implantation, the right sides of the grafts in the KS-bearing mice were irradiated with a single-fraction dose of 10 Gy with an electron beam (Figure 1C). One week after irradiation, morphological alterations in the graft were observed. As shown in Figure 1D, in contrast to nonirradiated grafts (−), the irradiated grafts showed evidence that the electron beam had severely destroyed the neovascularization (+). Taken together, these findings demonstrated that we successfully established a PDX mouse model of KSs using NCG mice and observed severe electron beam-induced damage to the vascular network of the graft.
[image: Figure 1]FIGURE 1 | Xenotransplantation of patient-derived KS tissue in NCG mice and radiation therapy. (A) The grafts and implantation positions of the grafts are shown. (B) The grafts were visible at 20 weeks after implantation without irradiation. Representative images are shown. (C) Image of the field irradiated with an electron beam. The right side of the graft is marked in black. The green line is the laser alignment line. (D) One week after irradiation, graft morphological alterations were observed. Representative images are shown.
Irradiation induced microvascular destruction and tissue loss
To investigate the effect of the electron beam on implanted KS tissue and determine whether irradiation can suppress the development of graft tissue, histological analysis was performed. As shown in Figure 2A, H&E staining of the grafts was performed at 1, 2 and 4 weeks after irradiation. The electron beam induced sharp decreases in the numbers of infiltrating cells in the graft tissues, especially during the first week after irradiation (Figure 2A, left row). Surprisingly, irradiation disrupted the vascular network of the graft but slowed the process of tissue loss (Figures 2A,B). At 4 weeks after irradiation, the volume ratio of the irradiated grafts was significantly larger than that of the control grafts by over twofold (0.75 vs. 0.37). Moreover, histological analysis was performed to determine whether the electron beam would destroy the neovascularization in the graft tissue (Figures 2D,E). Consistent with the results in Figure 1C, our results revealed that irradiation induced a sharp decrease in microvascular density and CD34 mRNA levels.
[image: Figure 2]FIGURE 2 | Irradiation (IR) induced destruction of the microvasculature and tissue loss. (A) Representative images showing H&E staining, (B) a morphological comparison at 4 weeks after IR and (C) a comparison of the graft volume ratio. Images from 6 representative random fields are shown. The scale bars represent 200 µm except for the scale bar of 1 W in (A), which represents 50 µm. (D) Graft sections were stained for CD34 for IHC analysis. Six samples per group were examined, and representative images are shown (scale bar represents 200 μm). (E) Comparison of the CD34 levels in the two groups of grafts. Data from 3 experiments were combined and are presented as the mean ± SD; n = 6; ****, p < 0.001.
Irradiation destroyed the internal structure of KS tissues, but FAP+ and vimentin + tissues were quickly restored
Fibroblasts are thought to play a key role in fibrogenesis in KSs. FAP is a plasma membrane-localized protease associated with the development of KSs (Dienus et al., 2010). To determine whether irradiation could promote the expression of FAP in graft tissue, histological analysis was performed. As shown in Figure 3A, the electron beam significantly increased the FAP level compared to that in the control graft after irradiation. This result was consistent with the mRNA level of FAP (Figure 3B). Increased levels of vimentin were reported to serve as a mesenchymal marker, and the frequency of vimentin + epidermal cells was found to be higher in KSs and keloid microvessels than in normal skin (Yan et al., 2015; Hahn et al., 2016). Therefore, we observed changes in vimentin expression in the grafts after irradiation. Surprisingly, the change in vimentin expression beginning in the second week after irradiation was dramatically reversed (Figures 3C,D). These results suggest that irradiation damaged FAP+ and vimentin + tissue in the grafts but that the levels of both molecules were significantly restored over 3 weeks. This finding is consistent with the observed changes in graft volume after irradiation (Figure 2B).
[image: Figure 3]FIGURE 3 | Radiation-resistant tissue was quickly restored, with increased FAP and vimentin expression. (A–C) Graft sections were stained for FAP and vimentin for IHC analysis. The scale bar represents 200 µm. (B–D) Comparison of the mRNA levels of FAP and vimentin between the two groups of grafts. Data from 3 experiments were combined and are presented as the mean ± SD. n = 6; **, p < 0.01; ****, p < 0.001.
Irradiation significantly upregulated cell cycle regulators
To clarify the effects of transplantation and irradiation on KSs, we compared the transcriptome activity of nonimplanted KS tissue with that of KS tissue at 4 weeks after transplantation (Figure 4A) and 4 weeks after irradiation (Figure 4B). Compared to the control, in our PDX model, only 169 genes were upregulated, and 176 genes were downregulated, despite the 4-week experimental period (Figure 4A insert). However, irradiation induced a large change in expression, with 2831 genes upregulated and 2758 genes downregulated compared to their expression in the PDX model (Figure 4B, insert). Moreover, KEGG analysis revealed that the expression of cell cycle regulators was significantly increased by irradiation. Furthermore, the mRNA expressions were compared for the key cell cycle inhibitors (cyclin-dependent kinase (CDK) inhibitors, CKIs) p21, p53 and p16, which are known tumor suppressor proteins that are upregulated in irradiated tissue (Aratani et al., 2018). Consistent with the immunohistochemistry (IHC) results (Figure 3), expression of the CKIs p53, p21 and p16 after 4 weeks was significantly reduced by irradiation compared with that in the control (Figures 4C–E). Interestingly, the expression of p53, the primary guardian of the DNA damage response, was significantly upregulated 1 week after irradiation compared with that in the control group but sharply downregulated 1 week later (Figure 3B). On the other hand, irradiation significantly increased the level of Cyclin D1 (Figure 4F), a cell cycle promoter that regulates cell cycle progression by phosphorylating CDK4/6 to inhibit retinoblastoma (Connell-Crowley et al., 1997). Taken together, these results suggested that radiation-resistant tissue (some of which may be positive for FAP) among KS tissue may cause KS recurrence due to irradiation.
[image: Figure 4]FIGURE 4 | Irradiation (IR) promoted cell cycle regulator expression in radiation-resistant tissue. RNA-seq analysis of nonimplanted KS tissue compared with unirradiated tissue at 4 weeks after implantation (A) and irradiated tissue at 4 weeks after irradiation (B). The insert from the volcano map indicates the number of gene alterations. The columns are KEGG pathways, and the spots are the number of genes. Green indicates downregulation, and red indicates upregulation. The red arrow indicates the cell cycle pathway. Shown are the mRNA levels (mean ± SD; n = 6) of the CKIs p21/p53/p16 (C–E) and the promoter Cyclin D1 (F). Data from three experiments with essentially the same results were combined and are presented as the mean ± SD; n = 6; *, p < 0.05; ***, p < 0.005; ****, p < 0.001.
FAP + keloid fibroblasts (KFs) promoted cell cycle regulator expression in radiation-resistant tissue with increased energy production
Our data indicated that FAP + tissue could be quickly restored in vivo. To investigate whether irradiation could induce FAP + cell proliferation, primary KFs were isolated from patient excisions and irradiated with 10 Gy electron beam therapy. Vimentin, a fibroblast biomarker, is also known as fibroblast intermediate filament in non-muscle cells. The flow cytometry data revealed that the isolated primary KFs were 99.5% vimentin positive. Surprisingly, radiation induced a significant increase in the FAP + KF population; the FAP + KF percentage in the irradiation group was 82.1%, while that in the non-irradiation group was 0.39% (Figure 5A). To determine the role of FAP in radiation-induced senescence, the FAP + KFs were sorted, and senescence-associated β-galactosidase (SA-β-gal) activity was measured at 72 h after irradiation. Irradiation clearly increased the percentages of SA-β-gal + cells among both types of KFs; however, the increase was markedly smaller in the FAP + group than in the FAP- group, and the percentage of SA-β-gal + cells was significantly lower in the FAP + group than in the FAP- group (Figures 5B,C). Although the numbers of viable cells were comparable between nonirradiated and irradiated KF cultures at 0 h, the irradiated cultures thereafter yielded significantly more viable cells (Figure 5D). The observation of rapid recurrence with increased FAP expression and cell proliferation after irradiation suggests the need for an adequate energy supply. Adenosine triphosphate (ATP), the most common cellular energy currency of intermediate metabolism, is used to sustain various cellular functions such as anabolic synthesis, molecular transport, cell motility, and cell proliferation. Thus, ATP levels were measured to compare FAP+ and FAP- KF cell viability (Figure 5E). FAP + KFs had significantly higher ATP concentrations and showed a significantly greater rate of ATP production from glycolysis (393.1 vs. 314.8 pmol/min) and mitochondrial oxidative phosphorylation than FAP- KFs (439.8 vs. 337.5 pmol/min). Taken together, our results demonstrate a strong association between FAP + KF abundance and radiation resistance through cell cycle progression and increased energy production.
[image: Figure 5]FIGURE 5 | Irradiation (IR) promoted FAP + KF proliferation and inhibited senescence, accompanied by high energy production. In vitro, primary KFs with or without IR treatment were analyzed by anti-hFAP and anti-hVimentin antibody staining (A). Representative images of SA-β-gal staining (B); senescent cells are stained green, scale bar = 100 μm. The percentage of senescent cells in FAP- versus FAP + KFs at 72 h after IR (C). Data are representative of three independent samples and are presented as the mean ± SD; n = 6; ****, p < 0.001. IR promoted FAP + KF proliferation (D) and increased intracellular ATP production (E). Data from three experiments with essentially the same results were combined and are presented as the mean ± SD; n = 3; *, p < 0.05; **, p < 0.01; ****, p < 0.001.
DISCUSSION
Keloid, a fibroproliferative disease and physiological phenomenon unique to humans, can occur in genetically susceptible individuals (Brown and Bayat, 2009). Thus, because keloid is unique to humans, it is difficult to conduct in vivo studies through the use of animal models. Fortunately, the development of immunodeficient mice strains might provide a novel approach to investigate the pathological progression of KSs in vivo by establishing reliable patient-derived KS xenografts models that remain viable for several weeks to months after transplantation (Marttala et al., 2016; Shultz et al., 2007). In this study, we established a PDX model of human-derived KS tissue by using NCG mice, and the graft successfully survived in vivo for as long as 20 weeks. Although significant tissue loss was observed over time, all grafts retained their original histotypic and morphological characteristics for 20 weeks, providing a sufficiently long window to investigate preclinical therapies and molecular mechanisms.
Numerous studies have shown the favorable effects of electron beam radiotherapy for keloid treatment. For example, recent data revealed that surgical excision followed by electron beam radiation provides excellent local control of keloids and reduces the recurrence rate to 8.6% (Wang et al., 2020), while the recurrent rate for traditional keloid surgery alone is up to 45–100% (Lee and Jang, 2018). Regarding optimal irradiation timing, most studies recommended electron beam radiotherapy as an adjuvant therapy within 24–48 h after keloid revision surgery (Ogawa et al., 2003). Mechanistically, the fibroblasts that dominated the incisional granulation tissue at this time were found to be sensitive to irradiation. Therefore, this radiotherapy strategy can effectively suppress the cell proliferation and division of fibroblasts and reduce collagen deposition. However, no consensus for the optimal irradiation dose and fraction regimen has been reached. In previous studies, keloid treatment has tended to involve postoperative irradiation with a dose of 12–20 Gy over 3–5 fractions (Renz et al., 2018), (Bischof et al., 2007). Herein, radiation with 20 Gy over 5 fractions was confirmed to yield superior local control compared to the control achieved with lower-dose regimens (Renz et al., 2018). Recently, emerging studies have demonstrated that the use of hypofractionated postoperative radiotherapy with a high-energy electron beam for keloids is an excellent strategy and that initiating radiotherapy as soon as possible after surgery could improve the therapeutic regimen (Shen et al., 2015). Adjuvant single-fraction radiotherapy with a dose of 8–10 Gy from an electron beam was also confirmed to be effective and safe for treating keloids (Song et al., 2014), (Sruthi et al., 2018). Concerning unresectable keloids, previous data have demonstrated that radical radiotherapy can achieve satisfactory and similar efficacy (Malaker et al., 2004). As a result, postsurgical radiotherapy has become the most widely accepted method for the treatment of keloids.
Here, we attempted to irradiate our PDX model of human-derived KS tissue with an electron beam. The results revealed that irradiation quickly destroyed the neovascular system of the graft and significantly reduced levels of the KS-related factors FAP and vimentin (Figures 2, 3). Interestingly, similar changes in graft volume and in FAP and vimentin were observed, and KS relapse was accompanied by restored FAP and vimentin expression. FAP, a proline-selective serine protease, is overexpressed in hypertrophic/KS tissue and the tumor stroma (cancer/tumor-associated fibroblasts, CAFs/TAFs) but undetectable in most normal adult tissues (Kalluri and Zeisberg, 2006; Spaeth et al., 2009). FAP plays an important role in ECM remodeling via its serine protease activity (Kennedy et al., 2009). Tumor relapse is usually caused by radiation resistance, which is determined by both the intrinsic characteristics and external microenvironment of cancer cells (Wang et al., 2017; Wang et al., 2005). Accumulating evidence has revealed that FAP + CAFs might provide a more immunosuppressive microenvironment to resist damage from immunocytes/radiotherapy/chemotherapy, resulting in increased tumor survival (Yang et al., 2016; Lindner et al., 2018; Ansems and Span, 2020). Moreover, a similar result from a transplanted tumor model demonstrated that FAP + stromal cells could facilitate immunosuppression via ablation of T cell antitumor activity (Kraman et al., 2010). However, the mechanism of induction of FAP expression remains unclear. Here, our data revealed that irradiation by electron beam could promote the FAP level in vitro and in vitro for the first time, and the reduction of FAP + tissue in the control group was positively correlated with tissue loss (Figure 3A), while the rebound of FAP + tissue in the irradiated group was also proportional to graft volume. In addition, our transcriptome experiments revealed that irradiation significantly enhanced translational activity in the irradiated grafts, including the translation of cell cycle regulators. Cyclin D1 plays a key role in regulating the G1/S transition by activating CDKs, whereas CKIs, such as p21 and p16, inhibit the cyclin/CDK complex kinase activity. Our data revealed that irradiation promoted cell cycle progression in FAP + cells, accompanied by upregulation of Cyclin D1 and downregulation of the CKIs p53, p21 and p16. In this study, we discovered that the induction of FAP expression by electron beam only in the primary human keloid derived fibroblast, we also attempted to detect radiation-induced FAP expression in mouse fibroblast cell line, but the cell line displayed a poor radio-sensitivity (data not shown). The role of enzymatic activity and ablation of FAP in recurrence of KS will be further investigated.
Taken together, our findings revealed a prominent expression of FAP in KS recurrence after surgical resection and radiation therapy, indicating that irradiation might enhance FAP + cell abundance, which was associated with cell proliferation and delayed cellular senescence, accompanied by ATP production.
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Background

Hypoxia and angiogenesis, as prominent characteristics of malignant tumors, are implicated in the progression of hepatocellular carcinoma (HCC). However, the role of hypoxia in the angiogenesis of liver cancer is unclear. Therefore, we explored the regulatory mechanisms of hypoxia-related angiogenic genes (HRAGs) and the relationship between these genes and the prognosis of HCC.



Methods

The transcriptomic and clinical data of HCC samples were downloaded from public datasets, followed by identification of hypoxia- and angiogenesis-related genes in the database. A gene signature model was constructed based on univariate and multivariate Cox regression analyses, and validated in independent cohorts. Kaplan-Meier survival and time-dependent receiver operating characteristic (ROC) curves were generated to evaluate the model’s predictive capability. Gene set enrichment analysis (GSEA) was performed to explore signaling pathways regulated by the gene signature. Furthermore, the relationships among gene signature, immune status, and response to anti-angiogenesis agents and immune checkpoint blockade (ICB) were analyzed.



Results

The prognostic model was based on three HRAGs (ANGPT2, SERPINE1 and SPP1). The model accurately predicted that low-risk patients would have longer overall survival than high-risk patients, consistent with findings in other cohorts. GSEA indicated that high-risk group membership was significantly associated with hypoxia, angiogenesis, the epithelial-mesenchymal transition, and activity in immune-related pathways. The high-risk group also had more immunosuppressive cells and higher expression of immune checkpoints such as PD-1 and PD-L1. Conversely, the low-risk group had a better response to anti-angiogenesis and ICB therapy.



Conclusions

The gene signature based on HRAGs was predictive of prognosis and provided an immunological perspective that will facilitate the development of personalized therapies.
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Introduction

Globally, liver cancer was the sixth-most common cancer (accounting for 4.5% of all new tumors) and the third leading cause of cancer-related death (accounting for over 8.3% of all such deaths) in 2020 (1). Among the primary types of liver cancer, hepatocellular carcinoma (HCC) accounts for approximately 75–85% of all cases, and the 5-year survival rate of HCC in China is only 14.1% (1, 2). Ablative therapies, transarterial chemoembolization (TACE), and surgery are routine treatments for HCC (3). Because of the complex etiology and high heterogeneity of HCC, its treatments and prognosis are unsatisfactory, and prognosis prediction is challenging (4–6). To improve prognosis, identifying biomarkers for treatment and prognostic prediction of HCC is critical.

Due to tumor neovascularization and high metabolism, hypoxia is present in approximately half of solid tumors, including HCC (7–10). Hypoxia promotes tumor cell proliferation and tumor progression by initiating multiple adaptive behaviors, such as angiogenesis, proliferation, and invasion. Hypoxia reconstructs the tumor immune microenvironment (TIM) by promoting the recruitment of innate immune cells, and interfering with the differentiation and function of adaptive immune cells (11–13). As a solid tumor rich in blood vessels, tumor-driven hypoxia increases the expression of proangiogenic factors leading to abnormal vascular proliferation of HCC, which contributes to tumor growth, invasion, metastasis, and immunosuppression. Tumor susceptibility to angiogenesis has been a hot spot of research recently, and targeted drugs are in clinical use (14, 15). During cancer progression, several proangiogenic cytokines—such as vascular endothelial growth factor A (VEGFA), fibroblast growth factor (FGF) and hypoxia inducible factor-1 (HIF-1)—which contribute to neovasculature sprouting and formation in the tumor microenvironment (TME), are implicated in immune TME remodeling and direct or indirect immune cell regulation (16–18). Nevertheless, the role of hypoxia in liver cancer angiogenesis is unclear. Closely related to angiogenesis, hypoxia regulates a series of genes involved in tumor angiogenesis, leading to the epithelial-mesenchymal transition (EMT) and immune escape, rendering tumor cells more tolerant to the hypoxic microenvironment, and enhancing their proliferation, metastasis, and invasion. Therefore, we analyzed the effect of angiogenesis-related genes under hypoxic conditions on the survival and immune microenvironment of HCC.

We first downloaded mRNA expression profiles and the corresponding clinical data of patients with HCC from public databases. Second, we constructed a prognostic multigene signature based on hypoxia-related angiogenic genes (HRAGs) in The Cancer Genome Atlas (TCGA) cohort, and validated it in an independent cohort. Third, we performed functional enrichment analysis and immune infiltration, as well as anti-angiogenesis and immune checkpoint blockade (ICB) therapy response predictions, to provide guidance for precise and effective HCC treatment.



Materials and methods


Patients and datasets

The mRNA expression profiles and corresponding clinical information of HCC patients were obtained from The Cancer Genome Atlas-Liver Hepatocellular Carcinoma dataset (TCGA-LIHC, https://portal.gdc.cancer.gov/, 370 HCC and 50 normal tissue samples), International Cancer Genome Consortium (ICGC, https://dcc.icgc.org/projects/LIRI-JP, 229 HCC tissue samples), and Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE14520, 220 HCC tissue samples). The inclusion criteria for the follow-up analysis were HCC confirmed by pathology, available RNA expression data, and complete clinical data (> 30 days of follow-up). In total, 337 hypoxia-related genes (HRGs) and 201 angiogenesis-related genes (ARGs) were acquired by gene set enrichment analysis (GSEA) (hallmark-hypoxia or hallmark-angiogenesis), as well as from the GeneCards database (using the terms hypoxia and angiogenesis; relevance scores > 4) and from previous reports.



Development and validation of a prognostic gene signature

The R package limma was used to identify differentially expressed genes (DEGs) between tumor tissues and adjacent nontumorous tissues, according to the criteria of | log 2 (fold-change) | > 1 and false discovery rate (FDR)< 0.05. Next, hypoxia-related angiogenic DEGs (HRAGs) were identified. The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional annotations of these HRAGs were analyzed and visualized using the R package clusterProfiler.

Univariate Cox regression analysis was performed using the R package survival to determine the prognostic value of the DEGs for OS; P< 0.05 was considered statistically significant. An interaction network for the prognostic DEGs was generated using the STRING database (https://www.string-db.org/) and entered into a stepwise multivariate Cox regression analysis to identify covariates with independent prognostic value for OS. The risk score was based on the expression of predictive genes and the multivariate Cox regression risk model coefficients, and was calculated as follows:

	

Based on the median risk score or optimal cut-off value, HCC patients were divided into high- and low-risk groups. A Kaplan–Meier (K-M) survival analysis was performed to compare the high- and low-risk groups according to predictive signatures. The utility of prognostic prediction models was evaluated by calculating the areas under the curve (AUC) values of the receiver operator characteristic (ROC) curve using the R package survivalROC. Principal component analysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE) were used to examine the clustering of the signature genes with the prcomp function of the R package stats and Rtsne. The ICGC and GSE14520 cohorts were analyzed to verify the results.



Prognostic value of the gene signature and construction of a predictive nomogram

Univariate and multivariate Cox regression analyses were performed to identify factors independently associated with OS in the TCGA cohort. To predict the survival of HCC patients, a nomogram was established based on the risk score and other clinical parameters. Calibration curve and time-dependent ROC analyses were performed to assess the accuracy of the nomogram. The nomogram and calibration curves were plotted using the R package rms.



Molecular characteristics and biological function analysis

GSEA of the MSigDB Collection (h.all.v7.4.symbols.gmt) was performed using GSEA software (version 4.1.0) to detect the set of genes expressed difference between the high- and low-risk groups. For each analysis, 1,000 gene set permutations were performed.



Estimation of tumor immune microenvironment

xCell (https://xcell.ucsf.edu/), which is based on a deconvolution algorithm, was used to infer immune cell infiltration from RNA-sequencing data. The infiltration scores of 17 immune cells and activities of 13 immune-related pathways were evaluated by single sample gene set enrichment analysis (ssGSEA) using the R package gsva. The normalized gene expression data of the TCGA and ICGC cohorts were uploaded into Sangerbox tools (http://www.sangerbox.com/tool) for bioinformatics analysis. Next, infiltration of cancer-associated fibroblasts (CAFs) was estimated using the MCPcounter and EPIC algorithms.



Anti-angiogenesis and ICB therapy response prediction and validation

Sensitivity and resistance to anti-angiogenesis drugs were evaluated using the R package pRRophetic. ImmuCellAI was used to predict the response to Immune checkpoint blockade (ICB) therapy (http://bioinfo.life.hust.edu.cn/ImmuCellAI#!/) (19). Immunohistochemical staining was performed as described previously. Briefly, HCC sample slides were deparaffinized and dehydrated by serial immersion in xylene, ethanol, and distilled water. Antigen retrieval was performed using citrate buffer (10 mM, pH 9.0) in a microwave on medium power. After blocking with goat serum at room temperature for 1 h, the tissues were sequentially incubated with an anti-secreted phosphoprotein-1 (SPP1) antibody (1:100, 22952-1-AP; Proteintech, Rosemont, IL, USA) at 4°C overnight and a secondary antibody at room temperature for 1 hour. A slide scanner (3DHistech Ltd., Budapest, Hungary) was used to capture images. Staining intensity, expressed as the H-score (range: 0–300) was automatically quantified using Pannoramic Viewer software (3DHistech Ltd.). Approval was obtained from the Institutional Review Boards of the Research Institute and Hospital National Cancer Center and The First Affiliated Hospital, Sun Yat-Sen University.



Statistical analysis

Data management and statistical analysis were conducted using R (version 4.1.0; R Development Core Team, Vienna, Austria) and GraphPad Prism software (version 8.3.0; GraphPad Software Inc., San Diego, CA, USA). Student’s t-test or the Wilcoxon rank-sum test was used to compare gene expression between two groups. The chi-squared test was used to compare differences in proportions. Survival curves were plotted using the K-M method and compared by log-rank test. A value of P< 0.05 was taken to indicate statistical significance.




Results


Datasets

The study flow chart is shown in Figure 1. A total of 343 HCC patients from TCGA cohort, 229 from the ICGC cohort, and 220 from the GSE14520 cohort were included in this study. The clinical characteristics of the patients are listed in Supplementary Table S1.




Figure 1 | Flow chart of data collection and analysis.





Identification of prognostic hypoxia-related angiogenic genes in the TCGA dataset

DEGs analysis of the 374 HCC samples and 50 normal liver samples from TCGA revealed 21 differentially expressed HRAGs (Figures 2A–C). GO and KEGG enrichment and functional analysis showed that these genes were enriched in epithelial cell migration, chemotaxis, PI3K-Akt signaling pathway, focal adhesion, MAPK signaling pathway, and HIF-1 signaling pathway (Figures 2D, E). The HRAGs were related to cancer proliferation and invasion. Univariate Cox regression analysis showed that nine prognostic HRAGs significantly correlated with OS were risk factors for a poor prognosis of HCC (Figure 3A). PPI and gene correlation networks suggested connections among the prognostic genes (Figures 3B, C).




Figure 2 | Screening and enrichment analysis of hypoxia-related angiogenesis genes. (A) Venn diagram of 21 differentially expressed HRAGs in the TCGA cohort. (B) Deviation plot and (C) heatmap of 21 differentially expressed HRAGs in HCC and noncancerous tissues. (D) GO (E) and KEGG analyses revealed the most significantly enriched biological functions and pathways of the overlapping differentially expressed HRAGs.






Figure 3 | Identification of candidate genes related to the prognosis of HCC. (A) Forest plots of univariate Cox regression analysis of gene expression and OS in the TCGA cohort. (B) Protein–protein interaction (PPI) network and (C) correlated regulation network of prognostic HRAGs. (D) Correlation analysis of three model HRAGs from GeneMANIA.





Construction and validation of the prognostic model

Three of the nine prognostic HRAGs were used to construct a prognostic predictive model. The corresponding coefficients and gene expression levels were used to calculate the risk score as follows: (0.389932838 × expression level of ANGPT2 + 0.108256217 × expression level of SERPINE1 + 0.121709881 × expression level of SPP1). Patients in the TCGA, ICGC, and GSE14520 datasets were divided into high- and low-risk groups based on the median risk score or optimal cut-off value. Interestingly, K-M survival curves based on the three genes showed that the predicted OS of the low-expression group was significantly longer than that of the high-expression group (Supplementary Figure S1). A PPI network was generated based on coexpression information for the three candidate genes from the GeneMANIA database (http://genemania.org/) (Figure 3D). The expression of prognostic genes and risk scores were significantly higher for tumor stage III/IV compared with stage I/II patients (Supplementary Figure S2). Therefore, a higher risk score is associated with more malignant HCC.

Furthermore, the high-risk group membership was significantly associated with higher tumor grade and advanced tumor, node, metastasis (TNM) stage (Table 1). Patients with a high risk score had a higher mortality rate, shorter OS, and higher expression of the three model genes (Figure 4A). K-M survival curves indicated significantly longer survival time of the low-risk group, including OS (Figure 4B) and disease-free survival (DFS) (Supplementary Figure S3), compared to the high-risk group. The AUC of the time-dependent ROC curves was 0.783 at 0.5 years, 0.746 at 1 year, 0.733 at 1.5 years, 0.668 at 2 years, 0.648 at 3 years, and 0.669 at 5 years (Figure 4C). PCA (Figure 4D) and t-SNE (Figure 4E) confirmed risk profile differences between the two groups. To test the robustness of the gene signature model constructed based on the TCGA cohort, patients from the ICGC and GSE14520 cohorts were categorized into high- and low-risk groups according to the optimal cut-off value. The results for the ICGC (Figures 4G–J) and GSE14520 cohort (Supplementary Figure S4) were similar to those of TCGA cohort. Therefore, the prognostic model was predictive of the prognosis and progression of HCC.


Table 1 | Baseline characteristics of the patients in different risk groups of three cohorts.






Figure 4 | Survival analysis of HCC patients in the TCGA training and ICGC validation datasets. (A, B) Risk score distribution, survival status, and heatmap of the expression of the three HRAGs in the high- and low-risk groups in the training and validation cohorts. (B, G) Kaplan-Meier OS curve. (C, H) AUCs of time-dependent ROC curves. PCA (D, I) and t-SNE (E, J) analysis confirmed the clustering of the three genes comprising the HRAG signature. (A–E) TCGA cohort; (F–J) ICGC cohort.





Prognostic value of the gene signature

Univariate and multivariate Cox regression analyses showed that TNM stage and risk score were significantly associated with the prognosis of HCC in the TCGA cohort (Figures 5A, B). ROC curve analysis showed that the risk score was better for predicting prognosis than the other clinicopathological factors (Figure 5C). The risk scores and clinicopathological factors of 343 HCC patients with complete clinical information were used to create a prognostic nomogram for predicting survival (Figure 5D). The calibration curves of the prognostic nomogram showed good consistency between the predicted and actual 1-, 2-, 3-, and 5-year survival rates in the TCGA cohort (Figure 5E). The nomogram AUCs of the predicted 1-, 2-, 3-, and 5-year OS were 0.777, 0.712, 0.721, and 0.728, respectively (Figure 5F).




Figure 5 | Independent prognostic power of the three genes comprising the signature in the TCGA cohort. (A) Univariate and (B) multivariate Cox regression analyses of the associations of the risk index (RI) and clinical parameters with OS. (C) ROC curve of the prognostic utility of the risk score, age, gender, grade, and TNM stage. (D) Nomogram for predicting 1-, 2-, 3-, and 5-year survival. (E) Calibration curves of the nomogram showed consistency in the predicted and observed 1-, 2-, 3-, and 5-year survival rates. (F) ROC curve analysis of the nomogram for 1-, 2-, 3-, and 5-year OS.





Molecular characteristics and biological function analysis

GSEA analysis revealed that high-risk group membership was significantly associated with angiogenesis, EMT, glycolysis and hypoxia. The immune-related pathways IL2/STAT5 and IL6/JAK/STAT3, as well as the inflammatory response, interferon (IFN)-γ/response and tumor necrosis factor (TNF)-α signaling via NFKB were significantly enriched in the high-risk group (P< 0.05, FDR< 0.25) (Figure 6).




Figure 6 | Molecular characteristics and biological function analysis. (A, B) Gene set enrichment analysis of biological functions and pathways in the risk score groups (P< 0.05, FDR< 0.25).





Tumor immune microenvironment analysis

xCell was used to evaluate the proportions of infiltrating immune cells. Patients in the high-risk group had higher proportions of macrophages and T regulatory cells (Tregs) than those in the low-risk group, but there was no difference in the proportions of other immune cell types (Supplementary Figures S5A, B). Next, the enrichment scores of immune cell subpopulations, related functions, and pathways were calculated by ssGSEA (Figure 7). Interestingly, dendritic cells (DCs), antigen-presenting cells (APCs), human leukocyte antigen (HLA), and major histocompatibility complex class I (MHC class I), which are involved in antigen presentation, were significantly elevated in the high-risk group. Furthermore, the activities of cytokine-cytokine receptors and immune checkpoints, and the enrichment scores for macrophages, myeloid-derived suppressor cells (MDSCs), and Tregs in the high-risk group were higher than in the low-risk group, whereas the type II IFN response showed the opposite trend. The risk score was significantly positively correlated with the proportion of cancer-associated fibroblasts (CAFs). The expression of immunosuppressive genes in the high-risk group was higher than in the low-risk group, in both the TCGA and ICGC cohorts (Supplementary Figures S5C, E). The expression of the pro-angiogenic factors, VEGFA and VEGFB, was significantly upregulated in the high-risk group (Figure S5D, F). However, there was no difference in the tumor mutation burden (TMB) or microsatellite instability (MSI) score (Supplementary Figures S5G, H). Therefore, the TME of patients in the high-risk group is in an immunosuppressive state.




Figure 7 | Tumor immune microenvironment analysis. (A, E) ssGSEA scores of 17 immune cells and 13 immune-related functions. ns: not significant; *P< 0.05; **P< 0.01; ***P< 0.001. (B, F) Spearman’s rank correlation analysis between risk score and immune checkpoints, macrophages, MDSCs, Tregs, and type II IFN response. (C, D, G, H) Spearman’s rank correlation analysis between risk score and CAFs according to the (C, G) EPIC and (D, H) MCPcounter algorithms. (A–D) TCGA cohort; (E–H) ICGC cohort.





Prediction and validation of the anti-angiogenesis and ICB responses

As shown in Figure 8A, the estimated IC50 showed that the low-risk group in both cohorts had a better response to sorafenib (P< 0.05). ImmuCellAI showed that the response rate to ICB therapy was higher in the group with a lower risk score (Figure 8B). The correlation heatmap indicated that SPP1 expression was most relevant to the risk score, and thus has great potential for predicting the response to anti-angiogenesis and ICB therapy (Figure 8C). Next, 19 Barcelona Clinic Liver Cancer (BCLC) C stage-HCC samples subjected to anti-angiogenesis treatment and immunotherapy after resection were further subjected to IHC staining. Follow-up information was collected from January 2015 to April 2022. Based on the H-scores, we divided the 19 patients into high- and low-expression groups. Representative immunohistochemically stained images are shown in Figure 8D. K-M curves showed that the OS of the low-expression group was trend longer than that of the high-expression group though not statistically significant (P = 0.1519, Figure 8E). In summary, the gene signature was predictive of the response to anti-angiogenesis treatment and ICB therapy.




Figure 8 | Therapeutic response prediction and immunohistochemistry of SPP1. (A) Sensitivity to sorafenib by risk group. (B) Response rate to ICB therapy. (C) Heatmap showing the correlation between risk score and the three model genes. (D) Representative immunohistochemically stained images of HCC tissues showing SPP1 expression (upper, 5.0×; lower, 20.0×). (E) K-M OS curves of 19 HCC patients with different SPP1 levels.






Discussion

Predicting the effect of HCC treatment is challenging due to the paucity of useful biomarkers. The American Joint Committee on Cancer (AJCC) TNM staging system has long been considered reliable for predicting the prognosis of patients with HCC. However, it is based on macroscopic information, which does not reflect the biological features and heterogeneity of HCC. Integration of prognostic gene signatures and traditional parameters has advantages for predicting the prognosis of HCC. The importance of predicting the prognosis of HCC and administering treatments in a timely manner highlights the need to identify robust prognostic biomarkers for risk stratification.

Few studies have focused on the predictive value of hypoxia- or angiogenesis-related signatures. The complex regulatory mechanisms and effects of hypoxia-related angiogenesis genes (HRAGs) give rise to an ambiguous relationship with the prognosis of HCC. To our knowledge, this study is the first to develop a novel scoring system based on HRAGs. We investigated the expression of HRAGs in HCC tumor tissues, and their associations with survival, and constructed a novel prognostic model based on three HRAGs (ANGPT2, SERPINE1, and SPP1) to stratify HCC patients according to their estimated survival. The prognostic model showed good predictive power in both the training cohort and two external validation cohorts. Univariate and multivariate Cox regression analyses revealed the independent prognostic value of the three genes comprising the gene signature. A nomogram showed that the gene signature was predictive of 1-, 2-, 3-, and 5-year OS, and so may be useful when planning short-term follow-up. However, only three databases were used in this study, and the signature needs to be validated in an independent cohort.

The prognostic gene signature comprised three HRAGs (ANGPT2, SERPINE1, and SPP1). ANGPT2, which belongs to the angiopoietin family, is highly expressed in diverse tumor cells, and is implicated in tumor angiogenesis and inflammation (20, 21). ANGPT2 is highly expressed in, and closely related to, the development and prognosis of, HCC (15, 22). Increased expression of plasminogen activator inhibitor type 1 (also known as SERPINE1) was associated with tumor cell migration and invasion via activation of the PI3K-Akt pathway (23, 24). High expression of SERPINE1 in cancer tissues predicts a poor clinical outcome. In this study, SERPINE1 expression was lower in HCC tumor tissues than adjacent normal tissues in the TCGA dataset (Figure 2), possibly because of the different roles SERPINE1 in tumor and normal tissues. SPP1, also called osteopontin, is an arginine-glycine-aspartate-containing phosphoprotein that is overexpressed in many cancers, including lung adenocarcinoma and HCC, and serves as a prognostic biomarker (25–27). SPP1 is involved in tumor immunosuppression and affects the TME (28). The expression of the three prognostic model genes, and the risk score, increased with increasing tumor stage, suggesting that they correlate with tumor malignancy and progression (Supplementary Figure S2).

To identify the pathway involved in hypoxia-related angiogenesis, HCC patients were divided into two groups according to the median risk score calculated by GSEA. Biological function analysis revealed greater activity not only in hypoxia- and angiogenesis-related pathways, but also in the EMT pathway (Figure 6). The EMT is a process of phenotypic plasticity that has roles in organ development, wound healing, tumor progression, and the response to therapeutics (29). Our findings suggest that HRAGs promote HCC progression by regulating the EMT pathway.

Because of its importance for immunotherapy and, potentially, precision therapy, the TME is a focus of research (30). In terms of predictive biomarkers, our high-risk group had higher proportions of macrophages, Tregs, and MDSCs (Figure 7). Higher proportions of tumor-associated macrophages and Tregs are associated with a poor prognosis of HCC (31). In addition, impairment of the type II IFN response and increased infiltration of MDSCs, Tregs, and macrophages, as in the high-risk group, is implicated in tumor immunological escape and tolerance, and impairs the antitumor T-cell response in HCC (32–34). Furthermore, the risk score was positively related to the proportion of CAFs in HCC. As a critical component of the TME, CAFs contribute to immune evasion and immunotherapy failure, and promote the proliferation and invasion of tumors, including HCC, by secreting growth factors and cytokines (35–37). The immune-related pathways IL2/STAT5 and IL6/JAK/STAT3, as well as the inflammatory response, IFN-γ response, and TNFα signaling via NFκB, were significantly enriched in the high-risk group (Figure 6). Cancer cells may drive the expression of immune checkpoints via these immune-related pathways (38). The expression of immune-related checkpoints (PD-L1, LAG3, CTLA4, TIM3, and TIGIT) in our high-risk group was higher than in the low-risk group, but the MSI and TMB, which indirectly reflect the ability of a tumor to produce new antigens and predict the efficacy of immunotherapy for a variety of tumors, were not significantly different between the groups (Supplementary Figure S5). The expression of the pro-angiogenic factors VEGFA and VEGFB was significantly upregulated in the high-risk group in the ICGC and TCGA databases; these cytokines promote TME remodeling and directly or indirectly regulate immune cells (17). Therefore, in the high-risk group, anti-tumor immunity is probably attenuated; also, a high risk score may be correlated with immunosuppression in HCC, possibly explaining its poor prognosis. This may arise because the expression of angiogenesis-related genes under hypoxic conditions induces the production of myeloid suppressor cells, Tregs, and immunosuppression-related checkpoints, thereby disrupting the immune balance. In summary, tumor-driven hypoxia related angiogenesis plays a crucial role in modulating the tumor immune microenvironment.

In view of the fact that angiogenesis plays a central role in immunosuppression and can lead to resistance to ICBs, there is growing evidence to support a strategy combining anti-angiogenesis and ICBs with promising clinical activity. Due to the encouraging efficacy and safety findings of the IMbrave150 trial for atezolizumab plus bevacizumab, this novel anti-angiogenesis combined with immunotherapy has become the first-line treatment for patients with unresectable HCC (39, 40). The combination therapy can render the TME conducive to immune cell function. However, because angiogenesis and the TME have multiple roles, the mechanism underlying the effect of anti-angiogenesis combined with immunotherapy on liver cancer is unclear.

Our findings suggest that HRAGs not only contribute to tumor growth, metastasis, progression, and poor prognosis, but also to the infiltration of immunosuppressive cells and high expression of immune checkpoints. This could explain why anti-angiogenesis combined with immunotherapy is effective for unresectable HCC. The anti-angiogenesis and ICB therapy response rate was higher in the low-risk group. And SPP1 expression was most relevant to the risk score. Previous studies have illustrated that tumor-driven hypoxia promotes the expression of SPP1, which in turn promotes tumor angiogenesis and immunosuppressive microenvironment (28, 41, 42). SPP1 may be considered as a general marker of cancer progression, would be valuable in combination with other biomarkers to guide patient stratification and treatment strategies, and would be an attractive therapeutic target due to its multiple roles in promoting tumor aggressiveness. Our present study interestingly found that the OS of the low-SPP1-expression group of HCC patients who received anti-angiogenesis combined with immunotherapy after resection was trend longer than that of the high-SPP1-expression group (Figure 8). These findings may aid the development of comprehensive therapeutic strategies for HCC.

This study also had some limitations. First, the gene signature model was constructed and validated based on retrospective data from public databases. Second, the small sample size hampered statistical analysis. Third, a further study should investigate the biological mechanisms underlying the signature.



Conclusion

A novel gene signature model and HRAGs-based prognostic biomarker were developed and validated in an independent cohort. The gene signature may help identify immune infiltration and predict sensitivity to anti-angiogenesis and immunotherapy, and the outcomes of HCC. The mechanism underlying the associations of HRAGs expression in HCC with the TME and sensitivity of anti-angiogenesis and immunotherapy are unclear, so further studies are needed.
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Clinical significance and biological functions of the ferroptosis pathway were addressed in all aspect of cancer regarding multi-omics level; however, the overall status of ferroptosis pathway alteration was hard to evaluate. The aim of this study is to comprehensively analyze the putative biological, pathological, and clinical functions of the ferroptosis pathway in breast cancer on a pathway level. By adopting the bioinformatic algorithm “pathifier”, we quantified five programmed cell death (PCD) pathways (KO04210 Apoptosis; KO04216 Ferroptosis; KO04217 Necroptosis; GO:0070269 Pyroptosis; GO:0048102 Autophagic cell death) in breast cancer patients, and we featured the clinical characteristics and prognostic value of each pathway in breast cancer and found significantly activated PCD in cancer patients, among which ferroptosis demonstrated a significant correlation with the prognosis of breast cancer. Correlation analysis between PCD pathways identified intra-tumor heterogeneity of breast cancer. Therefore, clustering of patients based on the status of PCD pathways was done. Comparisons between subgroups highlighted specifically activated ferroptosis in cluster 2 patients, which showed the distinct status of tumor immunity and microenvironment from other clusters, indicating putative correlations with ferroptosis. NDUFA13 was identified and selected as a putative biomarker for cluster 2 patients. Experimental validations were executed on cellular level and NDUFA13 showed an important role in regulating ferroptosis activation and can work as a biomarker for ferroptosis pathway status. In conclusion, the status of the ferroptosis pathway significantly correlated with the clinical outcomes and intra-tumor heterogeneity of breast cancer, and NDUFA13 expression was identified as a positive biomarker for ferroptosis pathway activation in breast cancer patients.




Keywords: programmed cell death, ferroptosis, tumor microenvironment, heterogeneity, NDUFA13



Introduction

Programmed cell death (PCD) has long-demonstrated significance in all aspect of life and keeps growing with the discovery of new functions and identification of new classifications (1). The newest subroutines were identified based on the molecular characteristics including apoptosis, necroptosis, pyroptosis, ferroptosis, entotic cell death, netotic cell death, parthanatos, lysosome-dependent cell death, autophagy-dependent cell death, alkaliptosis, and oxeiptosis, of which the molecular function and regulatory mechanism were summarized in a review done by Tang et al. (2).

Numerous reports were seen regarding the pathological alteration of PCD pathways in cancers. Several core genes were identified in the regulatory network of cell death. The caspases family plays a critical role in the regulation of cell death. PCD can be further categorized into two groups: caspase-dependent (e.g., apoptosis and pyroptosis) and caspase-independent (e.g., necroptosis, ferroptosis, parthanatos, alkaliptosis, and oxeiptosis) (3, 4). Studies focusing on the regulatory genes of PCD gave rise to the importance of each pathway in cancer; however, these studies can hardly reflect the overall status alteration of pathways. Quantifications of each pathways in patients were also rarely discussed.

The recent development of algorithms using sequencing data can transform gene-level data into pathway-level data. With considerations of regulatory information between genes, it can accurately reflect the status alteration of each pathway under different conditions and provide novel perspectives in the integration of multi-omics data on cancer (5, 6). Compared to R package “ssGSEA”, which was developed using the annotated gene list of pathways, “pathifier” demonstrated better accuracy in a context-specific manner, especially with novel pathways or self-defined gene lists (7, 8), and was widely used in cancer studies focusing on pathway-based evaluations of pathological effects and identifications of testable biomarkers (6, 9, 10).

To fully understand the characteristics of ferroptosis pathway in breast cancer, we calculated a pathway deregulation score (PDS) of five PCD pathways by adopting “pathifier”, a bioinformatic algorithm, using The Cancer Genome Atlas (TCGA) data. The aim of this study is to comprehensively analyze the putative biological, pathological, and clinical correlations of the ferroptosis pathway in breast cancer on a quantitative pathway level.



Materials and methods


Data accession

Expression data from TCGA breast invasive carcinoma (BRCA) dataset by RNA sequencing (RNAseq) (ployA+ IlluminaHiSeq, version 2017-10-13) and relative clinical phenotype information from TCGA Pan-Cancer (PANCAN) Clinical Data Resource (version 2019-12-06) were obtained from UCSC Xena data hub (https://xenabrowser.net/hub/). The expression value was shown as gene-level transcription estimates mean-normalized (per gene) across all TCGA cohorts [PANCAN normalized log2(norm_count+1)]. Four major clinical outcome endpoints were used as pre-described, namely, overall survival (OS), progression-free interval (PFI), disease-free interval (DFI), and disease-specific survival (DSS) (11). GTEx and TCGA PANCAN were also obtained from UCSC Xena data hub. Data from the Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) project and the MSK-IMPACT project were downloaded from the cBioPortal for Cancer Genomics (http://www.cbioportal.org/) and were used as independent external validation datasets (12–14).



Generation of pathway deregulation score

To evaluate the biological status of PCD pathways in breast cancer, R package “pathifier” was used to transform gene-level information into pathway-level information on the basis of expression data, generating a compact and biologically relevant PDS of each sample (8). PDS ranged from 0 to 1. Tumor samples that got a higher score than the normal sample were deemed highly deregulated, whereas tumor samples with the lower score indicated an inactive status of a certain pathway. A gene list of PCD pathways was extracted from the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) database (KO04210 Apoptosis; KO04216 Ferroptosis; KO04217 Necroptosis; GO:0070269 Pyroptosis; GO:0048102 Autophagic cell death). Each pathway was running for 1000 attempts with the minimal allowed standard deviation of 0.4. Illustration of clinical relevance was done with “pheatmap”.



Evaluation of clinical significance

Prognostic value regarding the four clinical outcome endpoints enrolled was done using univariate and multivariate Cox regression. For multivariate Cox regression, PDS was enrolled and forward stepwise regression was done with the ER/PR/HER2 status, age, and T/N/M stage treated as confounders. R package “survival” was used for survival analyses of PDS with best separation cutoffs selected using “survminer”. The minimal proportion of each group was no less than 10%. Further multivariance survival analyses and subgroup analyses were done as described and illustrated using “forestplot”. Hazard ratio (HR) and 95% confidence interval (95%CI) were shown in the forest plot. The Kaplan–Meier plotter (KMplot; http://www.kmplot.com/analysis) was used to evaluate the prognostic value of NDUFA13 in integrative breast patients on both RNA and protein levels. Distance metastasis-free survival was used as an endpoint.

To evaluate the predictive efficiency of PDS, R package “timeROC” was used to construct time-dependent ROC comparing survival data. Time points used include 0, 90, 180, 270, 365, 730, 1,095, 1,825, 2,920, 3,650, and 5,475 days. At each time points included, an AUC value was generated and compared across PCD pathways.

Decision curve analysis (DCA) was done to evaluate whether using the PDS of PCD pathways as prognostic factors would improve clinical decision-making for all decisions (15, 16). The “stdca.R” function was used to conduct DCA with prediction models compared to two default strategies: (1) assume that all patients are tested positive and therefore treat everyone (treat-all) or (2) assume that all patients are tested negative and offer treatment to no one (treat-none). Curves above the treat-none line and outdo treat-all line were deemed to gain benefit. The further assessment focused on the usefulness of the marker to identify patients with and without unnecessary treatment, and the net reduction plot was used to show the intervention avoided based on the prognostic value of the marker.



Clustering and principle components analysis (PCA)

Correlations between the PDS of PCD pathways were calculated and illustrated using R package “corrgram”. Each pathway was distributed diagonally, with the correlation scatter diagram in the lower left corner and the correlation coefficients in the upper right corner. Further illustrations with circos plot were done using “circlize” (17). All analyses were done using Spearman’s correlation tests.

Clustering of PDS of each PCD pathway was done with patients firstly being divided into “UP”, “DOWN”, and “NO CHANGE” groups using k.means, then clustered with ward.D. Illustrations were done using “pheatmap” and “ggplot2”. PCA was done using “ggord” and illustrated with “yyplot”.



Function enrichment

Clinical characteristics were compared between clusters using “pheatmap”. Differential expression analyses were done between groups to identify genes that significantly deregulated between clusters using limma (18, 19). For gene set enrichment analysis (GSEA), we predefined the gene rank by expressional correlations. The h.all.v7.4.symbols.gmt and c2.cp.kegg.v7.4.symbols.gmt subsets were used to evaluate the relevant pathways and molecular mechanisms. Based on the predetermined gene rank, the minimum gene set was set to 5, the maximum gene was set to 5000, and 1,000 times of re-sampling. P-value < 0.05 and FDR < 0.25 were considered statistically significant.



Characterizing of tumor microenvironment

To fully present the correlation between PCD pathways and anti-cancer immune response process, cancer immunity was analyzed using the online tool TIP (Tracking Tumor Immunophenotype, http://biocc.hrbmu.edu.cn/TIP/), which integrates “ssGSEA” and “CIBERSORT” for tracking, analyzing, and visualizing the status of the seven-step Cancer-Immunity Cycle using RNAseq data (20). Detailed tumor-infiltrating immune cells were further calculated and characterized with clinical information and previously published TCGA immune subtypes.

Immune cell clustering within subgroups was done to feature the relationship among immune cells in a certain population. Spearman’s correlations with P-value less than 0.0001 were left for clustering. Both k.means and hclust were used and integrated with recent studies to generate the final clustering results.



Selection of putative biomarkers

Exploration of putative biomarkers was first done with differentially expressed genes (DEGs). The calculation of DEGs was done using limma. Selection criteria were adjusted P-value < 0.05 and |log2FC| > 1. For DEGs meeting the criteria, ROC was done to calculate the AUC, and genes were further ranged by AUC. Top genes were illustrated in heatmap. Further construction of selective panels was done using Lasso regression. Internal tests were done with patients in TCGA-BRCA 1:1 randomly assigned as a training set and a test set. External independent validations were done in the METABRIC and MSK-IMPACT projects.



Cell lines

Human breast cancer cell lines MDA-MB-231, SK-BR-3, MDA-MB-468, T-47D, ZR-75-1, and MCF-7 were obtained from American Type Culture Collection (ATCC; Manassas, VA, USA) and cultured in Dulbecco’s modified Eagle’s medium (DMEM; Gibco, New York, USA) or Roswell Park Memorial Institute 1640 (RPMI; Gibco, New York, USA), as required, with 10% fetal bovine serum (FBS; Gibco, New York, USA), and 1% penicillin and streptomycin (Gibco, New York, USA). All cells were cultured in the humidified incubator at 37°C with 5% CO2.



Quantitative real-time polymerase chain reaction (qPCR)

MDA-MB-231 and ZR-75-1 cells were treated with DMSO or RSL3 (MedChemExpress, Monmouth Junction, NJ, USA; 10 μM) for 24 h. Total RNA was extracted through the RNA extraction kit (Promega, Beijing, China) and taken into reverse transcription using PrimeScript RT reagent Kit (Takara, Japan) to produce cDNA under the manufacturer’s instructions. qPCR was conducted with SYBR Premix Ex Taq II (Takara) and LightCycler480 system (Roche, Switzerland). GAPDH was utilized as reference. Primers for NDUFA13 were listed as follow: forward primer: 5′- GGCCCATCGACTACAAACGG-3′; reversed primer: reverse primer: 5′- CGCTCACGGTTCCACTTCATT-3′.



Reactive oxygen species evaluation

The intracellular level of reactive oxygen species (ROS) was quantified by a Reactive Oxygen Species Assay Kit (Beyotime, China). This kit contains 2’, 7’-dichlorofluorescein-diacetate (DCFH-DA), which is easily oxidized to fluorescent dichlorofluorescein (DCF) by intracellular ROS. Cells were seeded in six-well plates, stimulated with simvastatin for 24 h, then washed with PBS and treated with 10 μM DCFH-DA in the dark for 30 min at 37°C. The fluorescence was observed by fluorescence microscopy at 488-nm excitation and 525-nm emission after being washed three times with PBS.



Statistical analysis

All analyses were performed using RStudio version 1.2.5033 (R Core Team, Vienna, Austria) statistical software. PDS and gene data were presented as means ± SE unless otherwise indicated. Two group comparisons were made using Student’s t-test, whereas multi-groups comparisons were done with one-way ANOVA. Further comparisons of numerous data were done using chi-square test. All analyses were done with missing sample excluded considering the large sample size. Correlation analyses were done using either Pearson’s test or Spearman’s test depending on parametric or non-parametric distribution of the data. Unless otherwise indicated, a two-sided P-value < 0.05 was considered significant. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.




Results


Clinical characteristics and prognostic significance of PDS in breast cancer

To fully explore the clinical characteristics and prognostic significance of PCD pathway alterations in breast cancer, PDS of PCD pathways (KO04210 Apoptosis; KO04216 Ferroptosis; KO04217 Necroptosis; GO:0070269 Pyroptosis; GO:0048102 Autophagic cell death) for each patient was generated using “pathifier” to quantify the status alteration of each pathway based on RNAseq data from the TCGA-BRCA dataset with 1,091 tumor sample and 113 normal sample (Figure 1A). The final status of each PCD pathway was determined by comparing with normal samples (Figure 1B). Intriguingly, all PCD pathways were seen hyperactivated in tumor samples (P < 0.0001), demonstrating the significant role of PCD in breast cancer. Clinical characterization of PCD pathways was further explored. Among all clinical characteristics included, apoptosis, ferroptosis, and necroptosis pathways were activated in ER, PR-negative, and basal patients, whereas the autophagic cell death pathway was significantly suppressed (Figure A1A–C). Interestingly, despite no significant alteration being seen regarding HER2 status, comparisons between PAM50 subtypes showed significantly activated apoptosis, ferroptosis pathways, suppressed pyroptosis, and autophagic cell death pathway in HER2-positive subtype compared to hormone receptor-positive patients (Figure A1C). Furthermore, correlations between pathway alterations and vital status revealed significantly activated apoptosis, ferroptosis, necroptosis, and autophagic cell death pathways in living patients compared to deceased patients, demonstrating the putative prognostic significance of PCD in breast cancer (Figure A1D).




Figure 1 | Clinical characteristics and prognostic significance of programmed cell death pathway alterations in breast cancer. (A) Heatmap illustrating pathway deregulation score (PDS) of PCD pathways in breast cancer generated with clinical annotations from TCGA BRCA data; colors were row-scaled and zero-centered. (B) Comparisons of PDS between sample types. (C) Univariate and multivariate Cox regression of PCD pathways in breast cancer regarding overall survival (OS), progression-free interval (PFI), disease-free interval (DFI), and disease-specific survival (DSS). Hazard ratio (HR) and 95% confidence interval (95%CI) were shown in the forest plot. For multivariate Cox regression, all pathway scores were enrolled and forward stepwise regression was done with the ER/PR/HER2 status, age, and T/N/M stage treated as confounders. P-value < 0.05 was considered significant. A two-sided P-value < 0.05 was considered significant. ****P < 0.0001.



Given the status of PCD significantly altered between vital status, Cox regression and survival analyses were done to explore the prognostic values of PCD in breast cancer. As shown in Figure 1C, ferroptosis and necroptosis are significantly correlated with OS in univariate Cox regression, among which only ferroptosis was identified as an independent prognostic factor in multivariate analysis (HR 0.395, 95%CI 0.198–0.929, P = 0.033). Interestingly, apoptosis significantly correlated with DSS in multivariate analysis with the ER/PR/HER2 status, age, and T/N/M stage was treated as confounders; however, this was not seen in univariate Cox regression.

To validate the prognostic value of PCD, timeROCs were used to compare at a different time point (Figure A1E). In accordance with survival analysis, the ferroptosis pathway showed the highest AUC regarding OS, PFI, DFI, and DSS, especially in the first 3 years, with the highest AUC seen in the first year (OS: 0.68; PFI: 0.72; DFI: 0.66; DSS: 0.76) and declining ever after. The prognostic advantage of the ferroptosis pathway persisted in PFI and DSS up to the fifth year. Combined with the clinical significance seen in survival analyses, the ferroptosis pathway has demonstrated putative association with early recurrence and progression of breast cancer, and a certain hypothesis gave rise to the importance of the ferroptosis pathway in breast cancer in both pathogenetic and clinical ways. To further address the putative functions of ferroptosis in clinical decision-making, DCA was done comparing the instructive value of PCD regarding PFI, DFI, and DSS in the first 3 years. Intriguingly, in accordance with timeROC analyses, PDS of the ferroptosis pathway has shown the best efficacy as a risk score for the early recurrence and progression of breast cancer in the first 3 years. In the prediction of PFI, an absolute gaining of Net Benefit (NB) in patients with a threshold probability ranged from 10% to 14%, whereas in DSS, significant gaining of NB was seen in patients with a probability ranging from 6% to 10% (Figure A1F). Moreover, evaluation of PDS as therapeutic indicators done in DCA also showed a good efficacy of the ferroptosis pathway regarding PFI and DFI. For patients with a threshold probability ranging from 9.5% to 14%, using PDS of ferroptosis as a biomarker for clinical intervention demonstrated the best efficacy, with a net reduction of 15 per 100 patients. Comparatively, prominent improvement was seen in ferroptosis as a biomarker for DSS in patients with a probability over 6%, with a net reduction of more than a quarter per 100 patients (Figure A1F).



Clustering of breast cancer patients based on PDS

Numerous works were done focusing on the crosstalk between PCD pathways on both biological and clinical levels; however, studies were done on the gene level, and by generating the PDS of PCD pathways, we tried to quantify the correlation on the pathway level (Figure 2A). Positive correlations were found between all PCD, except for autophagic cell death. However, scatter plots of pairwise comparisons between apoptosis, ferroptosis, necroptosis, and pyroptosis revealed underlying heterogeneity among breast cancer samples with the distribution of patients exhibiting distinct clusters. Therefore, clustering based on PDS was done. A total of five clusters were generated as shown in Figure 2B with sample types. Normal samples were seen mostly in cluster 1 (Normal = 88, Tumor = 13). PCA also identified a separated distribution between cluster 1 and other clusters (Figure 2C). Within tumor samples, PCA has seen a good separation between clusters 2, 3, and 5; however, there is cross-coverage between cluster 4 and other groups. For each pathway, comparisons were made to identify featured alterations in each cluster (Figure 2D; Table A1SF4), among which cluster 2 exhibited significantly hyperactivated ferroptosis and necroptosis pathways and autophagic cell death was significantly activated in cluster 3 and cluster 5. Detailed clinical characteristics were summarized in Table A2.




Figure 2 | Clustering of breast cancer patients based on the alterations of programmed cell death pathways. (A) Correlations between PCD pathways in breast cancer. Correlational R-values between pathways were shown in the upper right with scatter plots in the bottom left. Color was illustrated according to the R-value. Red: R > 0, blue: R < 0. (B) Heatmap of clustering based on the PDS of PCD pathways of breast cancer patients with sample type annotation. (C) Principle components analysis (PCA) based on the PDS of PCD pathways with clusters of breast cancer patients illustrated with different colors. (D) Comparisons of PDS of each PCD pathways between clusters. P-value < 0.05 was considered significant.



Survival analyses done in each cluster unraveled distinct results between clusters, but good consistency within each cluster (Figure A1G). In cluster 2, the activation of ferroptosis and autophagic cell death significantly correlated with better clinical outcomes, whereas cluster 5 has seen the activated PCD indicating worse clinical outcomes. However, in either cluster 2 or cluster 5, identical clinical significance was seen regarding both OS and other outcomes. This suggested that our clustering results successfully eliminate heterogeneity within clusters. Among PCD pathways, ferroptosis showed significant clinical correlations in both cluster 2 and cluster 5 regarding OS, PFI, DFI, and DSS, which supported the clinical significance of ferroptosis in breast cancer addressed above. Furthermore, the different clinical relevance between cluster 2 and cluster 5 draws attention to the putative biological heterogeneity between these two clusters, which needs further exploration.



Functional enrichment between clusters

To fully explore the biological difference between clusters, clinical characteristics were first summarized and compared in Table A2. Clusters consist of different levels of sample type, histological type, ER/PR/HER2 status, M stage, marginal status, vital status, and history of targeted therapy. To explore the different biological characteristics between clusters, biomarkers for each cluster were enriched (Figure A2A). Top 100 biomarkers for each cluster were used for functional enrichments. Only specific biomarkers were enrolled for final analysis (Figure A2B, Table A3). Multi-group enrichments revealed common functions between clusters (Figures A2C, D), which mainly focus on the cell cycle pathway. Cluster-specific enrichments showed a distinct biological background of each cluster. Comparatively, cluster 2 specifically enriched in GO:0016579: protein deubiquitination, GO:0061756: leukocyte adhesion to vascular endothelial cell, GO:0046854: phosphatidylinositol phosphorylation, GO:0004842: ubiquitin-protein transferase activity, GO:1901699: cellular response to nitrogen compound, GO:0005667: transcription factor complex, and GO:0019902: phosphatase binding, among which GO:0061756 indicates a putative role in the infiltration of the tumor microenvironment. The differentially enriched pathways provided novel perspectives on the difference between clusters and the intra-tumor heterogeneity, which was mainly discussed in the tumor microenvironment.

To explore the underlying correlation mentioned above, characterization of the microenvironment was depicted. A comprehensive heatmap of TILs was shown with patients scored by infiltration level of the 24 immune cells. Previously published immune indexes were also annotated to characterize tumor microenvironment (Figure 3A) (21). Leukocyte fraction, stromal fraction, and intra-tumor heterogeneity were used to quantify tumor purity. Comparisons of the overall infiltration score between clusters showed a significantly higher level of infiltration in cluster 2 than other clusters (P < 0.001, Figure 3B), which, in accordance with the functional enrichments, demonstrated an hyperactivated immune status in patients with activated ferroptosis pathway. However, compared to previously published immune subtypes and PAM50, cross-links were seen between subgroups and significant consistency was not seen (Figure 3C), which proved our clusters a novel classification, and the highlight of cluster 2 indicates a putative regulative role of ferroptosis in tumor immunity.




Figure 3 | Comparisons of tumor microenvironment between clusters. (A) Heatmap of tumor-infiltrating immune cells between clusters with previously categorized immune subtypes information. (B) Comparisons of infiltration scores were done between clusters. (C) Correlations between clusters and immune subtypes, PAM50, and infiltration levels. (D) Correlations of PCD pathways and the seven-step Cancer-Immunity Cycle in all samples. A two-sided P-value < 0.05 was considered significant. **P < 0.01.



Given the theory of the seven-step Cancer-Immunity Cycle, clarification of correlations between PCD and specific steps contributes to the understanding of the specific underlying mechanism. Therefore, correlations were done with each step quantified using ssGSEA. As shown in Figure 3D, a general relationship was seen between PDC and the seven-step Cancer-Immunity Cycle, among which correlations were mainly found in steps 3, 4, and 5 (Table A4). Interestingly, negative correlations were found between pathways and trafficking of immune cells to tumors except for apoptosis, which implies a different biological function between apoptosis and other PCD pathways in immunity.



Distinct tumor microenvironment between patients with activated and inactivated ferroptosis pathway

Further exploration of the tumor microenvironment was done focusing on the different intercellular interactions of TILs. Correlations of each cell were calculated and clustered within each group. With the size of each dot representing the survival significance of each cell, cells clustered showed a comprehensive correlation and a different distribution between cluster 2 and cluster 5 (Figure 4A). Distinct interactions were seen with TILs clustered differently, demonstrating a distinct tumor microenvironment between clusters 2 and 5 caused by status alteration of ferroptosis. In summary, cluster 2 featured highly infiltrated immune cells that demonstrated anti-tumor efficacy, while cluster 5 exhibited a higher proportion of tumor-promoting cells.




Figure 4 | Comparisons of tumor-infiltrating immune cells between cluster 2 and cluster 5. (A) Clustering and correlations between tumor-infiltrating immune cells in cluster 2 (left) and cluster 5 (right). Red: positive correlation, blue: negative correlation. (B) Comparisons of tumor-infiltrating immune cells between cluster 2 and cluster 5.  (C). Heatmap of KEGG_FERROPTOSIS pathway alteration and clinical characteristics between clusters 2 and 5. (D) Correlations between KEGG_FERROPTOSIS and tumor-infiltrating immune cells between cluster 2 (left) and cluster 5 (right). A two-sided P-value < 0.05 was considered significant. *P < 0.05; **P < 0.01; ***P < 0.001.



Given the putative regulatory function of PCD mainly focuses on the immune infiltration process, comparisons of 24 tumor-infiltrating immune cells were done between cluster 2 and cluster 5 (Figure 4B), in which a lower level of type 1 regulatory T cells (Tr1), natural regulatory T cells (nTreg), induced regulatory T cells (iTreg), T helper cells 1 (TH1), IL-17–producing effector T helper cells (TH17), central memory T cell (Tcm), and effector memory T cell (Tem) were seen in cluster 2, whereas cytotoxic T cells (Tc), exhausted T cells (Tex), natural killer T cells (NKT), follicular helper T cells (Tfh), NK cells, gammadelta T cells (γδT/Tgd), and CD8+ T cells (CD8T) are highly infiltrated. The different levels of tumor-infiltrating immune cells indicate a distinct microenvironment between clusters 2 and 5 that may affect the biological functions of PCD.

Except for a significantly hyperactivated level of ferroptosis pathway, patients in cluster 2 showed a significantly higher proportion of ILC subtype, basal patients, and more metastasis (P < 0.001) compared to cluster 5 (Figure 4C). Functional enrichments were done between clusters 2 and 5 to explore the putative mechanism altered. PDS of all KEGG pathways was calculated and compared between clusters 2 and 5, among which the adipocytokine signaling pathway, T-cell receptor signaling pathway, TGF-beta signaling pathway, and leukocyte trans-endothelial migration pathway were found hyperactivated in cluster 2, whereas basal transcription factor pathway was significantly suppressed. For further validation, DEGs were calculated (Figure A3A) and used as an input for GSEA analyses of both GO and KEGG. The top 40 KEGG pathways and biological functions in GO were shown in Figures A3B, C. Intersections of the functional enrichments found immunological functions significantly altered between patients in clusters 2 and 5. In cluster 2, immune-related functions like antigen processing and presentation via MHC class Ib (NE: 0.97, NES: 1.46, P-value = 0.016), positive regulation of T-cell–mediated cytotoxicity (NE: 0.96, NES: 1.52, P-value = 0.010), and regulation of T-cell apoptotic process (NE: 0.93, NES: 1.49, P-value = 0.023) were significantly activated. This indicates that patients in cluster 2 are more immune-active compared to patients in cluster 5.

Given the opposed clinical significance of ferroptosis found in clusters 2 and 5, we hypothesized that ferroptosis may have a regulatory function on immunity. Therefore, correlations between ferroptosis pathway and tumor-infiltrating immune cells were explored in both cluster 2 and cluster 5, respectively. In cluster 2, Tgd, iTreg, B cell, Tcm, and macrophage were found significantly correlated with ferroptosis (Figure 4D), whereas in cluster 5, significant correlations were seen in NKT, B cell, Tex, iTreg, TH17, nTreg, CD8.naive, DC, TH1, and Tgd. Among cells that significantly correlated with ferroptosis in both clusters, reversed correlations were seen in Tgd, B cell, and iTreg between the two clusters (Tgd: Rc2 = 0.25, Rc5 = −0.12; B cell: Rc2 = −0.18, Rc5 = 0.34; iTreg: Rc2 = −0.23, Rc5 = 0.24). These results suggested that the different regulatory mechanisms of activated and inactivated ferroptosis between cluster 2 and cluster 5 mainly affect the infiltration, but not the function of immune cells.



Selection of putative biomarker for ferroptosis-activated patients

Given the results presented above, patients in cluster 2 are characterized with the hyperactivated ferroptosis pathway and higher immune infiltration. Additional analyses were done to explore putative biomarker genes between the two clusters. DEGs were calculated between C2 and other patients and analyzed using ROC. Only the top 20 DEGs with the highest AUC were left for further comparison (Table A5), among which only three genes were significantly overexpressed in cluster 2 (namely, GADD45GIP1, NDUFA11, and NDUFA13; Figure 5A) and may work as putative biomarkers. A three-gene predictive model was generated by Lasso regression among the top 20 DEGs. Intriguingly, the predictive model constructed by Lasso only contains the three over-expressed genes. Evaluation of the three-gene index found stable and consistent predictive efficacy between the training cohort and test cohort [Train AUC: 0.929 (0.892−0.961); Test AUC: 0.936 (0.908−0.959); P = 0.810]. External validations were done in the METABRIC and MSK-IMPACT projects. The alterations of PCD were first quantified in both validation cohorts. Patients were clustered under the same criteria and the cluster 2 subset of patients was identified manually. The predictive efficacy of the three-gene predictive model was presented as ROC, and in both validation cohorts, the three-gene panel showed a good efficacy [validation 1: AUC 0.915 (0.889−0.942); validation 2: AUC 0.915 (0.893−0.935)] (Figure 5B). Furthermore, NDUFA13 demonstrated good efficacy compared to the three-gene predictive model (Figure 5B, AUC 0.919 (0.901−0.934) P = 0.101), suggesting that NDUFA13 can work as a single-gene biomarker for the selection of cluster 2 patients. Moreover, the correlation between NDUFA13 and ferroptosis pathway alteration was shown in Figure 5C with patients ranged by the expression of NDUFA13. Based on the results presented, overexpression of NDUFA13 strongly correlated with the status of ferroptosis (R = 0.53, P < 0.0001).




Figure 5 | Selection of putative biomarker for cluster 2 patients. (A) Heatmap of the top 20 putative biomarkers between cluster 2 and other breast cancer patients. DEGs were calculated using limma; DEGs with adjusted P-value < 0.05 and |log2FC| > 1 were selected for ROC analysis. DEGs were ranged according to the AUC and only top 20 genes were illustrated. (B) ROC plot comparing the predictive value of the three over-expressed genes as biomarkers of cluster 2 patients. A three-gene index was generated using Lasso regression. The predicted value of the three-gene index generated was estimated with TCGA-BRCA patients divided equally into the training cohort and test cohort. Further validations were done using data from the METABRIC (validation 1) and MSK-IMPACT projects (validation 2). (C) Scatter plot showing the expression of NDUFA13 (red) and the PDS of ferroptosis pathway (blue) with patients annotated to cluster 2 or others. Patients were ranged by the expression of NDUFA13. (D) Pan-cancer expression analysis of NDUFA13 in 27 cancer types using TCGA PANCAN and GTEx dataset. (E) GSEA plots of NDUFA13-related pathways and cancer hallmarks. (F) Kaplan–Meier survival plots for NDUFA13 expression in breast cancer. Distant metastasis-free survival (DMFS) was used as an endpoint. A two-sided P-value < 0.05 was considered significant. **P < 0.01; ****P < 0.0001.



Given the positive correlation identified in our study, putative biological functions between NDUFA13 and ferroptosis may need further demonstration. Firstly, expression analysis revealed over-expression of NDUFA13 in breast cancer and several other cancers (Figure 5D), indicating putative oncogenic functions of NDUFA13 in tumors. Then, functional enrichments were done using GSEA, among which TOP 5 significantly enriched KEGG pathways and cancer hallmarks were shown in Figure 5E. Positive regulations of oxidative phosphorylation was enriched in both KEGG and hallmark dataset (KEGG: ES = 0.6660, P = 0; HALLMARK: ES = 0.5831, P = 0). In the hallmark dataset, NDUFA13 was found positively correlated with ROS pathway (ES =0.5672, P = 0.001), adipogenesis (ES = 0.4835, P = 0), and fatty acid metabolism (ES = −0.3690,NES = −1.7, P = 0.1650), which were demonstrated factors associated with the occurrence of ferroptosis, indicating a biological correlation between NDUFA13 and ferroptosis. The KMplot was utilized to assess the prognostic effect of NDUFA13 on both mRNA and protein levels. A total of 2,765 breast cancer cases were available for distant metastasis-free survival (DMFS) analysis by mRNA and 126 cases by protein. Our study showed that the overexpression of NDUFA13 was correlated with a significant increase in the DMFS of breast cancer patients (Figure 5F, mRNA: P < 0.001, Protein: P = 0.085).



Validation of NDUFA13 as putative biomarker for ferroptosis

To fully validate the correlation between NDUFA13 and ferroptosis, the cellular expression level of NDUFA13 mRNA was first evaluated in order to provide the basic level of expression between subtypes. Comparatively, SK-BR-3 and MCF-7 exhibit a higher level of NDUFA13; nevertheless, a similar expression pattern was seen between cell lines (Figure 6A). MDA-MB-231 and ZR-75-1 were selected for further experimental demonstration considering the similar basic expression level and the molecular subtypes. After ferroptosis induced by 24-h incubation of RSL3 (10 μM), both cells showed significantly elevated levels of NDUFA13 compared to DMSO-treated groups (Figure 6B, P < 0.01).




Figure 6 | Validations of NDUFA13 as a biomarker for ferroptosis. (A) Expression of NDUFA13 in human breast cancer cell lines. (B) Expression of NDUFA13 mRNA in human breast cancer cell lines treated with DMSO or RSL3 (10 μM) for 24 h. (C) Efficiency test of NDUFA13 siRNA knockdown (KD). (D) Intracellular level of reactive oxygen species (ROS) in breast cancer cells treating with DMSO or RSL3 (10 μM) followed by NDUFA13 KD. A two-sided P-value < 0.05 was considered significant. *P < 0.05; **P < 0.01.



We then tested the intracellular level of ROS in MDA-MB-231 and ZR-75-1 after knocking down NDUFA13 (Figure 6C). Both cells showed a reduction of ROS in NDUFA13 knockdown (KD) groups compared with NC after treating with RSL3. These results indicated that NDUFA13 had a positive correlation with ferroptosis (Figure 6D).




Discussion

By adopting the bioinformatic algorithm “pathifier”, we quantified five PCD pathways in breast cancer patients, so as to comprehensively analyze the putative biological, pathological, and clinical significance of PCD pathways in breast cancer on a pathway level. Given the results presented in our study, we found significantly activated PCD in cancer patients, among which ferroptosis demonstrated a significant correlation with the progression of breast cancer. Correlation analysis between PCD identified intra-tumor heterogeneity of breast cancer. Therefore, clustering of patients based on the PDS was done. Comparisons between subgroups highlighted specifically activated ferroptosis in cluster 2. Functional enrichment identified the distinct status of immunity and tumor microenvironment between patients with activated and inactivated ferroptosis pathways. To fulfill the clinical significance of ferroptosis, NDUFA13 was identified as a selective biomarker of ferroptosis activation and further demonstrated putative biological functions in the regulation of ferroptosis.

Previous works focusing on the pathway alterations in cancer were first seen in works done by Wang et al. regarding the Hippo signaling pathway (22). A comprehensive PANCAN analysis of 19 Hippo core genes across 33 cancer types using multi-omics data from TCGA was done and a YAP/TAZ transcriptional target signature of 22 genes was developed to characterize Hippo pathway activity. Another research focusing on the oncogenic pathways in human cancer was done by Li et al. (23). By reviewing literature published and further explored with TCGA data, multi-omics features of oncogenic pathways were summarized and restored as an online database. Despite the inspiring work done, all the discussion remained on the gene level, which hardly reflects the status of each pathway. Therefore, we used PDS generated by “pathifier” to reflect the pathway activity and further explore the clinical significance on a pathway level, which demonstrated more accurate efficacy than other methods.

Crosstalk between PCD pathways and immunity was previously summarized in a review done by Tang et al. (2), in which cell death was categorized into two kinds: immunogenic cell death (ICD) that alerts and triggers immunity against dead-cell antigens, including ferroptosis, necroptosis, pyroptosis, and autophagic cell death and tolerogenic cell death (TCD) that actively inhibits immune responses (24–27). Apoptosis was considered TCD mostly but grew an importance in the activation of tumor immunity under certain conditions. The correlation between the ferroptosis pathway and tumor immunity identified in our study was previously demonstrated on a cellular level. Recent results done by Wang et al. reveal that CD8+ T cells drive ferroptosis in tumor cells and the tumor suppressive function of interferon (IFN)-gamma secreted by CD8+ T cells in response to immune checkpoint blockade meditated by ferroptosis, suggesting that the immune system may function in part through ferroptosis to prevent tumorigenesis, and ferroptosis may hold the key to tumor immunotherapy response (28, 29). Despite numerous works done, the immunological function of ferroptosis remained underestimated considering the result presented in our study. Intra-tumor heterogeneity contributes to the differential alteration of tumor immunity caused by ferroptosis. Here, we characterized a subset of breast cancer patients with hyperactivated status of ferroptosis and necroptosis pathway and overexpressed NDUFA13, in which activation of ferroptosis promoting the infiltration of anti-tumor cells like Tgd, therefore, might correlate with better responsiveness of immunotherapy in breast cancer. Previously reported biological functions of NDUFA13 mainly involved in the IFN/all-trans-retinoic acid (IFN/RA)–induced cell death and transfer of electrons from NADH to the respiratory chain, therefore, impacted the mitochondrial and cellular ROS production.

In conclusion, we quantified the status alteration of PCD pathways and highlighted the significant correlation of ferroptosis with early recurrence and progression of breast cancer. Intra-tumor heterogeneity of breast cancer was detected based on the status of the ferroptosis pathway. Mechanism analyses further revealed distinct tumor microenvironment and immunological function of ferroptosis between patients. NDUFA13 expression was identified as a positive biomarker for ferroptosis pathway activation in breast cancer patients.
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Background

Pancreatic ductal adenocarcinoma (PDAC) is one of the deadliest malignancies worldwide. Immune escape is considered to be a reason for immunotherapy failure in PDAC. In this study, we explored the correlation between immune escape-related genes and the prognosis of PDAC patients.



Methods

1163 PDAC patients from four public databases, including The Cancer Genome Atlas (TCGA), International Cancer Genome Consortium (ICGC), Array-express, and Gene Expression Omnibus (GEO), were included in our study. Cox regression analysis was used to identify the 182 immune genes which were significantly associated with overall survival (OS). And then we established an immune escape-related gene prognosis index (IEGPI) score using several datasets as the training cohort and validated it using the validation cohort. Kaplan-Meier (KM) and Cox regression analysis were used to detect the relationship of IEGPI score with OS. We further explored the relationship between the IEGPI and immune indexes. And the prediction value of response for immunotherapy in Tumor Immune Dysfunction and Exclusion (TIDE) dataset.



Results

We establish an IEGPI score based on 27 immune escape genes which were significantly related to the prognosis of OS in PDAC patients. Patients in the high-IEGPI group had a significantly worse overall survival rate compared with that in the low-IEGPI groups by KM curves and cox-regression. 5 of the 32 cancer types in TCGA could be significantly distinguished in survival rates through the low- and high-IEGPI groups. Moreover, the correlation between the IEGPI score was negatively correlated with an immune score in several datasets. And higher IEGPI better recurrence-free survival (RFS) and OS in the patients after patients were treated with both PD-1 and CTLA4 in the public datasets (P<0.05). Intriguingly, by using RT-PCR, we verified that the gene of PTPN2, CEP55, and JAK2 were all higher in the BxPC-3 and PANC-1 than HPDE5 cells. Lastly, we found that the IEGPI score was higher in K-rasLSL.G12D/+, p53LSL.R172H/+, Pdx1Cre (KPC) mice model with anti-PD-L1 than that without anti-PD-L1.



Conclusion

Using the immune escape-related genes, our study established and validated an IEGPI score in PDAC patients from the public dataset. IEGPI score has the potential to serve as a prognostic marker and as a tool for selecting tumor patients suitable for immunotherapy in clinical practice.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is a highly malignant exocrine cancer with a dismal prognosis. Although PDAC has a relatively low incidence worldwide, it ranks the fourth leading cause of cancer-related death in the world (1). Radical surgery is the only effective treatment for the cure of PDAC. Unfortunately, most PDAC patients are present in advanced stages when they are diagnosed and not amenable for surgery. Even when PDACs undergo surgery, the 5-year postoperative survival rate is still not ideal. Despite great advances in chemotherapy for pancreatic cancer, chemo-resistance and toxic side effects also inhibited the improvement of PDAC patients’ prognosis after treatment (2). Previous studies have demonstrated the 5-year survival rate of PDAC is less than 9%, which is far lower than that of other malignancies (3, 4).

Recent years, besides chemotherapy (5–7), immunotherapy has become a research hotspot in the treatment of malignances (8, 9), included pancreatic cancer. However, it has a poor effect on pancreatic cancer with PD-1/PD-L1 blockade monotherapy (10). Immune evasion might be the main cause of immunotherapy failure, which reflected in the resistance to immune checkpoint blockade (ICB) therapy (11, 12). More and more studies have disclosed the molecular mechanisms of immune evasion in pancreatic cancer (5, 13, 14), which increases the difficulty in the treatment of PDAC.

Considering the highly lethal characteristic and the poor effect of immunotherapy, PDAC patients’ prognosis should be assessed for surgeons to evaluate the treatment benefits through some immune-related gene markers or signatures before surgery.

In this study, we developed and validated an immune escape-related prognostic signature (IEGPI score) with the whole genome expression data from several datasets for PDAC. More importantly, the IEGPI score could identify PDAC patients with an unfavorable prognostic outcome after surgery, and PDAC patients with a high sensitivity to immunotherapy after received with both PD-1 and CTLA4.



Materials and methods


Data source

The gene expression profiles and corresponding clinical data of PDAC were obtained from the TCGA (https://portal.gdc.cancer.gov), ICGC (https://dcc.icgc.org/), Arrayexpress (https://ebi.ac.uk/arrayexpress/), and GEO (GEO, http://www.ncbi.nlm.nih.gov/geo) databases. After we excluded some datasets 1) without overall survival (OS) and survival status; 2) sample size<50, a total of 1137 PDAC patients from seven datasets were enrolled in this study. Six datasets of TCGA-PAAD-US (n=146), ICGC-PACA-AU (n=267), E-MTAB-6134(n=288), GSE71729 (n=125) and GSE57495 (n=63) and GSE62452 (n=66) were used as the training cohorts; one other independent cohort, ICGC-PACA-CA (n=182) was served as an external validation cohort (Supplementary Table S1). The Single-cell dataset for PDAC was extracted from CRA001160. Lastly, the immunotherapy cohorts were downloaded from the TIDE (Tumor Immune Dysfunction and Exclusion, http://tide.dfci.harvard.edu/). The expression data of 6 pair KPC mice with PD-L1 and without PD-L1 were downloaded from GSE196435.



Processing of the immune escape-related genes

Totally, 182 immune escape genes were downloaded from previous study (Supplementary Table S1) (15). First, we stratified each immune escape gene into two groups by the median value in 7 datasets. Second, a univariate Cox regression analysis was conducted to filter the 182 immune escape genes which are associated with OS in the PDAC patients. Finally, through the fixed-effects model based on meta-analysis, the pooled hazard ratio (HR) with 95% CI of immune escape gene was estimated.



Establishing the prognostic immune escape-related genes signature

For those immune escape genes, the pooled HRs with their standard estimates (SE) which were significantly related to prognosis were then integrated as the prognostic immune escape genes weight, and generated the immune escape-related gene prognosis index (IEGPI) score. In sum, IEGPI from a sample is given by:

	

In the aforementioned formula, gene (i) was the relative expression of OS-related immune escape genes, and n is the total number of OS-related immune escape genes based on the meta-analysis. In our analyses, the normalized Z-score was used to calculate the score.



Evaluation of tumor immune score

We utilized ESTIMATE (16) to evaluate tumor immune score based on immune gene expression signatures. The immune score, which represents the tumor immune infiltration level, is the fraction of immune cells in bulk tumor.



Estimation of immune cell infiltration

The single-sample gene set enrichment analysis (ssGSEA) (17) was introduced to quantify the relative infiltration of 28 immune cell types in the tumor microenvironment. Unique feature gene panels for each immune cell subset were obtained from the latest literature (18). An enrichment score in ssGSEA analysis represented the relative abundance of each immune cell type. The ssGSEA score was normalized to unity distribution, for which zero is the minimal and one is the maximal score for each immune cell type. The bio-similarity of the immune cell filtration was estimated by multidimensional scaling (MDS) and a Gaussian fitting model.



Evaluation of TMB

For each tumor sample, we determined its TMB as the total count of somatic mutations detected in the tumor. TMB was calculated by dividing the nonsynonymous mutations with 38 Mb as previously reported. In addition, we calculated Oncoplot, mutation landscape, and OncogenicPathways based on TCGAmutation and maftools R packages.



Functional and pathway enrichment analyses

By using the “clusterProfiler” R package (version 4.2.2) (19), the Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis and Gene Ontology (GO) analysis were performed in our study. Gene Set Enrichment Analysis (GSEA) was used to explore the potential function and signaling pathway enrichment associated with the patients with high and low IEGPI Pancreatic ductal adenocarcinoma cancer.



RT-qPCR for gene expression study

To gain the insight of the characteristics of IEGIP score, we investigated PTPN2, CEP55 and JAK2 as the represented gene of IEGIP score in the cell lines. The sequences of Primer were set as following rules: PTPN2 Forward Primer was “GAAGAGTTGGATACTCAGCGTC”, and Reverse Primer was set as “TGCAGTTTAACACGACTGTGAT”. CEP55 Forward Primer was “CTTGAGGTTGAACGACAAACCA” and Reverse Primer was “AGCTCTTCGGATCTCTTCTTCTC”. JAK2 Forward Primer was “ATCCACCCAACCATGTCTTCC”, and Reverse Primer was “ATTCCATGCCGATAGGCTCTG”. For cell lines, normal pancreatic ductal epithelial cell (HPDE6-C7 cell, BNCC338285) were purchased from Beijing Beina Chuanglian Institute of Biotechnology (Beijing, China), and PANC-1(GIBCO: 10566016) and BxPC-2(GIBCO: 11875093) were purchased from National Collection of Authenticated Cell Cultures. The condition of RT-qPCR was performed as the following: initial cDNA denaturation was at 95°C for 5 min, and 40 cycles at 95°C for 30s, and annealing temperatures were diversely set at 55°C, and extension at 72°C for 1 min.



Statistical analysis

Continuous variables were analyzed using the student’s t-test or the Wilcoxon rank sum test, while the categorical variables were compared using the χ2 or Fisher exact test. The Benjamini–Hochberg (FDR) was also used to adjust the P-values for the multiple comparisons. Immune escape genes with significant prognosis were selected according to the following criteria: meta-analysis, P<0.001, and FDR<0.001. Spearman correlation analysis was used to assess the potential relevance. Univariate and multivariate Cox regression analyses were performed to explore the independent risk factors of OS and recurrence-free survival (RFS) in PDAC patients. Kaplan–Meier (KM) method and log-rank test were performed to compare the OS rates in each group. Time-dependent ROC curve was done to detect the prognostic value of IEGPI for PDAC patients. The area under the receiver operating characteristic curve (AUROC) was used to estimate the diagnostic value of IEGPI for chemosensitivity. All statistical analysis of all the clinical data was performed in R (version 3.6.2; https://www.r-project.org/). A two-sided P-value< 0.05 was considered statistically significant in all tests.




Results


Immune escape genes associated with prognosis of PDAC

First, in 7 datasets, we used the Cox regression analyses to uncover the 182 immune escape genes which were significantly associated with OS in PDAC patients. The detail information was list in Supplementary Table S1. Second, a meta-analysis (random effects model) was implemented among 7 datasets to harvest pooled HRs and the coefficients of significant genes associated with OS. Finally, we identified 27 immune escape genes which were significantly related to prognosis of OS in PDAC patients (Figures 1A). Of them, 13 were poor prognosis-related genes, and 14 were good prognosis-related genes. The forest plots in Figures 1B, C showed the pooled HRs and 95%CI of the above 27 immune escape genes after a meta-analysis (Supplementary Table S2).




Figure 1 | Construction of the IEGPI score. (A–C) 27 prognostic immune escape genes; (D–F) IEGPI score distribution in single-cell sequencing dataset of CRA001160; (G) 27 immune escape genes were implemented into GO analyses; (H) 27 immune escape genes were implemented into KEGG analyses.



According to the aforementioned formula, we used the 27 immune escape genes to establish an integrated score, namely IEGPI, for every patient in the seven datasets. Their KEGG pathway enrichment results showed in the Supplementary Table S3. Using the single-cell sequencing dataset of CRA001160, we found that IEGPI score was elevated in macrophages and tumor cells compared with other groups in a single-cell analysis (Figures 1D–F and Supplementary Table S4). Additionally, 27 immune escape genes were implemented into GO and KEGG analyses, and the results were illustrated in Figures 1G, H. We found some important items were enriched after GO analysis, such as response to endoplasmic reticulum stress, integral component of endoplasmic reticulum membrane, and cysteine-type peptidase activity. Moreover, some significant pathways such as antigen processing and presentation, JAK-STAT signaling pathway were enriched.



Prognosis estimation of IEGPI score

A correlation plot in Figure 2A demonstrated that there existed a strong correlation between the IEGPI score and most of the 27 immune escape-related genes in PDAC patients. Figures 2B, C showed relationship between HR value (Cox regression analysis of OS) and IEGPI score in the training cohort and validation cohort, respectively, which reflected a near-linear correlation overall.




Figure 2 | Prognostic estimation of IEGPI score. (A) Association of the IEGPI score with the 27 prognostic immune escape genes; (B, C) the HR value distribution with different IEGPI score in the training and validation cohorts; (D, E) Kaplan-Meier curves of IEGPI score in the training cohort and validation cohorts; (F) Relationship between the IEGPI score and cell signaling pathways via KEGG analyses.



More importantly, we merged six datasets of PDAC patients and then used the ROC curve finding the best cut-off value to divide patients into two groups (the high-IEGPI vs. low-IEGPI group). We make a KM curve to show the different OS rates between the high-IEGPI and low-IEGPI group (Figure 2D). Patients from the low-IEGPI group had a significantly better survival OS than those from the high-IEGPI group (P<0.001). Supplementary Figure 1 showed the survival differences between the high-and low-IEGPI groups in six different datasets, which also illustrated the same results with the Figure 2D. In addition, a validation cohort of PACA-CA was stratified into two groups used the above cut-off value. The KM curves in PACA-CA cohort also illustrated significantly different OS rates between the two groups (P=0.007) (Figure 2E). In addition, we analyzed the relationship between the IEGPI score and cell signaling pathways in five datasets through KEGG analysis (Figure 2F).

Furtherly, a forest figure in Figure 3A showed the multivariate Cox regression analysis results in seven PDAC datasets (Supplementary Tables S5, S6). We found that IEGPI score was an independent risk factor of OS in all datasets (all P< 0.05). Then we explored the impact of IEGPI score on tumor relapse of PDAC patients in four datasets (E-MTAB-6134, TCGA−PAAD, PACA_AU, and PACA_CA). the results in Figures 3B–E demonstrated that patients in the low-IEGPI group had significantly better relapse-free survival rates compared with those in the high-IEGPI groups (P<0.05).




Figure 3 | IEGPI score was an independent risk factor of OS in PDAC. (A) Multivariate Cox regression analysis results in seven PDAC datasets; (B–E) Kaplan-Meier curves of relapse-free survival in PDAC patients with different IEGPI score level in four public datasets; (F) the prognostic values of the IEGPI score in the Pan-cancer datasets.



At last, the TCGA pan-cancer analysis found that 5 types of 32 cancers could be significantly distinguished in survival through the low- and high-IEGPI groups (Figure 3F), suggesting the application potential of IEGPI score for prognostic prediction in other malignant diseases.



Relationship between the mutation genes and IEGPI

We explored the relationship between the IEGPI score and the TMB (tumor mutation burden) value. Figures 4A–C showed that in the PACA-AU cohort, PACA-CA cohort, and TCGA-PAAD cohort, the correlation between the IEGPI score TMB was not vary strong.




Figure 4 | Relationship between the mutation genes and IEGPI score. (A–C) Relationship between the IEGPI score and TMB score in three public datasets; (D) the landscape of top 15-gene mutations in different IEGPI groups.



We then used the Oncoplot to illustrated the top 15 mutation genes in the High-and low-IEGPI score groups of PDAC, and the results included KRAS, TP53, SMAD4 and CDKN2A, etc. (Figure 4D). Notably, we observed that TP53 had a significantly higher mutation frequency in High-IEGPI group than in low-IEGPI group (Figure 4D). It could explain why High-IEGPI group had the worst prognosis among the two groups since TP53 mutations have been associated with unfavorable outcomes in various cancers.



Relationship between the immune infiltration and IEGPI

In order to explore the distribution of immune components in different IEGPI score patients, we used the Spearman correlative analysis to explore the relationship between the IEGPI score and the immune score. Figure 5A showed that in the PACA-AU cohort, TCGA-PADC cohort, E-MTAB cohort, and GSE62452 cohort, the correlation between the IEGPI score was negative linearly correlated with immune score.




Figure 5 | Relationship between the immune infiltration and IEGPI score. (A) Relationship between the IEGPI score and immune score in four public datasets; (B) correlation of the IEGPI score with immune co-stimulation and check-point genes in seven datasets; (C) Relationship between the expressions of 28 immune cells and IEGPI score in seven datasets.



In addition, we selected immune genes based on previous studies to study the relationship of the IEGPI score and immune functions (immune co-stimulation and check-point genes). Bubble plot of Figure 5B showed that in seven cohorts, immune genes had a huge-difference relationship with the IEGPI score. Moreover, a total of 28 infiltration immune cell were explored to show their negative relationship with the IEGPI score in in seven cohorts (Figure 5C).



IEGPI score for immunotherapy response prediction

First, using the TIDE dataset, we want to evaluate the IEGPI score’s potential as a tool for immunotherapy response prediction in other tumors, such as melanoma, bladder cancer, and lung cancer (Figures 6A–E). We found that in the melanoma cohort treated with both PD1 and CTLA4, the likelihood of predicting a positive immunotherapy response is strong with AUC=0.800. Moreover, we also explored the distribution of IEGPI score in CR/PR and PD/SD, and the results showed that the patients with CR/PR had a higher IEGPI score (P<0.05) in melanoma patients receiving the both PD1 and CTLA4 treatment (Figure 6F). Additionally, the same trend was found in other tumors, although there were no significant differences between the high and low IEGPI score patients (Supplementary Figure S2). Noteworthy, Figures 6G, H showed that high-IEGPI score was associated with better RFS and OS in the melanoma patients treated with both PD-1 and CTLA4 (P<0.05).




Figure 6 | IEGPI score for immunotherapy response prediction. (A–E) IEGPI score’s potential as a tool for immunotherapy response prediction in melanoma, bladder cancer, and lung cancer; (F) the distribution of IEGPI score in different immunotherapy response groups with both PD-1 and CTLA4 treatment; (G, H) Kaplan-Meier curves of patients with different IEGPI score.





Validation of IEGPI in vitro and vivo

To validate the reality of IEGPI score, we accessed the gene expression of PTPN2, CEP55 and JAK2 as the represented gene of IEGPI score by using RT-qPCR (Figures 7A–C). PTPN2, CEP55 and JAK2 were all higher in the PDAC related cell lines than normal cell lines in vitro. In vivo, we calculated the IEGPI in 12 samples of KPC mouse model and found that IEGPI score was higher in the s KPC mouse with PDL1 than that without PDL1 (Figure 7D, E).




Figure 7 | Validation of IEGPI score in cell lines and KPC mouse model. RT-PCR for represented IEGPI genes in HPDE6-C7, BxPC-3 and PANC-1. (A) PTPN2, (B) CEP55, (C) JAK2. (D) IEGPI score expression of each sample in the KPC mice model with and without PDL1.(E) differences of IEGPI score between the KPC mice model with and without PDL1. **P <0.01, ***P <0.001, ****P <0.0001.






Discussion

PDAC, as the most common type of pancreatic cancer, has an extremely poor survival (20). A mount of efforts has been underway to find an effective solution to improve the long-term prognosis. Blocking the immune checkpoints, such as targets programmed death 1 or programmed death 1 ligand 1 (PD-1/PD-L1) have been considered as a potential therapeutic target against PDAC. However, the treatment effect of pancreatic cancer is not promising with a single PD-1/PD-L1 blockade (21). Immune escape might be one of the reasons that impaired the PD-1/PD-L1 treatment effect of PDAC.

Recently, immune escape has been considered as an important factor which gives rise to immunotherapy failure in cancer therapy. A variety of factors, such as antigenic variation, lacking infiltration of T cells, and changes in tumor microenvironment, are all associated with immune escape (22). Although more and more mechanisms of immune escape have been found in studies for kinds of cancers recently, no study focus on the relationship of immune escape with the prognosis of cancers. In our study, we identified 27 immune escape-related genes which were significantly correlated with the OS in PDAC using the public datasets. More importantly, we selected the training cohort to establish a scoring system, namely IEGPI, which was used to stratify PDAC patients into two groups with significantly different survival outcomes. Then a validation cohort was used to validated and evaluate the prognosis prediction of IEGPI score in PDAC, with a good survival prediction ability in PDAC. Interestingly, the elevated activities of antigen processing and presentation, JAK-STAT signaling pathways have potential contributions to the increased anti-tumor immunity in high-IEGPI score. In addition, we explored the relationship between the TMB, immune infiltration modules and the IEGPI score. Last but not least, we evaluated the ability of IEGPI score for the prediction of immunotherapy response in several cancers, and found that more patients harvested CR/PR have a high IEGPI score, suggesting they achieved a good survival outcome after immunotherapy.

The highlight of this study was that IEGPI score could predict the survival of PDAC patients after surgery, and also could be used as an indicator to reflect the sensibility and response of immunotherapy after receiving the PD-1 and CTLA4 treatments in tumors.

Previous reports have found that inherently immunosuppressive exists in PDAC which leading to a evasion from immune surveillance (23–27). Recently, Wang et al. concluded that the cancer Forkhead box protein 3 (C-FOXP3) can directly activates PD-L1 and mediate the immune escape of PDAC (28). In 2020, Yamamoto et al. identified NBR1-mediated selective macroautophagy/autophagy of MHC-I as a novel mechanism that facilitates immune evasion by PDAC cells (29). In our study, we found 27 immune escape-related genes which were significantly associated with OS in PDAC patients. Immune evasion leads to a poor response to immune checkpoint inhibitors and a poor survival in PDAC. Those genes might be the key genes on which the immunotherapy agents target in the future.

Identified the key immune escape-related genes which are significantly associated with PDAC patient’s prognosis is an important method to assess and improve the effect of immunotherapy. In addition, molecular biomarkers based on immune escape-related genes has improved prognosis estimation for PDAC in daily clinical practice (30, 31).

In recent years, researchers have developed a series of evaluation systems used to assess or identify the progression or prognosis risk of pancreatic cancer using the gene expression datasets. For example, Using WGCNA, Giulietti et al. identified several genes (CEACAM1, MCU, VDAC1, CYCS, C15ORF52, TMEM51, LARP1 and ERLIN2) that appear to be critical to PDAC development, which might be potential therapeutic targets with clinical utility (32). In addition, a study built a prognostic score with 20 genes (PPS20) from high-throughput transcriptomic data in pancreatic cancer and found PPS20 was a more robust transcriptomic signature in prognostic prediction (33). Moreover, a robust 25-gene classifier associated with post-operative OS in pancreatic cancer was identified. It was proved to have a good prognostic value after multivariate analysis (34). However, aforesaid scores or systems don not pay attention to any genes related to immune escape in pancreatic cancer. In our study, we selected immune escape-related genes and developed an IEGPI score to predict the prognosis and distinguish the survival risk of patients.

Collectively, our study firstly integrated 27 prognostic immune escape genes to establish an IEGPI score and validated the expression of PTPN2, CEP55 and JAK2 in cell lines, which shows a good prediction in the prognosis of PDAC and immunotherapy response. The IEGPI might represent a potential prognostic biomarker as well as therapeutic targets of immunotherapy in the future. The higher the IEGPI score is, the higher the level of immune escape is, the worse the killing effect of the body’s immune system on tumor cells is, and the worse the prognosis is. However, when patients received immunotherapy, patients with higher IEGPI score were more sensitive to immunotherapy. Because immunotherapy alters the tumor microenvironment, these individuals have a higher CR/PR ratio and better prognosis. Therefore, our IEGPI score also can be used to screen clinical PADC patients for immunotherapy, allowing them to achieve a better prognosis.

In conclusion, basing the public datasets, our study established and validated an IEGPI score which was an independent risk factor of OS in PDAC, and patients in the high-IEGPI group had a worse survival rate after surgery. Using the TIDE datasets, we also found that in melanoma patients who received the PD-L1 and CTLA4 treatments, high IEGPI-score patients had a better OS and RFS. Above results suggested that our IEGPI score has the potential to serve as a prognostic marker and as a tool for selecting tumor patients suitable for immunotherapy in clinical practice.
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Background: Lung adenocarcinoma (LUAD) is the most common type of lung cancer with a complex tumor microenvironment. Neddylation, as a type of post-translational modification, plays a vital role in the development of LUAD. To date, no study has explored the potential of neddylation-associated genes for LUAD classification, prognosis prediction, and treatment response evaluation.
Methods: Seventy-six neddylation-associated prognostic genes were identified by Univariate Cox analysis. Patients with LUAD were classified into two patterns based on unsupervised consensus clustering analysis. In addition, a 10-gene prognostic signature was constructed using LASSO-Cox and a multivariate stepwise regression approach.
Results: Substantial differences were observed between the two patterns of LUAD in terms of prognosis. Compared with neddylation cluster2, neddylation cluster1 exhibited low levels of immune infiltration that promote tumor progression. Additionally, the neddylation-related risk score correlated with clinical parameters and it can be a good predictor of patient outcomes, gene mutation levels, and chemotherapeutic responses.
Conclusion: Neddylation patterns can distinguish tumor microenvironment and prognosis in patients with LUAD. Prognostic signatures based on neddylation-associated genes can predict patient outcomes and guide personalized treatment.
Keywords: lung adenocarcinoma, neddylation, tumor microenvironment, prognostic signature, therapeutic response
INTRODUCTION
Lung cancer is a malignant tumor with high morbidity and mortality worldwide (Ferlay et al., 2018; Cao et al., 2020). Histological subtypes of lung cancer can be classified into small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC). NSCLC can also be divided into lung squamous cell carcinoma (LUSC), lung adenocarcinoma (LUAD), and lung large cell carcinoma (Denisenko et al., 2018). Among them, LUAD is the most common histological subtype and patients with advanced LUAD often have poor prognoses (Hirsch et al., 2017). In addition, LUAD exhibits strong heterogeneity due to the complex tumor microenvironment (TME) and gene mutations (Wang et al., 2018; Jia et al., 2022). Therefore, early risk stratification and individualized treatment have a realistic value for patients with LUAD.
The pathogenesis of LUAD is complex and diverse. In recent years, the role of post-translational modification (PTM) in LUAD has been extensively studied (Park et al., 2020; Bajbouj et al., 2021; De et al., 2021). PTMs can affect the occurrence and development of LUAD by altering target protein activity, protein stability, protein interaction, and intracellular distribution (Stram and Payne, 2016). To date, more than 450 unique protein modifications have been identified (Chen et al., 2020). Like ubiquitination, neddylation can be divided into three steps. First, the neddylation E1 activating enzyme (NAE; a dimer of NAE1 and UBA3) activates the Neural Precursor Cell Expressed Developmentally Downregulated Protein 8 (NEDD8). The NEDD8 is then transferred to the neddylation E2 binding enzyme (UBE2M or UBE2F), and finally to the lysine residues of the target protein in the presence of neddylation E3 ligase which usually contains the cullin structure (Pellegrino et al., 2022). PTMs are involved in the activation of oncogenes, inactivation of tumor suppressor genes, and continuous activation of associated signaling pathways (Perkins, 2006; Han et al., 2018; Chen et al., 2020). Additionally, studies also have shown that many tumor-associated proteins have been reported to be neddylated, but the specific role of neddylation is unclear (Zhao et al., 2014).
The development of cancer is not only related to the characteristics of tumor cells but also linked to the TME. TME consists mainly of immune cells, such as T cells, B cells, and NK cells, and stromal cells, such as fibroblasts and endothelial cells (Domingues et al., 2016). The different immune cells play varied roles in tumor cell proliferation, apoptosis, and metastasis. Therefore, the number and proportion of immune cells in metastatic tissues play an important role in the classification of tumor subtypes (Hanahan and Coussens, 2012; Gambardella et al., 2020). For example, infiltration of CD8+ T cells is often associated with a positive prognosis, whereas polarization of M2 macrophages is considered a negative prognostic marker (Petitprez et al., 2020). Numerous studies show that a wide range of proteins in immune and tumor cells undergo extensive neddylation, and high expression levels of many neddylation-associated proteins in tumors were indicative of poor patient outcomes (Chang et al., 2012; Li et al., 2013; Zhou L. et al., 2019). Therefore, by regulating the abundance of immune cells in TME, neddylation modification may provide new insights into the pathogenesis and treatment of LUAD.
MATERIALS AND METHODS
Data collection and processing
The LUAD expression profile, clinical information, and mutation data were downloaded from the TCGA (The Cancer Genome Atlas) database. After standardization and data collation, 500 tumor samples were eventually obtained from TCGA for further study. Expression profile and clinical information data from the GSE72094 dataset were obtained from the Gene Expression Omnibus (GEO) database. After standardization and data collation, 398 tumor samples from the GSE72094 dataset were finally obtained. Neddylation-associated genes were obtained from the Reactome database (https://reactome.org/). Genetic mutation data and Copy Number Variation (CNV) data were downloaded from the TCGA-LUAD. Public databases GeneMANIA (https://genemania.org/) and STRING (https://cn.string-db.org/) are used to analyze the protein-protein interactions.
Unsupervised consensus clustering
In this study, a Univariate Cox analysis of neddylation-associated genes was performed and 76 prognostic genes based on the clinical information and expression data were finally obtained from the TCGA database. Unsupervised consensus clustering analysis based on expression profile data from 76 prognostic genes was carried out using the R package “ConsensusClusterPlus” (Wilkerson and Hayes, 2010). The optimal clustering number was selected based on the Cumulative Distribution Curve. Principal Component Analysis (PCA) further confirmed the validity of clustering. Consensus clustering of differentially expressed core genes between two neddylation patterns used the same approach, and two genomic subtypes were eventually obtained.
Tumor immune microenvironment
In this study, ESTIMATE (Yoshihara et al., 2013), EPIC (Racle et al., 2017), TIMER (Li et al., 2016), and single-sample Gene Set Enrichment Analysis (ssGSEA) algorithms (Lin et al., 2021) were used to determine the TME. The ESTIMATE algorithm evaluated the ESTIMATE score, immune score, and stromal score, and analyzed tumor purity. The EPIC algorithm was used to demonstrate the infiltration abundance of seven immune cell types in the tumor. The TIMER algorithm was applied to evaluate the infiltration abundance of six immune cell types. Additionally, the ssGSEA algorithm calculated the infiltration abundance of 24 immune cell types (Bindea et al., 2013).
Functional enrichment analysis and identification of core gene networks
The gene set variation analysis (GSVA) algorithm was used to analyze functional differences between two neddylation patterns (Hanzelmann et al., 2013). Hallmark gene sets were downloaded from the GSEA website (Liberzon et al., 2015). The enrichment score of each sample in the gene set was calculated using the R package “GSVA,” resulting in enrichment score matrix. Mariathasan et al. (2018) compiled nine tumor-associated biological pathways. Differential genes between the two neddylation patterns were obtained using the R package “limma” (Ritchie et al., 2015). Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) databases were analyzed based on differentially expressed genes (FDR < 0.05, |log2FC| > 1) between the two patterns (The Gene Ontology, 2019; Kanehisa et al., 2021). KEGG analysis was performed using the R package “Cluster Profiler” (version 3.14.3). Metascape website was used to carry out GO analysis (Zhou Y. et al., 2019). The protein-protein interaction (PPI) network was constructed using the STRING database and the network connection type to “physical connection” with a confidence score of ≥0.4 was set (Szklarczyk et al., 2021). In addition, to build the network, Cytoscape software was used to calculate Degree scores and screen for core genes (Degree > 10) (Shannon et al., 2003).
Construction of neddylation score
In this study, R package “glmnet” was used to perform LASSO-Cox analysis (10-fold cross-validation). Multivariate stepwise regression was then performed on 17 genes obtained from LASSO. Finally, a prognostic signature consisting of 10 genes was developed. The formula for the signature was computed as follows: risk score = [Coef(1) × gene Exp(1)] + [Coef(2) × gene Exp(2)] + …… + [Coef(i) × gene Exp(i)] (Tibshirani, 1997; Wang et al., 2019). Prognostic analysis was performed by Kaplan-Meier curve using R packets “survival” and “survminer.” The R packages “timeROC” and “survival” were used to assess 1-, 3-, and 5-year survival.
Prediction of chemotherapeutic drug sensitivity
R package “pRRophetic” was used to predict the efficacy of chemotherapy drugs (Geeleher et al., 2014). Minimum drug inhibition concentrations (IC50) were calculated for each sample based on expression profile data from patients with LUAD. By comparing chemotherapeutic drug sensitivity between high- and low-risk groups, better personalization of LUAD treatment was possible by selecting specific drugs.
RESULTS
Prognostic value and genetic variation of neddylation-associated genes in lung adenocarcinoma
Various types of PTMs include hydroxylation, lipidation, glycosylation, disulfide bond, ubiquitination, methylation, phosphorylation, acetylation, SUMOylation, lactylation, neddylation, etc. (Figure 1A). Studies have shown that protein PTMs play a crucial role in many biological processes in cancer malignancy. Neddylation is an important PTM, and a reversible process regulated by NEDD8, neddylation E1 activating enzymes (NAE1, UBA3), neddylation E2 binding enzymes (UBE2M, UBE2F), neddylation E3 ligases, de-neddylation proteins, etc. (Figure 1B). Neddylation affects the stability, conformation, and function of substrate proteins, which in turn regulate nuclear localization, intracellular signaling, DNA damage response, cell cycle, apoptosis, and the TME. Based on the role of neddylation in tumor progression, the gene set from the Reactome database was obtained, and neddylation-associated proteins were selected for further study. Figures 1C,D showed the flowchart of our study in LUAD. In this study, a Univariate Cox analysis of neddylation-associated genes was performed and 76 genes with prognostic values were identified (Figure 2A). To further explore the value of these 76 genes in tumors, their mutational status in LUAD was analyzed. A total of 135 samples were found to have mutations in these genes in 500 tumor samples, with an overall incidence of 27%, mainly in the form of missense mutations and nonsense mutations (Figure 2B). In addition, CNV analysis of the prognostic genes was also conducted. CNV amplifications were prevalent in many genes, especially PMD4 and PMB4, whereas CNV deletions mainly existed in PMA5, PMD13, and UBE2M (Figure 2C). CNV occurred on many chromosomes but was mainly concentrated on chromosomes 1, 2, 3, 7, 11, 12, 14, 15, 17, and 19 (Figure 2D). A PPI network of neddylation-related prognostic genes was also constructed. The protein network consisted of seven types of connections: physical interactions, predicted, co-expression, pathway, shared protein domains, co-localization, and genetic interactions. The neddylation-associated genes were found to have a common interaction and were predicted to play a synergistic role in tumors. To further explore the function of 76 prognostic genes, an enrichment analysis was performed using metascape (Supplementary Figures S1A,B). The results showed that these genes play an important role in biological processes such as neddylation, antigen processing, protein modification, and negative regulation of the immune system process.
[image: Figure 1]FIGURE 1 | Flow chart of the data analysis. (A) PTMs of proteins. (B) Process of neddylation modification. (C) LUAD classification based on neddylation-related genes. (D) Prognosis signature based on neddylation-related genes.
[image: Figure 2]FIGURE 2 | Genetic variants in 76 prognostic genes. (A) Univariate Cox analysis identifying 76 prognostic genes. (B) Mutation landscape of prognostic genes. (C,D) CNV in prognostic genes. (E) PPI network of prognostic genes.
Identification of two different molecular patterns of lung adenocarcinoma based on neddylation-related genes
Based on consensus clustering, the TCGA obtained LUAD samples were categorized into two patterns using neddylation-associated prognostic genes (Figure 3A). The highest stability between the two patterns existed when k = 2 (Figure 3B). Principal component analysis (PCA) further validated the significant differences between the two patterns (Figure 3C). The two patterns were labeled as neddylation cluster1 and neddylation cluster2, respectively. The two patterns differed in clinicopathologic factors in patients with LUAD (Figure 3D). Cluster1 had more male patients and also more patients aged ≤65 years compared with cluster2. Considering pathological stage, cluster1 had more patients with pathological stage III and stage IV tumors compared with cluster2. Cluster1 also demonstrated a worse prognosis than cluster2 using patient outcomes (Figure 3E). The expression of 76 prognostic genes between the two patterns was explored. The vast majority of neddylation-related genes are differentially expressed in both patterns (Figures 3F,G). Therefore, further exploring the two patterns of LUAD is of practical significance.
[image: Figure 3]FIGURE 3 | Identification of two patterns associated with neddylation. (A,B) Consensus clustering of 76 genes in LUAD. (C) PCA in two patterns. (D) Differences in clinical factors between the two patterns. (E) Differences in prognosis between the two patterns. (F,G) Expression of 76 prognostic-related genes in two patterns.
Immune landscape and functional differences between the two patterns
The immune infiltration abundance of TCGA samples was calculated using the ESTIMATE algorithm. By comparing the scores of cluster1 and cluster2, cluster1 was found to have higher tumor purity but conversely lower ESTIMATE, immune, and stromal scores (Figure 4A). These results were further validated by using ssGSEA, TIMER, and EPIC algorithms: results of the ssGSEA algorithm, which calculated enrichment scores for 24 immune cell types, revealed that cluster1 generally had a lower abundance of immune cells such as B cells, T cells, CD8+ T cells, cytotoxic cells, dendritic cells (DC), and mast cells (Figure 4B); the TIMER and EPIC algorithms calculated enrichment scores for six and seven immune cell types, respectively, and results from both indicated that cluster1 had a lower abundance of CD4+ T cells and B cells (Figure 4C). In short, these four algorithms suggested that cluster1 had lower levels of immune infiltration and was favorable for tumor escape. These findings were consistent with the prognostic results between the two patterns. Besides, immunotherapies targeting immune co-suppressor molecules have become a very important topic in the clinical treatment of lung cancer, particularly in treating adenocarcinoma. The differences in immune checkpoint expression levels between the two patterns were compared. As shown in Figure 4D, cluster1 had higher expression levels of LAG3, PDCD1, CD274, and PDCD1LG2 compared to cluster2, suggesting that patients in cluster1 may benefit from immunotherapies. To further investigate the differences in the functional mechanism between the two patterns, the ssGSEA method was used to compute nine gene sets reported by Mariathasan et al. (Angiogenesis, Immune checkpoint, Cell cycle regulators, Pan F TBRs, EMT1, EMT2, EMT3, Cell cycle, DNA replication). Results showed that cluster1 had higher levels of immune checkpoints, cell cycle regulators, EMT2, cell cycle, and DNA replication (Figure 4E). This meant that patients with LUAD in cluster1 had higher expression of immune checkpoints and also enhanced biological functions associated with cell proliferation and metastasis. In addition, the GSVA analysis was used to calculate scores for 50 gene sets from the Hallmark pathway and ultimately found statistical differences in 37 pathways between the two patterns (Figure 4F). Notably, cluster1 was significantly enriched at G2M checkpoints, DNA repair, E2F targets, MTORC1 signaling, MYC targets, Glycolysis, EMT, TGF-β signaling, PI3K-AKT-MTOR signaling, and many other tumor progression–related pathways (Supplementary Figure S2). Combining the results of ssGSEA and GSVA algorithms, cluster1 was found to exhibit a pro-tumor progression pattern in molecular mechanisms, which better explained the worse prognosis observed in the patients of this pattern.
[image: Figure 4]FIGURE 4 | Two patterns revealed differences in TME and biological function. (A) ESTIMATE score, immune score, stromal score, and tumor purity of the two patterns. (B) Abundance of infiltration of 24 immune cells calculated by ssGSEA algorithm. (C) Differences in immune infiltration abundance between different patterns and clinical factors (EPIC, TIMER, ssGSEA algorithm). (D) Differences in expression of immune co-inhibitors between the two subtypes. (E) Calculation of enrichment scores of nine gene sets using ssGSEA algorithm. (F) Statistical differential pathways obtained by GSVA algorithm.
Construction of two genomic subtypes based on differentially expressed genes
Using the R package “limma,” differentially expressed genes between the two patterns (|log2FC| > 1, FDR < 0.05) were identified. The red dots on the volcanic map were the upregulated genes and the blue dots were the downregulated genes (Figure 5A). Based on differentially expressed genes, KEGG and GO analyses were performed. Eight pathways were observed to be enriched by KEGG Figure 5B. Substantial enrichment of the cell cycle–related pathways was observed (Supplementary Table S1). Additionally, GO analysis was performed using metascape and enriched modules were exhibited in different color regions (Figure 5C). In these modules, many biological functions such as cell cycle, DNA replication, and cell cycle checkpoints were found to be involved; these results were consistent with the KEGG analysis. To further investigate the core genes that play a central role in these differentially expressed genes, constructed a core PPI network was constructed using the STRING database (network type: physical subnetwork, the minimum required interaction score: 0.4) and Cytoscape software (Cytohubba plugin, Degree > 10). Eventually, a core network of 62 genes was obtained (Figure 5D). A Univariate Cox analysis was performed on 62 core genes and all the core genes were found to be related to prognosis (Figure 5E). To further investigate the overall role of core genes, an unsupervised consensus clustering was used to classify the patients with LUAD obtained from the TCGA. Notably, patients with LUAD can be classified into two genomic subtypes, called genesubtype-S1 and genesubtype-S2 (Figures 5F,G). Results from the PCA showed significant differences between the two genomic subtypes (Figure 5H). It was observed that the prognosis of patients in genesubtype-S1 was worse (Figure 5I). A Sankey diagram was drawn to better understand the direct relationship between neddylation patterns and genomic subtypes and observed that the vast majority of neddylation cluster1 and a small fraction of neddylation cluster2 made up genesubtype-S1 (Figure 5J). Whereas the vast majority of neddylation cluster2 constituted genesubtype-S2. These results suggested that differential expressed genes obtained from neddylation patterns can identify two genomic subtypes with underlying differences in biological functions.
[image: Figure 5]FIGURE 5 | Identification of neddylation-associated gene subtypes based on differentially expressed genes. (A) Volcano map showed differentially expressed genes between two patterns (FDR < 0.05, |log2FC| > 1). (B) KEGG enrichment analysis of differentially expressed genes (FDR < 0.05, |log2FC| > 1). (C) GO enrichment analysis of differentially expressed genes (FDR < 0.05, |log2FC| > 1). (D) Construction of core gene network using STRING database and cytoscope software. (E) Univariate Cox analysis of core genes. (F,G) Consensus clustering based on core genes. (H) PCA of gene subtypes. (I) Prognostic differences between two gene subtypes. (J) Sankey diagram based on neddylation patterns, gene subtypes, age, gender, pathological stage, and survival status.
Construction of neddylation-associated prognostic signature
Based on the above analyses, we reconfirmed the biological functions of neddylation-associated genes in LUAD. Therefore, constructing a neddylation-associated prognostic signature was relevant for more accurate risk stratification and personalized treatment. First, conducted a LASSO-Cox regression analysis was conducted of the 76 prognostic genes to rule out co-linearity (Figures 6A,B). The obtained genes were then subjected to Multivariate stepwise regression analysis and 10 genes were ultimately obtained (Figures 6C,D). Based on the coefficients of these 10 genes, the following formula was computed: risk score = 0.638868474 * (ASB1 expression) + (−0.726359916) * (ASB2 expression) + 0.307518379 * (ELOB expression) + (−0.210560286) * (FBXO44 expression) + (−0.659933214) * (FBXO9 expression) + 0.344489376 * (KLHL25 expression) + 0.258048126 * (PSMB8 expression) + 0.420743815 * (PSMC6 expression) + (−0.48641054) * (SENP8 expression) + 0.421992563 * (UBC expression). Based on this formula, LUAD samples from the training set were classified into high- and low-risk groups. The heat map showed the expression of 10 genes in the high- and low-risk groups and a notably higher death rate was observed in the high-risk group (Figure 6E). Furthermore, a Multivariate Cox analysis was performed for patients with LUAD by risk score, age, gender, and pathological stage. The results showed that risk score can be an independent prognostic factor (Figure 6F). In addition, using the same formula, risk scores in the validation set, the entire TCGA database, and the external validation dataset GSE72094, were calculated. Prognostic analysis of four databases was conducted and significantly worse outcomes in all datasets for the high-risk group were observed Figures 6G–J. Additionally, a time-dependent receiver operating characteristic (ROC) analysis was performed on these four datasets to validate the predictive efficiency of signatures. The survival rates in the training set of 1, 3, and 5 years were 0.722, 0.734, and 0.860, respectively (Figure 6K). The validation sets also showed good predictive performance (Figures 6L–N). These results confirmed the accuracy of the 10-gene signature in determining patient risk stratification and prognosis. Moreover, to better investigate the relationship between risk scores and clinical parameters, a more refined examination was conducted. The results showed no statistically significant difference in risk scores between patients aged ≥65 years compared to those aged <65 years. However, in terms of gender, male patients had significantly higher risk scores than female patients. We also found that patients with pathological stage III and IV had higher risk scores than patients with pathological stage I and II (Supplementary Figures S3A–C). In addition, we performed prognostic analyses for patients with different clinical parameters. Excitingly, the results revealed that patients with high-risk scores in these clinical parameters all had a poorer prognosis (Supplementary Figures S3D–I).
[image: Figure 6]FIGURE 6 | Construction of prognostic signature. (A,B) LASSO regression analysis based on 76 prognostic genes. (C) Multivariate Cox analysis was performed on genes obtained from LASSO. (D) The 10 genes that ultimately built the signature. (E) Differences in survival status and expression of 10 genes between high- and low-risk groups. (F) Multivariate Cox analysis of risk score and clinical factors. (G–J) Prognostic analysis of training set, validation set, whole TCGA Set, GSE72094. (K–N) Time-dependent ROC analysis of the training set, validation set, whole TCGA set, and GSE72094.
Predicting immune infiltration, genetic mutations, and chemotherapeutic drug efficacy based on the risk score
As discussed earlier, two molecular patterns and two genomic subtypes associated with neddylation were identified. We further analyzed the relationship between risk scores and different subtypes. As shown in Figures 7A,B, neddylation cluster1 and genesubtype-S1 had a higher risk score; these findings were consistent with previous analysis. After confirming the prognostic efficacy of the signature, we further explored whether risk score can be used to determine immune infiltration, gene mutation status, and chemotherapeutic drug selection in patients with LUAD. The ESTIMATE algorithm helped identify the high-risk group with higher tumor purity and lower ESTIMATE, immune, and stromal scores. The high-risk group exhibited lower levels of immune infiltration (Figures 7C,D). To validate these results, ssGSEA analysis was performed on the training set. Interestingly, except for Th2 cells, the majority of immune cells exhibited a low abundance of immune infiltration (Figures 7E,F). These results suggested that the high-risk group had a negative TME that promotes tumor progression. Remarkably, the high-risk group also displayed notable differences in the extent of mutations compared to the low-risk group: mutations occurred in 145 of the 150 samples in the high-risk group, versus in 126 of the 150 samples in the low-risk group. Additionally, heat maps identified the 20 genes with the highest mutation rates in both groups, and significant differences were observed in the frequency of mutations in these genes (Figures 7G,H). Chemotherapeutic drug predictions were also performed for patients with LUAD in the high- and low-risk groups to provide options for personalized treatment. The high-risk group responded better with A.443654, GNF.2, Paclitaxel, Parthenolide, RO.3306, and Docetaxel, whereas the low-risk group responded better with ABT.263, AS601245, Axitinib, GDC.0449, MK.2206, PAC.1 (Figure 7I).
[image: Figure 7]FIGURE 7 | Differences in TME, mutation levels, and chemotherapeutic drug sensitivity among high- and low-risk patients. (A) Risk score between the two different neddylation patterns. (B) Risk score between the two different gene subtypes. (C,D) Tumor purity, estimate score, immune score, and stromal score between high- and low-risk groups. (E,F) Correlation between risk score and abundance of 24 immune cell types. (G,H) Correlation between risk score and genetic mutation. (I) Prediction of chemotherapeutic drugs in high- and low-risk groups.
Building a more accurate nomogram that combines clinical factors with risk score
To improve the accuracy of the predictive effect of the risk score, the risk score was combined with clinical factors to construct a nomogram (Figure 8A). By establishing a calibration curve, the nomogram demonstrated good accuracy in predicting the 1-year, 3-year, and 5-year survival times (Figure 8B). The decision curve analysis (DCA) and ROC curves for 5-year survival revealed that nomo-scores and risk scores were better predictors for survival than in the pathological stage (Figures 8C,D). These findings confirmed that our signature has good prospects in clinical application. Additionally, we also constructed nomograms for the validation set, the entire TCGA dataset, and the external validation set GSE72094 to further confirm the validity of our nomogram and validated the prognosis accuracy across the four datasets (Figures 8E–H). The results revealed that the prognosis of patients with LUAD could be significantly distinguished based on the nomo-score: patients with a high nomo-score had a worse prognosis. Time-dependent ROC curves were also used to further validate the predictive efficiency of the nomogram and find that the nomo-score has higher AUC values than the risk score (Figures 8I–L). Taken together, these results further confirmed that risk score can be used not only as a prognostic factor alone but also in combination with other clinical factors to substantially improve the accuracy of prognosis determination in patients with LUAD.
[image: Figure 8]FIGURE 8 | Construction of nomogram based on risk score and clinical factors. (A) A more predictive nomogram. (B) Calibration curve of 1-year, 3-year, and 5-year survival time. (C) Nomogram’s 5-year survival time ROC curve. (D) Nomogram’s 5-year survival time DCA curve. (E–H) Time-dependent ROC curves of the training set, validation set, entire TCGA set, and GSE72094 (based on nomo-score). (I–L) Kaplan-Meier analyses of the training set, validation set, entire TCGA set, and GSE72094 (based on nomo-score).
DISCUSSION
Cancer is an extremely complex entity. Many studies have shown that multiple factors are involved and controlled in tumorigenesis. Sustained growth signaling, unlimited replication potential, antiapoptotic factors, acquisition of invasive metastasis, reprogramming of cell metabolism, and TME are major hallmarks of cancer malignancy (Hanahan and Weinberg, 2011; Wong, 2011; Mossmann et al., 2018; Xiao and Yu, 2021; Yin et al., 2022). However, tumors exhibit extreme heterogeneity, which is characterized by mutations in genes and alterations in the TME (Paul et al., 2019; Zhang et al., 2022). Therefore, finely tailored therapeutic strategies are required for tumor treatment.
Neddylation is a type of protein PTM that increases proteomic diversity. Increasing evidence suggests that neddylation is aberrantly activated in a wide range of tumor types, consequently affecting tumor progression and altering the TME (Xie et al., 2021; Zhou et al., 2021). Further research on neddylation-related genes is warranted to provide new treatment strategies for cancer treatment (Zheng et al., 2021). Lung cancer is one of the leading causes of human death worldwide and has a high incidence and mortality rate. LUAD is the most common histological type of lung cancer and has a highly complex TME. Few studies have been conducted on neddylation modification in LUAD, and most of the existing literature focuses on the mechanisms and effects of one particular gene in the neddylation modifications (Zhou et al., 2017; Lee et al., 2018). Therefore, systematically investigating the role of neddylation-associated genes in predicting the prognosis of tumor progression and TME is of practical significance. Furthermore, using neddylation-associated tumor classification and risk stratification, determining the prognosis of LUAD and providing personalized treatment options might be possible.
In this study, 76 neddylation-associated prognostic genes in LUAD were first identified and their mutation frequency and CNV were analyzed. Based on prognostic genes, patients with LUAD were successfully classified into two patterns, viz., cluster1 and cluster2. Cluster1, when compared with cluster2, exhibited a higher proportion of patients with pathological stage III and IV LUAD, thus presenting a more pronounced malignant state with a worse prognosis. Using four immune infiltrating algorithms (ESTIMATE, EPIC, ssGSEA, and TIMER), it was noted that the levels of numerous immune cell types, including B cells, DC, mast cells, CD4+ T cells, and CD8+ T cells, were significantly lower in cluster1. Based on these results, we can conclude that the immune state in cluster1 promotes tumor progression and tumor escape, whereas, in cluster2, it showed inhibition of tumor progression. However, high levels of immune co-inhibitory molecules, such as LAG3, PDCD1, CD274, and PDCD1LG2, were also expressed in cluster1. This may be suggestive of a better response to immunotherapy among patients with LUAD in cluster1 (Schnell et al., 2020). To further investigate the potential mechanism of action of these two patterns in biological function, the ssGSEA algorithm was used to analyze the nine gene sets identified by Mariathasan et al. as well as Hallmark’s 50 gene sets from the GSEA website. The ssGSEA algorithm analysis, and later confirmed by GSVA, showed that cluster1 demonstrated a tendency to favor tumor proliferation and metastasis, as evidenced by the higher enrichment scores for gene sets of cell cycle regulators, cell cycle, DNA replication, EMT2, immune checkpoints, etc. Cluster1 pattern shows activity across a wide range of pathways and demonstrated high enrichment scores for G2M checkpoints, E2F targets, unfolded protein responses, MYC targets, oxidative photography, mitotic spindle, DNA replay, glycolysis, and other tumor progression–associated biological functions. Notably, the cluster1 pattern was significantly enriched in the following signaling pathways: TNF-α, TGF-β, IL6-JAK-STAT3, PI3K-AKT-mTOR, and MTORC1. Numerous studies have shown that aberrant activation of these signaling pathways substantially contributes to growth, migration, and invasion of tumor cells, thus reshaping the TME and exhibiting worse prognosis (Kim et al., 2017; Johnson et al., 2018; Saito et al., 2018; Cruceriu et al., 2020; Iksen et al., 2021). Additionally, cluster1 also demonstrated notably increased adipogenesis, fatty acid metabolism, and cholesterol homeostasis; abnormal levels of metabolism play an important role in tumor progression as has been confirmed by previous studies (Li and Zhang, 2016; Ghaben and Scherer, 2019; Liu et al., 2021).
As there were differences in biological functions across the two neddylation patterns, differential expression analysis was performed which helped to further identify cell cycle-related genes that may play a central role in tumor progression and metastasis. Building and analysis of the core network helped to identify the 62 most critical genes. Additionally, through an unsupervised consensus clustering approach, LUAD was subdivided into two genomic subtypes, viz., genesubtype-S1 and genesubtype-S2. Genesubtype-S1 demonstrated a worse prognosis compared with genesubtype-S2, again demonstrating the importance of neddylation-associated genes in classifying patients with LUAD. Furthermore, for accurate risk stratification of patients with LUAD, a neddylation-associated prognostic signature was constructed. The signature was highly predictive: considerably worse outcomes were observed in patients with a high-risk score in the training set, validation set, whole TCGA set, and GSE72094. The ROC analysis also showed high predictive accuracy. Notably, most immune cell types had low infiltration abundance in patients with LUAD with high-risk scores, suggesting tumorigenesis and tumor progression were favored in these patients. Genetic mutation analysis revealed that patients with high-risk scores had higher mutation frequency versus those with the low-risk score. Increased genetic mutations may lead to cellular physiological dysfunction and enhanced tumor metastasis. Finally, the sensitivity to chemotherapeutic agents was analyzed and appropriate chemotherapeutic agents were screened for both high- and low-risk groups of patients with LUAD to provide for a more refined treatment strategy.
Many LUAD-associated prognostic models have been made available previously; for example, an immune-related prognostic signature constructed by Yi et al. (2021), a ferroptosis-associated prognostic signature introduced by Wang et al. (2021), an autophagy-related prognostic signature developed by Li et al. (2022), and an inflammatory-associated prognostic signature identified by Zhai et al. (2021) have identified. Compared with these models, our study reported a prognostic model based on neddylation-associated genes which shows promising prognostic accuracy. To our knowledge, this study is the first of its kind. The 10-gene prognostic model constructed in this study aids in determining prognosis. Risk-score outperforms pathological stage in terms of predicting prognosis accurately. As an independent prognostic factor and clinically useful indicator, a risk score can be combined with other clinical factors to construct nomogram with increased accuracy and potential clinical application. However, this study has limitations. Our analysis was based primarily on TCGA and GEO databases, and further validation of the accuracy of our model in larger sample sizes observed in clinical studies would be required.
CONCLUSION
In summary, this study aimed to classify patients with LUAD into two patterns based on their neddylation-associated prognostic genes which potentially indicates the nature of TME. Significant differences were observed between the two patterns in the activation of the signaling pathways associated with tumor proliferation and metastasis. Prognostic signatures based on neddylation-related genes can help stratify patients with LUAD, guide personalized treatment, and provide a preliminary exploration for clinical use.
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The outcome of colon adenocarcinoma (COAD) patients remains dismal, and lactate metabolism has been characterized to promote tumor development and immune evasion. Based on the above background, it is worthwhile to explore novel prognostic and therapeutic biomarkers for COAD patients from the aspect of lactate metabolism. Above all, 228 available lactate-metabolism-related genes (LMRGs) were acquired, and the landscape of copy number variation and the expression difference of mRNA levels between colon normal and tumor samples were investigated among these LMRGs. Importantly, eight overall survival (OS)-involved LMRGs were then distinguished by means of univariate Cox regression analysis in both GSE40967 and TCGA-COAD data sets. Subsequently, prognostic risk scores were established, integrating seven OS-related LMRGs by LASSO Cox regression analysis in the GSE40967 set, and then verified in the TCGA-COAD cohort. From the comprehensive analyses, COAD patients with high risk had comparatively more inferior survival probability in all populations of the study, and they tended to have more severe clinicopathological features with the risk score increasing. Moreover, by integrating age, AJCC T and pathological stage, and risk score, we constructed a prognostic nomogram that demonstrated great prediction effectiveness for OS of COAD patients. Furthermore, the potential effect of various risk score on tumor immune was assessed from enrichment of immune-related pathways, tumor-infiltrating immune cells, and expression levels of immune checkpoints separately. We could draw a conclusion that COAD patients with higher lactate-metabolism-related risk scores may acquire an immunosuppressive tumor microenvironment, which subsequently led to immune escapes and poor prognoses. Conclusively, all findings in the present study illustrate a great prognostic value of the lactate-metabolism-related risk signature, providing more in-depth insights into the indispensable function of lactate metabolism in prognosis and tumor immunity of COAD.
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Introduction

Colon adenocarcinoma (COAD) has been the third most common malignant tumor with 10% of all cancers and high mortality (1). Therapeutic advancements, including surgical technique, chemotherapy, and molecular targeted therapies, have greatly improved the outcome of patients with COAD (2). However, with the increases in incidence and drug resistance, the prognosis of some patients with COAD remains dismal (3). To further enhance the curative effect and survival of such population, more effective biomarkers and more accurate cancer identification are still urgent and worth exploring.

To date, there has been a general consensus that aerobic glycolysis (the Warburg effect) has emerged as a metabolic hallmark of cancers, and tumor cells secrete large amounts of lactate, which always results in lactate accumulation in the tumor microenvironment (TME) (4). Hence, lactate metabolism has attracted more attention in cancer metabolic research recently. A considerable amount of evidence has uncovered the nonnegligible role of lactate metabolism alterations as biomarkers of cancer prognoses (5–8). For COAD, lactate originated by the noncancer stem cells promoted self-renewal of cancer stem cells (CSCs) and consequently contributed to tumor progression (9). Besides this, meta-analyses revealed that high levels of lactate dehydrogenase were correlated with unfavorable overall survival (OS) in colorectal cancer (CRC) patients (10). Nonetheless, a full-scale landscape of the impact of lactate metabolism on prognosis of COAD still lacks.

COAD development is verified to be a complicated process involving the interactions between the tumor, TME, and host immune system (11). Accumulating evidence reveals that TME is closely related to the progression, relapse, metastasis, and therapeutic resistance of CRC (12). To be exact, the TME is especially lactate-enriched (13). For tumor-infiltrating immune cells, which are a part of the complex microenvironment, playing a leading role in the TME, lactate accumulation supported tumor immune escape by depressing the cytotoxic activities of T cells and connatural lymphocytes such as natural killer (NK) and natural killer T (NKT) cells (14, 15). In CRC, lactate-mediated acidification of TME is revealed to induce apoptosis of liver-resident NK cells in liver metastasis (16). In addition, decreasing lactate production in cancer cells is observed to synergize with immunotherapy by preventing the acidification of the TME in melanoma (17). On the whole, the effect of lactate metabolism on the TME cannot be underestimated. However, a comprehensive analysis of such influence in COAD has not yet been reached.

In this study, we identified prognostic lactate-metabolism-related genes (LMRGs) and establish a reliable nomogram model on the basis of LMRGs to predict the survival outcomes of COAD patients. Moreover, the potential relationship between the signature and the TME was further explored. Our study provides more evidence that lactate metabolism is strongly correlated with patient prognosis and tumor immunity in COAD.



Materials and methods


Data retrieval and collection of LMRGs

From The Cancer Genome Atlas (TCGA) database (41 normal colon samples and 473 COAD samples, https://portal.gdc.cancer.gov/repository) and GSE40967 in the Gene Expression Omnibus (GEO) database (585 COAD samples, https://www.ncbi.nlm.nih.gov/geo/), the public transcriptome expression matrices and clinical information of COAD patients were retrieved. Afterward, 573 COAD patients in GSE40967 were set to the training set, whereas 457 COAD samples of TCGA were selected as an external validation set after exclusion of patients with no OS information. From the Molecular Signature Database v7.5.1 (MSigDB), 284 LMRGs were downloaded (18). Furthermore, 228 overlapping LMRGs were collected for ulterior analyses after intersecting the aforementioned 284 LMRGs with all genes in GSE40967 and TCGA-COAD data sets (Supplementary Figure 1).



Verification of copy number variation (CNV) frequency and differentially expressed genes (DEGs) among LMRGs

The CNV data of patients from TCGA-COAD was attained in the UCSC Xena database (https://xenabrowser.net/datapages/). Subsequently, the CNV frequency of the above 228 LMRGs was computed, and a bidirectional column chart was used to visualize the result. The DEGs within LMRGs were verified after comparing the normal and cancer samples in the TCGA-COAD data set when the threshold was set with false discovery rate (FDR)< 0.05 and |log2FC| > 1 using the “edgR” R package (19, 20). These significant DEGs were also described with a heat map and a volcano plot.



Acquisition of OS-related LMRGs in COAD

To demonstrate the profound prognostic significance of 228 LMRGs in COAD, Cox proportional hazards regression analyses were carried out for univariate analyses to obtain OS-related LMRGs with P<.05 in the GSE40967 (n = 573) and TCGA-COAD (n = 457) cohorts, respectively. Ulteriorly, the overlapping OS-related LMRGs were screened out for further research. Meanwhile, the relevant characteristics among the above LMRGs were illustrated in a correlation matrix plot, and the “RCircos” R package was utilized to display mRNA expressions and chromosomal positions of those candidate LMRGs (21).



Establishment and validation of lactate metabolism–correlated prognostic signature in COAD

To establish a statistically prognostic signature according to these eligible OS-related LMRGs, least absolute shrinkage and selection operator (LASSO) Cox regression analysis was accomplished in the training cohort. In addition, seven LMRGs were retrieved to construct a signature for COAD patients, whereas the prognostic significance of each LMRG included in the signature was portrayed, respectively. According to the predictive signature, the lactate-metabolism-related risk score of individual COAD patient would be calculated as follows:

	

Meanwhile, the risk score was adjusted by a linear transformation in every data set with the following formula:

	

Subsequently, patients in each cohort were divided into high- and low-risk subgroups using the median cutoff value. To uncover the feasibility of the risk model, Kaplan–Meier survival analysis of OS difference was executed between high- and low-risk groups in two data sets separately, and Kaplan–Meier survival analyses of progression-free survival (PFS), disease-free survival (DFS), and disease-specific survival (DSS) were further performed between different risk groups in the TCGA-COAD cohort.



Completed investigation of risk score and clinical parameters in patients with COAD

To elucidate the availability of the risk signature based on LMRGs in clinical situations, we compared the distribution of adjusted risk values with different degrees of various clinicopathologic parameters using boxplots with the Kruskal test. Additionally, heat maps were plotted to decipher the correlation between each selected LMRG’s expressions and important clinical indicators, comprising risk score, T, N, AJCC stage, and survival status in the training and validation sets.



Construction and evaluation of lactate-metabolism-related clinical nomogram in COAD

Furthermore, univariate and multivariate Cox regression analyses were delineated to explore whether the lactate-metabolism-related risk score could be an independent predictor of COAD. Based on the results presented, a lactate-metabolism-related nomogram, integrating risk score, age, T, and AJCC stage in the GSE40967 was constructed through the “rms” and “regplot” R packages (22, 23). In an effort to evaluate the predictive performance of the nomogram, we performed the calibration analysis and decision curve analysis (DCA) and plotted corresponding curves (24).



Identification of different biological functions within two risk subgroups

The “GSVA” R package was carried out to investigate the distinctions of biological processes and signaling pathways between high- and low-risk groups in the training and validation sets, respectively (25, 26). “c2.cp.kegg.v7.5.1.symbols.gmt” [KEGG] was dug out from MSigDB as the reference molecular signature database, and P values<.05 were deemed statistically significant after being adjusted. Ultimately, the top 20 significant KEGG pathways were displayed as heat maps.



Potential implications for TME landscape and immunotherapy based on the risk signature

To reveal the potential implications for immunotherapy based on lactate-metabolism-related risk score, different expression levels of three immunologic checkpoints, namely PDCD1 (PD-1), CD274 (PD-L1), and CTLA4, were detected between high- and low-risk groups using the Wilcox test. To determine the relative tumor-infiltrating abundance of 22 immune cells in the two subgroups, the CIBERSORT deconvolution algorithm was employed in the training set (27, 28).



Statistical analysis

Statistical analyses were done with R software (Version 4.0.2, http://www.R-project.org). The log-rank test was applied to conduct the comparison between Kaplan–Meier curves in this study (29). The Kruskal test was utilized to uncover the differences of adjusted risk scores in various clinical parameters. The discrepancy of checkpoints in low- and high-risk groups was detected by the Wilcox test. The correlation matrix diagram was examined using Spearman’s correlation test. All P values were bilateral, and statistical significances were set at P<.05.




Results


Identification of prognostic LMRGs in COAD

Initially, 228 common LMRGs were obtained through the intersection of two databases (GSE40967 and TCGA-COAD). We first assessed the global CNV alterations of 228 LMRGs in TCGA-COAD, which showed that there existed extensive CNV mutations among LMRGs. The top 20 genes in CNV amplification and deletion status are displayed in Figure 1A together. Then, the mRNA expression profiles of COAD samples in TCGA-COAD were analyzed to find differentially expressed LMRGs with the threshold of FDR< 0.05, |log2FC| > 1 and visualization of a heat map (Figure 1B) and a volcano plot (Figure 1C), respectively. Moreover, to identify prognostic candidate LMRGs in COAD for further research, univariate Cox regression analyses were performed to sift OS-related LMRGs in both TCGA-COAD and GSE40967 data sets (Figure 1D). In total, 22 and 98 significant OS-related genes were yielded, respectively, and eight equitant LMRGs (PLEC, BCS1L, CPT2, SDHB, COQ2, SLC39A8, PDSS2, and DLD) were factored into subsequent analyses (Figure 1E). Meanwhile, to obtain a more advanced understanding of these genes, a correlation network plot was presented to unravel the correlation features among eight eligible LMRGs (Figure 1F), and chromosomal positions and mRNA expression levels of these eight genes were illustrated by a circos plot (Figure 1G).




Figure 1 | Identification of prognostic LMRGs in COAD patients. (A) The global CNV frequency of LMRGs in the TCGA-COAD cohort. (B) The heat map of differentially expressed LMRGs between adjacent and tumor samples in TCGA-COAD. (C) The volcano plot presenting differentially expressed genes among LMRGs. (D) OS-related LMRGs in GSE40967 and TCGA-COAD cohorts, respectively. (E) The Venn diagram to identify eight intersected prognostic LMRGs. (F) The correlation matrix plot exhibiting eight candidate LMRGs. (G) The Circos plot to illustrate regions on chromosomes and expressions of eight candidate LMRGs.





Establishment and validation of lactate-metabolism-related prognostic signature for patients with COAD

The above eight candidate LMRGs were subsequently analyzed through carrying out the LASSO Cox regression analysis in COAD patients of the GSE40967 training data set, and seven pivotal genes (PLEC, BCS1L, CPT2, SDHB, COQ2, SLC39A8, and PDSS2) were determined to build the prognostic signature (Figures 2A, B). In addition, Kaplan–Meier survival analyses were conducted to investigate the survival capability of every signature-contained gene in the training (Figure 2C) data set. From the results, we found that high expression of PLEC and low expressions of BCS1L, CPT2, SDHB, COQ2, SLC39A8, and PDSS2 were significantly correlated with more unfavorable OS in COAD, which further supports the effectiveness of the selected genes. At length, a risk signature was constructed as follows: risk score = Expression of PLEC * 0.265886 - Expression of CPT2 * 0.106776 - Expression of BCS1L * 0.196516 - Expression of SLC39A8 * 0.040630 - Expression of PDSS2 * 0.059233 - Expression of SDHB * 0.033911- Expression of COQ2 * 0.196516.




Figure 2 | Construction of lactate-metabolism-related prognostic signature for COAD patients of the GSE40967 training group. (A) LASSO Cox regression analysis of the eight prognostic LMRGs. (B) Partial likelihood deviance for the LASSO regression to determine seven optimal prognostic LMRGs. (C) KM survival analyses of OS on the basis of mRNA expression levels of 7 LMRGs.



Then, to further test the prognostic value of our risk signature, patients of the TCGA-COAD training set and the GSE40967 validation set were independently segregated into high- and low-risk subgroups based on the median value of the risk score (Figure 3A). As we expected, patients of the high-risk group had higher incidence of deaths and shorter OS probability in both training and validation cohorts (Figure 3B). Meanwhile, the Kaplan–Meier survival analysis of OS indicated that high-risk COAD patients had considerably more unfavorable OS probability across all cohorts (Figure 3C, GSE40967, p = .00044 TCGA-COAD, p = .0044). Moreover, we performed survival analysis in patients of TCGA-COAD according to another survival index, and the results show that patients with high risk had similarly poorer PFS (p = .00085), DFS (p = .0076), and DSS (p = .00056), which strongly proves the above conclusions (Figure 3E). Additionally, we carried out time-dependent ROC curves to evaluate the performance of the risk prediction model, which depicted good predictive capability with AUCs in the training set as 0.606, 0.603, 0.643, 0.625, and 0.611 for 1-, 2-, 3-, 4-, and 5-year OS, and AUCs in the validation set were 0.613, 0.648, 0.615, 0.607, and 0.565 for 1-, 2-, 3-, 4-, and 5-year OS, respectively (Figure 3D).




Figure 3 | Assessment and validation of the availability of risk score in GSE40967 and TCGA-COAD sets. (A) Risk score distribution of COAD samples with different risks. (B) The distribution of risk score and OS time of COAD patients. (C) The Kaplan–Meier survival curves of OS according to high- and low-risk groups in patients with COAD. (D) The time-dependent ROC curves and AUC values for OS of the prognostic risk model. (E) The Kaplan–Meier survival curves of PFS, DFS, and DSS according to different risk groups.





Evaluation of the correlation between risk scores and clinicopathological indicators in COAD

Overall appraisal of the relationship between risk scores and common clinicopathological factors in COAD patients was then assessed. In the GSE40967 cohort, conspicuous discrepancies were observed between risk scores and clinical features, including survival status (p<.0001), T (p<.05), N (p<.0001), and AJCC stage (p<.0001) (Figure 4A). Similarly, significant correlations were also observed in the above indicators of the TCGA-COAD cohort (survival status, p<.05; N, p<.001; AJCC stage; p<.0001) except for T (Figure 4B). Of great interest, we noticed that the clinical features of COAD patients tended to be more severe as the risk scores increased, which reconfirmed the predictive value of the risk signature. Moreover, heat maps were also plotted to display the correlations between seven identified LMRGs and clinicopathological features in GSE40967 (Figure 4C) and TCGA-COAD (Figure 4D) data sets.




Figure 4 | Correlation of lactate-metabolism-related risk signature and clinical indicators in COAD patients. (A, B) Box plots to present the relationship between different risk groups and clinicopathological characteristics of patients in GSE40967 (A) and TCGA-COAD (B), respectively. (C, D) Correlation heat maps of risk signature-contained LMRGs and clinicopathological factors in GSE40967 (C) and TCGA-COAD (D) separately. *p < 0.05; ***p < 0.001; ****p < 0.0001; ns, not significant.





Construction and assessment of a prognostic nomogram based on the risk score signature

To further determine if the risk signature could serve as an independent prognostic indicator for COAD patients, we then conducted univariate and multivariate Cox regression analyses in GSE40967. The results disclosed that age, T, N, AJCC stage, and risk scores were all signally related to OS probability in the univariate Cox analysis (Figure 5A), whereas age, T, AJCC stage, and risk score remain independent prognostic factors after adjustment in the multivariate Cox analysis (Figure 5B). Subsequently, we developed a risk score–based nomogram to predict the individual OS probability of 2, 3, and 5 years according to the multivariate Cox analysis result (Figure 5C). Not surprisingly, the nomogram indicated that COAD patients with higher total points suffered a lower survival chance. Moreover, calibration of the nomogram was assessed in a calibration plot, which displayed great fitness through comparing observed to predicted risk (Figure 5D). The DCA curve of the nomogram presented a more favorable clinical net benefit than any single factor (Figure 5E). Up to this point, the prognostic nomogram based on LMRG-related risk signature has been verified to have better OS prediction capability for COAD patients.




Figure 5 | Establishment of a prognostic prediction nomogram based on the risk signature in GSE40967 training set. (A) The univariate Cox regression analysis of age, T, N, AJCC stage, and risk score for OS. (B) The multivariate Cox regression analysis of age, T, N, AJCC stage, and risk score for OS. (C) The prognostic nomogram was plotted to predict 2-, 3-, and 5-year survival probability of COAD patients. (D) The calibration plot was used to evaluate the prediction consistency of OS. (E) The DCA to assess clinical utility of the prognostic nomogram.





Evaluation of the correlation between risk score signature and immune landscape

As lactate metabolism has been recognized to play a vital role in TME, we first exploited “GSVA” enrichment analysis to unveil the discrepancy of immune-related pathways between high- and low-risk groups. As shown in Figure 6, neuroactive ligand receptor interaction, cytokine cytokine–receptor interaction, natural killer cell-mediated cytotoxicity, and chemokine signaling pathway were obviously enriched in the low-risk group of GSE40967 (Figure 6A), whereas neuroactive ligand receptor interaction, cytokine cytokine–receptor interaction, B-cell receptor signaling pathway, T-cell receptor signaling pathway, toll-like receptor signaling pathway, and chemokine signaling pathway were similarly enriched in the low-risk group of TCGA-COAD (Figure 6B). Then, we further compared the expression levels of common immune checkpoints within the two groups, and the results manifested that PD-1, PD-L1, and CTLA4 were all significantly augmented in the high-risk groups of both GSE40967 (Figure 6C) and TCGA-COAD data sets (Figure 6D), which unearthed the fact that COAD patients of high-risk groups may have an immunosuppressive TME and may also respond better to immunotherapy targeting the immune checkpoints.




Figure 6 | Estimation of potential relationship between various risk groups and immune landscape. (A) Results of GSVA analysis in GSE40967 to depict enriched immune-related pathways. (B) Results of GSVA analysis in TCGA-COAD to reveal enriched immune-related pathways. (C, D) Comparing expression levels of three classical markers of immune checkpoint between high- and low-risk groups in GSE40967 (C) and TCGA-COAD (D) separately. (E) Violin plots to show the relatively infiltrating abundances of 22 immune cells in COAD patients of GSE40967. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.



To more robustly demonstrate the effect of various risk scores on TME, the CIBERSORT algorithm was performed to estimate the infiltrating degree of immune cells in the TME of COAD in GSE40967. From the result, we found that naive B cells, resting memory CD4+ T cells, activated memory CD4+ T cells, and activated dendritic cells were markedly enriched in the TME of low-risk group, whereas macrophages M0 were notably strengthened in the high-risk group (Figure 6E). Judging from the results above, COAD patients with low risk might attain an immune-activated TME, which also supported that low-risk patients had more favorable prognoses.




Discussion

Although the treatment methods of COAD have been greatly improved, the prognoses of COAD patients remain dismal (30). Therefore, there is an urgent need to discover more accurate prognosis-related biomarkers and provide interventions as early as possible to improve the prognosis. Recently, it is worth drawing attention to the lactate metabolism, which has been reported to have played an unignorable role in tumorigenesis and progression, including COAD (10, 16). More strikingly, lactate was always produced by tumor cells and then accumulated in the TME, which subsequently generated some effects on tumor immune infiltrating cells, including inhibition of the functions of cytotoxic T, NK, and NKT cells (14, 15). Generally, the immunosuppressive role of lactate metabolism was associated with poorer response to immunotherapy of immune checkpoint inhibitors (ICIs). In several cancer types, high lactate dehydrogenase (LDH) levels have been verified to be independent biomarkers for predicting therapeutic response of ICIs (7, 8, 31). However, such research in COAD is still lacking. Based on the evidence above, we consolidated the mRNA expression profiles of LMRGs and the clinical data of COAD patients to explore novel prognosis-related biomarkers.

For searching the most effective LMRGs to construct the prognostic signature, we initially conducted univariate Cox regression analyses of OS in COAD patients of both GSE40967 and TCGA-COAD data sets. Furthermore, by optimization of eight available LMRGs with LASSO Cox regression analysis in GSE409678, seven pivotal genes were included to determine the risk signature, namely PLEC, BCS1L, CPT2, SDHB, COQ2, SLC39A8, and PDSS2.

Many studies have emerged implicating that PLEC (plectin) was a pro-tumorigenic regulator of tumor proliferation, migration, and invasion (32–34). Recent studies revealing the anticancer effect by directly targeting plectin have opened new avenues of research into plectin’s role in cancer (35–37). For CRC, IHC analyses demonstrate increased expression of plectin in COAD and locally invasive nests compared with normal tissues (38). Suppression of plectin inhibited adhesion, migration, and invasion of colon carcinoma cells (39). Strikingly, knockout of plectin has also been implicated to reduce the motility of dermal fibroblasts and T cells in vitro as well as impaired the infiltration of macrophages and T cells during wound healing in vivo (40). Our study indicates that high expression of PLEC is related to poorer OS and clinicopathological features in COAD, which is consistent with the above evidence. However, more mechanisms to underpin these observations remain to be elucidated.

The carnitine palmitoyltransferase (CPT), including CPT1 and CPT2, are identified as important mediators of fatty acid oxidation (FAO) (41). CPT2 promotes the β-oxidation of fatty acids (FAs) through facilitating the conversion of acetyl-coenzyme A (CoA) to fatty acyl-CoA (42). CPT2 silencing is reported to facilitate the tumor progression of hepatocellular carcinoma, which is reconfirmed by our results (43). In addition, FAO mediated by CPTs also played an important role in tumor immunity (44).

SDHB was one of the four subunits comprising the succinate dehydrogenase (SDH) enzyme complex, which is related to the tricarboxylic acid (TCA) cycle and oxidative phosphorylation (45). The lack of SDHB function promotes the occurrence and development of several cancers, including liver and pancreatic cancer (46, 47). Similarly, the result of our analyses indicate that high expression of SDHB was related with better prognosis in COAD.

PDSS2 (prenyldiphosphate synthase subunit 2) was characterized as a tumor suppressor, and introduction of PDSS2 into cancer cells has been verified to inhibit tumor growth (48, 49). Likewise, the tumor suppressive role of PDSS2 was further strengthened with findings of COAD presented in our study. Regrettably, cancer-related studies of the other few candidate genes, including BCS1L, COQ2, and SLC39A8, are still absent, and we will seriously consider deeper research in our future studies.

The above seven LMRGs were selected to establish the prognostic signature, and then, prognosis and clinicopathological relevance of the risk signature were comprehensively evaluated. Based on the survival analyses, COAD patients of the high-risk group were confirmed to have shorter time of OS, PFS, DFS, and DSS. Moreover, the AUC values of ROC curves displayed good accuracy of the risk model in predicting 1-, 2-, 3-, 4-, and 5-year OS probability in both data sets independently. Furthermore, COAD patients of both training and validation cohorts were divided into different subgroups according to survival status, T, N, and AJCC stage. Not surprisingly, we found that with the risk score increasing, COAD patients tended to have worse clinical outcomes. Specifically, progressively higher risk scores were related to larger tumor size, more metastatic axillary lymph nodes, and more severe AJCC stage. Even more remarkably, through univariate and multivariate Cox regression analyses, the risk signature was considered as an independent prognostic factor when adjusted with clinical variables containing age, T, N, and AJCC stage. In addition, development of a prognostic nomogram also unfolded good prediction consistency and potential clinical feasibility of the risk score in COAD patients. Nevertheless, larger cohorts are needed to confirm the above results in prospective studies.

We have already mentioned that lactate metabolism was verified to play a significant role in the TME, and advancements in research on the TME and immunotherapy are expected to provide more valid improvements for the prognoses of CRC patients (50). Above all, we explored the difference of immune-related pathways between high- and low-risk groups using the “GSVA” enrichment analysis, and we found that some common immune-related pathways were enriched in the low-risk group of two data sets, including neuroactive ligand receptor interaction, cytokine cytokine–receptor interaction, and chemokine signaling pathway. Meanwhile, by comparing the expression differences of immune checkpoints, PD-1, PD-L1, and CTLA4 were all significantly upregulated in the high-risk group. Moreover, the result of the CIBERSORT algorithm also demonstrated that naive B cells, resting memory CD4+ T cells, activated memory CD4+ T cells, and activated dendritic cells were enriched in the TME of the low-risk group. Clues from the above three aspects implied that COAD with a higher risk value might be more likely to be immunosuppressed, which was consistent with the consensus that activated lactate metabolism usually promoted immune invasion and suppressed antitumor immune responses. As for the response to immunotherapy, we assumed that high-risk COAD patients would be more sensitive to ICIs as targeting immune checkpoints will transform the immune microenvironment of COAD with high risk from immunosuppression relative to immunoactivation.

Though all the conclusions in the present study should be further verified by experimental data, it primarily provides a comprehensive description of LMRGs in COAD and constructed a ponderable risk signature, which also has novel implications for immunotherapy in COAD patients.



Conclusion

In conclusion, our study establishes a reliable risk signature based on LMRGs for COAD patients. The signature was identified as an independent prognostic indicator through constructing a nomogram model that could accurately predict the survival probability of COAD patients. In addition, the potential relationship between different risk scores and tumor immune microenvironment was explored. Broadly speaking, our study may provide important preclinical implications for cancer research about lactate metabolism and COAD.
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Background

Our earlier studies have shown that cell-free chromatin particles (cfChPs) that are released from dying cancer cells are readily internalised by bystander cells leading to activation of two hallmarks of cancer viz. genome instability and inflammation. These hallmarks could be down-regulated by deactivating cfChPs via medium of oxygen radicals generated upon admixing small quantities of the nutraceuticals resveratrol (R) and copper (Cu). In this exploratory study, we investigated whether oral administration of R and Cu (R-Cu) would down-regulate the hallmarks of cancer and immune checkpoints in advanced squamous cell carcinoma of oral cavity (OSCC).



Patients and methods

The study comprised of 25 patients divided into 5 equal groups. Five patients acted as controls; the remaining 20 were given R-Cu in four escalating doses. The lowest dose of R-Cu was 5.6mg and 560ng respectively, and the highest dose was 500mg and 5mg respectively. An initial biopsy was taken from patients at first presentation, and a second biopsy was taken 2 weeks later on the operating table. R-Cu was administered orally twice daily in the intervening period. Confocal microscopy was performed on tumour sections after fluorescent immuno-staining with anti-DNA and anti-histone antibodies to detect presence of cfChPs in the tumour micro-environment (TME). Immunofluorescence analysis was performed for 23 biomarkers representing the 10 Hallmarks of cancer, including 5 immune checkpoints, defined by Hanahan and Weinberg.



Results

Confocal microscopy detected copious presence of cfChPs in TME of OSCC, which were eradicated/deactivated following two-week treatment with R-Cu. Eradication of cfChPs from TME was associated with marked down-regulation of 21/23 biomarkers, including the five immune checkpoints. The lower two doses of R-Cu were more effective than the higher doses. No adverse effects attributable to R-Cu were observed.



Conclusion

These results suggest that cfChPs released into TME from dying cancer cells are global instigators for cancer hallmarks and immune checkpoints in surviving cancer cells. The ability of R-Cu to deactivate cfChPs raises the prospect of a novel and non-toxic form of cancer treatment which sans killing of cancer cells, and instead induces healing by down-regulating cancer hallmarks and immune check-points.



Clinical Trial Registration

http://ctri.nic.in/Clinicaltrials/pmaindet2.php?trialid=19801&EncHid=&userName=CTRI/2018/03/012459.
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Introduction

Results of treatment of advanced squamous cell carcinoma of oral cavity (OSCC) continue to remain unsatisfactory, and is associated with considerable toxic side effects. Novel therapeutic approaches that are non-toxic are urgently needed. Our earlier studies have shown that cell-free chromatin particles (cfChPs) that are released from dying cancer cells can readily enter into surrounding bystander cells leading to activation of two critical hallmarks of cancer viz. dsDNA breaks (genome instability) and inflammation, which could lead to their oncogenic transformation (1). Activation of these cancer hallmarks could be abrogated by concurrent treatment with a combination of the nutraceuticals resveratrol (R) and copper (Cu) (1, 2). Fukuhara et al. were the first to demonstrate that oxygen radicals are generated upon admixing R and Cu (3). They showed that R acts as a catalyst to reduce Cu (II) to Cu (I) resulting in generation of oxygen radicals that are capable of cleaving plasmid pBR322 DNA (3, 4). We have extended these findings to show that oxygen radicals that are generated following admixture of R and Cu (R-Cu) can degrade genomic DNA and RNA (5), and can deactivate extra-cellular cfChPs by degrading their DNA component, both in vitro and in vivo (1, 2, 6–10).

Oxygen radicals are short lived molecular entities which contain an unpaired electron making them exceptionally reactive as they search for another electron to pair with, and in the process they can damage biomolecules such as DNA, proteins and lipids (11). Oxygen radical are normally generated by mitochondria (12); their over-production leads to oxidative stress which has several harmful effects on host cells (13). However, paradoxically, when oxygen radicals are artificially generated in the extracellular compartments of the body, such as by R-Cu, they can have wide ranging therapeutic effects in animal models and in human conditions that are associated with elevated levels of extracellular cfChPs (2, 6–10). These effects are mediated via the ability of oxygen radicals to deactivate extracellular cfChPs.

Oral administration of R-Cu leads to generation of oxygen radicals in the stomach, which are readily absorbed and have systemic effects in the form of deactivation of extracellular cfChPs. The cellular genomes are, however, protected from damage as the entry of oxygen radicals triggers the cells to activate their anti-oxidant defence mechanism which detoxifies the invading agents (8). Our pre-clinical studies have shown that oral administration of small quantities of R-Cu can have remarkable therapeutic effects in conditions associated with elevated levels of extracellular cfChPs (2, 6–8). For example, R-Cu administered orally can prevent toxic side effects of chemotherapy (6), and radiotherapy (2), and prevent fatality in mice following bacterial endotoxin induced sepsis (7). We have also shown that prolonged oral administration of R-Cu to ageing mice can down-regulate several biological hallmarks of ageing and neurodegeneration (8). Our early results in patients receiving high dose chemotherapy and bone marrow transplantation for multiple myeloma have shown that orally administered R-Cu can significantly reduce Grade III-IV mucositis (9). Blood levels of inflammatory cytokines were also found to be significantly reduced following R-Cu treatment in that study (9). We have also shown in an observational study that oral administration of R-Cu to patients with severe Covid-19 reduced mortality by nearly 50% (10). Significantly, we have discovered that cfChPs deactivating activity of R-Cu is retained even when the molar concentration of Cu is reduced 10,000 fold with respect to that of R (2, 5–10). Consequently, in our pre-clinical and clinical studies, the molar ratio of R to Cu was maintained at 1:10-4 (2, 6–10).

In the present exploratory study, we investigated whether oral administration of R-Cu would lead to down-regulation of hallmarks of cancer and immune checkpoints in patients with OSCC. We show that cfChPs that were released from dying cancer cells are abundantly present in the tumour microenvironment (TME), and that orally administered R-Cu dramatically reduced cfChPs in TME. Elimination of cfChPs from TME was associated with significant down-regulation of 21/23 biomarkers representing the 10 hallmarks of cancer, including 5 immune check-points, that have been defined by Hanahan and Weinberg. These exploratory findings suggest that prolonged treatment with R-Cu may have the potential to induce healing without having to kill cancer cells.



Patients and methods


Ethics approval

This study was approved by Institutional Ethics Committee (IEC) of Advanced Centre for Treatment, Research and Education in Cancer, Tata Memorial Centre. A written informed consent was obtained from all study participants as stipulated by IEC. The trial was registered under Clinical Trial Registry of India (http://ctri.nic.in/Clinicaltrials/pmaindet2.php?trialid=19801&EncHid=&userName=CTRI/2018/03/012459).



Patients and R-Cu treatment

The study comprised of 25 patients with advanced OSCC who were divided into 5 groups of 5 patients each. Demographic details, histopathological type and grade, and tumour stage distribution of the 25 patients are given in Supplementary Table 1. All patients who were deemed to be suitable for surgery by the attending surgeon were included in this study. This being as exploratory study, no formal sample size calculation was undertaken; 25 seemed to us to be a feasible sample size since this number of patients could be recruited in 1 year to give us an inkling as to whether R-Cu was effective at all. A representative image of OSCC and H&E section of the tumour is given in Supplementary Figure 1. The first 5 patients acted as controls; the remaining 20 were given R-Cu orally, twice daily, in four escalating doses (Supplementary Table 2). Resveratrol (trade name TRANSMAX™) was procured from Biotivia, USA https://www.biotivia.com/product/transmax/); Chelated Copper was procured from Calrson Laboratories, USA (https://carlsonlabs.com/chelated-copper/). The lowest dose of R-Cu (Dose level I) comprised of 5.6mg of R and 560ng of Cu (molar ratio 1:10-4). This dose was arrived at by direct conversion of dose of R and Cu that we have used in our pre-clinical studies (R = 1mg/Kg and that of Cu 0.1µg/Kg) using a standard conversion formula (14). Dose levels II and III were approximately 10 fold and 100 fold higher than dose level I; dose level IV comprised of doses of R and Cu that have been recommended by the respective vendors for use as health supplements. Toxic side effects related to R-Cu treatment was monitored using CTCAE v3.03 guidelines.

R is supplied by the vendor as capsules containing 500mg of trans-resveratrol powder, and Cu is supplied as 5 mg tablets. For the purposes of this study, R powder was removed from the capsules and weighed as per requirement. Cu tablets were crushed in a pestle and mortar and the powder was weighed as per requirement. R powder being insoluble in water, and unpalatable at higher doses, was administered using honey as a vehicle (~15 mL). Cu, being soluble in water was administered as water based solution (20mL). R and Cu were administered orally, one after the other, twice daily for 2 weeks. The control group received vehicles (honey and water) alone. All above administrations were made on an empty stomach.

A diagnostic punch biopsy was taken from patients under local anaesthesia at the time of their first presentation to Tata Memorial Hospital, and a second biopsy was taken 2 weeks later at the time of surgery on the operating table under anaesthesia. In the intervening two weeks, R-Cu was administered orally in four escalating doses as described above (Supplementary Table 2). The control group received vehicles alone (~15mL honey followed by 20 mL of water). No adverse side effects attributable to R-Cu were recorded.



Fluorescence immune-staining and confocal microscopy

Formalin fixed paraffin embedded (FFPE) sections of tumour tissues were stained with fluorescent anti-DNA and anti-histone antibodies and examined by confocal microscopy, as described by us earlier (7). This was done to investigate the presence of cfChPs (if any) in TME. Fluorescence intensity was quantified by randomly choosing five confocal fields (~ 50 cells per field), and calculating mean fluorescence intensity (MFI) which was expressed as mean ± S.E.M.



Immunofluorescence

Indirect immunofluorescence (IF) on FFPE sections of tumour tissues were performed according to the method described by us earlier (1). All IF analyses were performed in a blinded fashion such that the examiner was unaware of the identity of the slides being analysed. IF was used to assess the expression of 3 anti-oxidant enzymes viz. superoxide dismutase, catalase and glutathione peroxidase. Also examined by IF were 23 biomarkers representing 10 hallmarks of cancer, including 5 immune checkpoints (Supplementary Table 3). Source and catalogue numbers of antibodies used are given in (Supplementary Tables 4A–C). One thousand cells were analysed on each slide for all IF studies, and the number of positive cells was recorded. Results were expressed as mean number of positive cells (± SEM)/1000 cells.



Statistical analysis

Statistical comparison of pre versus post treatment values was performed in two ways: 1) combined comparison of all four treatment groups with the control group was performed applying two-way ANOVA using R software; 2) comparison of pre versus post treatment values within each treatment group was performed by paired Student’s t-test using Graphpad Prism 6.0 software.




Results


R-Cu treatment up-regulates anti-oxidant enzymes in tumour cells

As an initial step, we examined whether oxygen radicals generated following oral administration of R-Cu might have diffused into the tumour tissue? This was indirectly examined by IF analysis of the three antioxidant enzymes mentioned above. We observed that R-Cu treatment had led to increased expression of all three enzymes within tumour cells (Figure 1 upper panels). This indicated that oxygen-radicals had entered into the tumour cells, and that the latter in an attempt to detoxify the offending oxygen-radicals, had up-regulated anti-oxidant enzymes as a cellular defence mechanism. Combined statistical comparison of pre versus post treatment values of the four treatment groups with the control group using two-way ANOVA showed that R-Cu treatment had led to a highly significant up-regulation of all three antioxidant enzymes (Figure 1 lower panels). Individual comparison of pre and post treatment values within each treatment group using paired t test also showed significant increase in post R-Cu values for all three enzymes with respect to dose levels I – III. However, no significant difference between pre and post treatment values was seen in case of level IV for any of the three enzymes. No difference in antioxidant enzyme levels was seen between pre and post samples in the control group (Figure 1 lower panels).




Figure 1 | R-Cu treatment up-regulates anti-oxidant enzymes in OSCC tumour cells. FFPE sections of tumour tissues were stained with antibodies against superoxide dismutase (SOD), catalase and glutathione peroxidase (GPx), and examined under fluorescence microscopy. Upper panels provide representative images (scale bar 10µm); lower panels represent quantitative analysis of cells positive for respective anti-oxidant enzymes. One thousand cells were analysed in each case and the number of cells showing positive signals were recorded. Combined statistical comparison of pre versus post treatment values of all four treatment groups with the control group was done using two-way ANOVA; p values of which are given under each graph. Comparison of pre versus post treatment values within each treatment group was performed by paired Student’s t-test. Results of the latter are represented as mean ± SEM of 5 patients in each treatment group. *< p < 0.05; **< p < 0.01; ***< p < 0.001; ns, not significant.





R-Cu treatment eradicates/deactivates profusion of cfChPs present in TME

Confocal microscopy of FFPE sections of tumour tissues was performed after fluorescent immuno-staining with anti-DNA (red) and anti-histone (green) antibodies. Upon superimposing the fluorescent DNA and histone images, copious presence of yellow fluorescent signals, representing cfChPs, were detected in TME (Figure 2A). The yellow cfChPs signals were virtually eliminated following two-week treatment with R-Cu. Mean fluorescent intensity (MFI) of yellow fluorescent cfChPs signals was quantitatively estimated and statistical analysis of the results was performed. Combined statistical comparison of pre versus post treatment MFI values of the four treatment groups with the control group using two-way ANOVA showed that treatment with R-Cu had led to a highly significant reduction in cfChPs in TME (Figure 2B). A significant reduction in post treatment values was also seen within each treatment group when analysed by paired t test. No difference in pre and post treatment MFI values was seen in the control group (Figure 2B). It should be noted that some of the red (DNA) and green (histone) fluorescent signals had not strictly co-localised. This is likely to be due to unevenness of cut surfaces of FFPE sections which prevented the respective antibodies to have access to some of the DNA and Histone epitopes on cfChPs.




Figure 2 | cfChPs are copiously present in TME of OSCC which are eradicated following treatment with R-Cu. (A) Representative confocal images of FFPE sections of tumour tissues immuno-stained with anti-DNA (red) and anti-histone (green) antibodies. Upon superimposing red and green fluorescence images, a profusion of cfCh particles in the form of yellow fluorescent signals is seen in TME. Yellow cfCh signals were markedly reduced following R-Cu treatment. (B) Quantitative analysis of MFI of yellow fluorescent signals representing C-cfChPs in five randomly chosen confocal fields (~50 cells per field). Combined statistical comparison of pre versus post treatment values of all four treatment groups with the control group was done using two-way ANOVA; p values of which are given under the graph. Comparison of pre versus post treatment values within each treatment group was performed by paired Student’s t-test. Results of the latter are represented as mean ± SEM of tissue sections of 5 patients in each treatment group, except for pre and post values of dose levels I and II, wherein n was = 4. *< p < 0.05; **< p < 0.01, ***< p < 0.001; ns, not significant).





R-Cu treatment down-regulates cancer hallmarks and immune checkpoints

Comparative results of IF analysis of pre and post R-Cu treatment values of the 10 hallmarks of cancer represented by 23 biomarkers, including 5 immune checkpoints, is given in Figure 3 (upper and lower panels). Combined statistical comparison of the four treatment groups with the control group using two-way ANOVA showed a highly significant reduction in biomarker expression in the post R-Cu treatment samples in 21/23 cases (Figure 3 lower panels). The exceptions were VEGFA (angiogenesis) and Glut1 (cellular energetics), where difference between pre and post values did not reach statistical significance. We conclude from these exploratory results that eradication of cfChPs from TME following R-Cu treatment is associated with down-regulation of 21/23 biomarkers representing 10 cancer hallmarks, and 5 immune checkpoints, that we examined.




Figure 3 | R-Cu treatment down-regulates cancer hallmark biomarkers, including five immune check-points, in OSCC. Upper panels are representative IF images (scale bar 10µm); lower panels represent results of quantitative analysis of various biomarkers. One thousand cells were analysed in each case and the number of cells showing positive fluorescent signals were recorded. Combined statistical comparison of pre versus post treatment values of all four treatment groups with the control group was done using two-way ANOVA; p values of which are given under each graph. Comparison of pre versus post treatment values within each treatment group was performed by paired Student’s t-test. Results are represented as mean ± SEM of tissue sections of 5 patients in each treatment group. *< p < 0.05; **< p < 0.01; ***< p < 0.001). ns, not significant.



Comparison of pre versus post treatment values within each treatment group using paired t-test showed that, on the whole, the two lower dose levels (I and II) were more effective. In these two treatment groups, a statistically significant reduction in biomarker expression was seen in the post treatment samples in all 23 biomarkers examined (23/23) (Figure 3 lower panels). In case of dose level III, 20/23 and biomarkers showed statistical significant reduction in the post treatment samples. Dose level IV was least effective, with only 3/23 biomarkers showing significantly reduced values in the post R-Cu samples (Figure 3 lower panels).



Immune checkpoint proteins are expressed by lymphocytes present in TME

We were curious to find out whether the immune checkpoints PD-1, CTLA-4, Tim3 and NKG2A were being expressed by tumour infiltrating lymphocytes (TIL) present in TME. We performed dual IF analyses on tumour sections in which each checkpoint protein was simultaneously immune-stained for CD4 and CD8 lymphocytes (Supplementary Figures 2A–D). We found that all four immune checkpoint proteins co-localised with both types of immune lymphocytes. This finding confirmed that cfChPs released from the dying tumour cells had induced TIL present in TME to activate immune checkpoint proteins.




Discussion

Results of this exploratory study need to be confirmed in a larger series of patients, and in other tumour types. Nonetheless, several observations that we made may be worthy of note. For example, that 1) oxygen radicals generated following oral administration of R-Cu were ostensibly absorbed from the stomach to enter into systemic circulation and reach the tumour cells; 2) this led the latter to up-regulate anti-oxidant enzymes as a cellular defence mechanism; 3) cfChPs are copiously present in TME having been derived from dying tumour cells; 4) oxygen radicals that diffuse into the extracellular spaces of the tumour eradicate/deactivate the profusion of cfChPs present in TME; 5) eradication of cfChPs from TME is associated with down-regulation of 21/23 biomarkers representing the 10 hallmarks of cancer, including 5 immune checkpoints (15). The mechanistic steps involved in oxygen radical induced down-regulation of cancer hallmarks are graphically illustrated in Figure 4.




Figure 4 | Graphical illustration of the mechanistic steps involved in oxygen radical induced down-regulation of cancer hallmarks. (A) cfChPs released from dying cancer cells induce DNA damage and inflammation, and up-regulate cancer hallmarks in surviving cancer cells. (B) Oxygen radicals generated upon oral ingestion of R-Cu are systemically absorbed from the stomach to reach TME leading to eradication of extra-cellular cfChPs and down-regulation of cancer hallmarks in surviving cells. Oxygen radicals also enter into the surviving cancer cells; but their cellular entry leads to activation of intracellular anti-oxidant enzymes which detoxify and eliminate the offending agents. SOD, superoxide dismutase; GPx, glutathione peroxidase; TME, tumour microenvironment.



In spite of the fact that R-Cu generated oxygen radicals had diffused into the tumour cells, we did not observe any gross damage to the tumour cell DNA following R-Cu treatment (Figure 2A). This suggested that the surviving tumour cells had protected themselves from damage by oxygen radical by up-regulating cellular anti-oxidant enzymes. No systemic toxic side effects were reported following R-Cu treatment for any of the dose levels administered; the up-regulated anti-oxidant enzymes had apparently protected all cells of the body from oxidative damage in a similar manner.

Results of our study suggest that cfChPs from dying cancer cells released into TME aggravate the oncogenic constitution of surviving cancer cells by activating cancer hallmarks in the tumour cells, and by activating immune checkpoint proteins in TIL. TME is known to play a critical role in all stages of tumour progression and metastases (16). It has been proposed that therapeutic targeting of constituents of TME could be a promising approach to controlling cancer (17). Our exploratory results presented herein suggest that treatment with R-Cu may be one such therapeutic approach which targets cfChPs present in TME via medium of oxygen radicals, and eradicates them to have potential therapeutic effects.

Our earlier results had shown, and which are confirmed in the current study, that cellular uptake of cfChPs leads to activation of two critical hallmarks of cancer viz. dsDNA breaks (genomic instability) and inflammation (1). These two hallmarks are also crucial sensors of cellular stress triggering widespread physiological and cellular responses, which also include cancer hallmarks (18, 19). This leads us to hypothesize that cfChPs from dying cancer cells trigger a stress response in surviving cells leading to global activation of cancer hallmarks and immune checkpoints.

We observed that the two lower dose levels of R-Cu were more effective than the higher ones. It is noteworthy that the amount of R present in the lowest dose (level I) was ~90 times less, and that of Cu ~4500 times less, than those that are recommended by the respective vendors for use as health supplements. Thus, small quantities of a combination of R and Cu can generate sufficient oxygen radicals to have profound effects in terms of down-regulation of cancer hallmarks and immune checkpoints by targeting a hitherto unknown constituent of TME.

Our analysis showed that R-Cu treatment led to down-regulation of all five immune check-points viz. PDL-1, PD-1, CTLA-4, TIM-3, and NKG2A that we examined. Targeted therapy of immune checkpoints has drawn much recent attention, and is beginning to show promising results in cancer treatment (20). However, what triggers activation of immune checkpoints has remained known. Our exploratory results suggest that cfChPs released from dying cancer cells into TME may be global activators of immune checkpoint proteins, and that they can be down-regulated by two-week treatment with small quantities of orally administered R-Cu. If the role of cfChPs in checkpoint activation is further confirmed, a new form of cancer immunotherapy might emerge whereby all known immune checkpoints are simultaneously down-regulated by small quantities of R-Cu.



Conclusion and future prospects

Our results suggest that cfChPs released from dying cancer cells are global instigators of cancer hallmarks and immune checkpoints. That cfChPs can be deactivated by small quantities of R-Cu raise the prospect of a novel and non-toxic form of cancer treatment which sans killing of cancer cells, and instead, induces healing by down-regulating hallmarks of cancer and immune checkpoint proteins. It has been argued that cancer is akin to a non-healing wound (21), and that hallmarks of cancer are also the hallmarks of wound healing (22). This being so, it is possible that cancer may be healed, like a wound, without having to be killed, and that oxygen radicals generated upon oral administration of R-Cu may prove to be a novel cancer healing agent of the future.
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Supplementary Figure 1 | A representative photograph of advanced OSCC (A), and its squamous cell phenotype as seen on H&E section (B).

Supplementary Figure 2 | Representative images showing expression of various immune checkpoint proteins by CD4 and CD8 lymphocytes. FFPE sections of OSCC tumour tissues were simultaneously immune-stained with antibodies against various immune-checkpoint proteins and those against CD4 and CD8 lymphocytes (scale bar 10µm). Co-localisation of all four immune check-point proteins and CD4 and CD8 lymphocytes is clearly seen.
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Tumor microenvironment (TME), which is characterized by hypoxia, widely exists in solid tumors. As a current research hotspot in the TME, hypoxia is expected to become a key element to break through the bottleneck of tumor treatment. More and more research results show that a variety of biological behaviors of tumor cells are affected by many factors in TME which are closely related to hypoxia. In order to inhibiting the immune response in TME, hypoxia plays an important role in tumor cell metabolism and anti-apoptosis. Therefore, exploring the molecular mechanism of hypoxia mediated malignant tumor behavior and therapeutic targets is expected to provide new ideas for anti-tumor therapy. In this review, we discussed the effects of hypoxia on tumor behavior and its interaction with TME from the perspectives of immune cells, cell metabolism, oxidative stress and hypoxia inducible factor (HIF), and listed the therapeutic targets or signal pathways found so far. Finally, we summarize the current therapies targeting hypoxia, such as glycolysis inhibitors, anti-angiogenesis drugs, HIF inhibitors, hypoxia-activated prodrugs, and hyperbaric medicine.
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Introduction

A recent study shows that the global cancer burden is increasing (1). The research on the molecular mechanism and target of the occurrence and development of malignant tumors may be a breakthrough to solve this problem. Recently, it has been proved that TME is a key factor in the occurrence and development of malignant tumors, which is being the well-known hotspot. However, due to the influence of tumor cells and abnormal vascular structure, TME often shows the characteristics of hypoxia, especially in solid tumors.

Under the condition of hypoxia, the expression of HIF increases, and a series of changes have taken place in the metabolic mode and immune function of TME. In order to adapt to the influence of hypoxia, tumor cells have changed their metabolic mode and obtained energy through glycolysis. Meanwhile, immune cells are regulated by hypoxia and have different effects. Among them, the function of immune cells that play an anti-tumor role is inhibited, such as cytotoxic T cells, B cells, and natural killer (NK) cells. However, the expression of immunosuppressive cells such as marrow-derived suppressor cells (MDSC) and regulatory (Treg) T cells is up-regulated. The changes of metabolism and immune effect provide an excellent living environment for tumor cells and hinder the effect of anti-tumor treatment. In addition, while providing survival conditions for tumor cells, TME under hypoxia obstructs the effect of antitumor drugs by hindering drug delivery (2–4). Therefore, traditional chemotherapy and single dose immunotherapy cannot achieve satisfactory results, which makes the treatment of malignant tumors challenging (5, 6).

In conclusion, hypoxia, as an independent prognostic indicator related to poor survival rate of cancer patients, is expected to become an effective target for fighting tumor and alleviating drug resistance (7). After summarizing, we found that people are increasingly interested in the field of hypoxia in TME, and hundreds of relevant academic papers in this field have been published (8). Among the published studies, research targeting metabolic enzymes, HIF, and angiogenesis related factors have made breakthroughs to varying degrees. Currently, what’s exciting is more than 500 clinical trials have been adopt. In this review, we describe the effects of hypoxia on the proliferation, metastasis, and drug resistance of tumor cells in the TME from the perspectives of immunity, metabolism and HIF, and summarize the different treatment strategies targeting hypoxia. Finally, we summarized the current measures to combat drug resistance and the prospects for future research in this field.



Effects of hypoxia on TME

TME is a cellular environment that harbors the tumor, composed of tumor cells, fibroblasts, immune cells (T cells, B cells, natural killer (NK) cells, and tumor-associated macrophages (TAMs)), blood vessels, signaling molecules, and extracellular matrix (9, 10). Hypoxia is ubiquitous property in the TME, especially in solid tumors. Abnormal blood vessels in the tumor tissue cannot meet the excessive oxygen and nutrient demand for its rapid growth, leading to uneven hypoxia. Thus, the area away from the blood vessels was anoxic, while the adjacent tumor tissue was hyper-oxygenated. A recent study suggested that hypoxia affects the immune microenvironment and makes tumor cells escape from immune monitoring and killing (11). As shown in Figure 1, the anoxic area in tumor tissue hinders the infiltration of immune cells and promotes the growth of tumor cells (12).




Figure 1 | Hypoxia inhibits the immune response by inhibiting immune cells, recruiting immunosuppressive cells, regulating CAFs, promoting tumor cell growth, and mediating immune escape. (A) Anoxic metabolites, lactic acid, and adenosine inhibit T cell effector function and proliferation by blocking the mTOR pathway and interacting with the A2A receptor on the T cell surface. Hypoxia promotes T cell apoptosis and directly inhibits T cell proliferation and differentiation. Hypoxia upregulates IL-10, VEGF, and other cytokines through HIF-1α and inhibits the differentiation and maturation of DCs, leading to the inhibition of T cell function. Moreover, hypoxia-induced high levels of HIF-1α and BNIP3 promote programmed cell death in tumor cells captured by DC. In addition, hypoxia inhibits NK cell function by activating the PI3K/mTOR signaling pathway. (B) Hypoxia induced the mRNA expression of TGF-β, VEGF, IL-6, IL-10, and PD-L1 and promoted CAF participation in the recruitment of MDSCs, Tregs, and type 2 TAMs to maintain the immunosuppressive state of the microenvironment, promoting tumor cells to evade immune surveillance. (C) Hypoxia upregulates the expression of MMP adam10 and induces the immune escape of tumor cells.




Hypoxia inhibits the function of immune cells

Effector T cells are the main components of immune response in the tumor immune microenvironment, for example, the proliferation and differentiation of T cells determine the strength of the antitumor immune response. Several studies have confirmed that hypoxia is a major regulatory factor that inhibits the function and proliferation of T cells (11, 13). A2A receptor (A2AR) is a kind of G protein coupled receptor with high affinity for adenosine, which is expressed on T cells, NK cells, macrophages, and other immune cells (14). Tumor cells can inhibit the response of immune cells through adenosine-a2ar pathway and promote tumor cells to escape immune surveillance (14). Under hypoxic conditions, tumor cells exploit the glycolytic process to accumulate metabolites, such as lactic acid and adenosine, in the TME. The accumulation of lactic acid and adenosine inhibits T cell effector function and proliferation by blocking the Sirolimus pathway and interacting with the A2AR on the T cell surface (15, 16). On the other hand, hypoxia promotes the apoptosis of T lymphocytes, delays the differentiation of effector cells, and reduces the production of effector T cells and interferon-gamma (IFN-γ) (17). In order to inhibit T cell proliferation, differentiation, and other functional cells, such as dendritic cells (DCs) that present antigens to T cells and activate the Hapten response, which also affected by hypoxia.

B cells, as the main carrier of humoral immunity, play a key role in the production of antibodies. Therefore, the functional defect of B cells will lead to the decline of immune effect. In the hypoxic tumor microenvironment, the transcription and metabolism of B cells are mainly affected by hypoxia inducible factor-alpha (HIF-1α) and myelocytomatosis virus oncogene cellular homolog (MYC) (18, 19). Myc gene specifically regulates the growth and metabolism of these various types of cells and has the potential to cause cancer (19, 20). To meet the energy demand of proliferation, B cells with malignant tendency show high metabolic behavior different from normal cells and show a vicious cycle. However, this differential performance still needs further research, and may become a treatment strategy in the future (19).

DCs are immune cells that capture and present antigens through major histocompatibility complex (MHC) glycoproteins. Many studies have shown that interleukin-6 (IL-6), IL-10, vascular endothelial growth factor (VEGF), and the other cytokines are upregulated by hypoxia, which inhibits the differentiation and maturation of DCs and T cell function (21, 22). BCL2 gene, as a key gene regulating apoptosis, is up-regulated in tumor cells. The BCL2 encoded protein can achieve programmed cell death by regulating proteolytic caspase activation (23, 24). Immature DCs express high levels of HIF-1α and upregulated BCL2 and adenovirus E1B19 kDa interacting protein 3 (BNIP3), inducing programmed cell death in captured cells (25). Yang et al. found that the phagocytic capacity of DCs was lower than normal under hypoxia (26). In addition, hypoxia-stimulated DCs induce the differentiation of naive T cells into the Th2 phenotype, which in turn inhibits T cell proliferation (27). Hypoxia affects the function and differentiation ability of DCs, indicating that the activation ability of DCs to T cells. After that, the effect of T cell immunity on tumor cells is reduced, promoting the immune escape of tumor cells (26, 28).

NK cells constitute a class of naturally occurring cytotoxic lymphocytes. The ability of NK cells to kill tumor cells is inhibited under hypoxia (29) via the activated phosphatidylinositol 3 kinase (PI3K)-mTOR signaling pathway. In addition, hypoxia decreases the expression of the tumor cell surface recognition molecule MICA by upregulating the expression of metalloproteinase 10 (MMP10), thus downregulating the expression of NK and Natural killer group 2 member D (NKG2D) on T cells and inducing the immune escape of tumor cells (30). NKG2D is an activated receptor of immune cells such as T cells and NK cells, which could turn on the immune effect function. The upregulation of its ligand MCIA/MCIB on the surface of tumor cells is conducive to the continuous development of anti-tumor immunity (31). Therefore, the NKG2D ligand (NKG2DL) as a therapeutic target has become a research hotspot in recent years, in which the research progress in the fields of tumor vaccines has made exciting results (32, 33).

Immune checkpoint refers to the ligand-receptor pairs that stimulate or inhibit the immune response, which also affected by hypoxia (34). Hypoxia modulates PD-L1, human leukocyte antigen g (HLA-G), CD47, and the immune checkpoint V-domain IG suppressor of T cell activation (VISTA) to form an inhibitory immune microenvironment, promoting immune escape of tumor cells. PD-1 is widely distributed on the surface of lymphocytes. Under hypoxic conditions, the level of PD-L1 protein on the tumor cell surface is enhanced, and it combines with the PD-1 receptor on the activated T cell surface to produce the immunosuppressive effect (28, 35). Presently, antibodies against PD-1 and PD-L1 have achieved preliminary success in the clinic (36). Human leukocyte antigen G (HLA-G) is another checkpoint molecule involved in tumor immune escape and is strongly associated with increased tumor invasiveness and suppression of immune cell function (37, 38). In addition, the immune checkpoint molecules involved in the inhibition of T cell proliferation and activity under hypoxia conditions include VISTA (11).



Hypoxia modulates immunosuppression

Cancer-associated fibroblasts (CAFs) are similar to inflammation-associated fibroblasts, and participate in tumor cell progression and immune cell regulation during the antitumor immune response (39). Ziani et al. demonstrated that the mRNA expression of CAF-related immunosuppressive modulators, such as tumor growth factor-beta (TGF-β), VEGF, IL6, IL10, and PD-L1 increased significantly under hypoxia (40). CAFs are involved in the collection and differentiation of marrow-derived suppressor cells (MDSCs), regulatory T cells (Tregs), and type 2 TAMs in TME (41, 42). In addition to the recruitment of immunosuppressive cells, CAFs inhibit T cell immune response and enhance the tumor cell immunosuppressive response in the TME, which might be related to the inhibition of CAF, DC, and NK cell functions (43, 44). Under hypoxia, CD4+ T cells differentiate into Tregs by promoting Foxp3 transcription. Tregs are a subset of CD4 T cells and contribute to immunosuppression and tumor tolerance by producing TGF-β and suppressive effector T cells (21). MDSCs are immature myeloid cells that directly inihibit T cells, NK cells, and dendritic cells and promote angiogenesis in tumor tissue (45, 46). Chiu et al. demonstrated that under the influence of hypoxia, the differentiation of MDSCs was inhibited, but its immunosuppressive function was maintained (47). TAM is a major component of the solid TME (48). The two phenotypes of TAMs are M1-like and M2-like phenotypes (48). Type M2 TAMs are detected in anoxic regions and associated with immunosuppression, angiogenesis, tumor cell activation, and metastasis (49). Another study showed that prostaglandin E2, TGF-β, VEGF, IL-4, IL-6, and reactive oxygen species (ROS) were the major factors that induced TAMs to M2-type TAMs (29). In addition, hypoxia-mediated lactic acid accumulation under HIF-1α regulation increases the expression of VEGF and M2-like polarization of TAMs to maintain the immunosuppressive status of the TME (47, 50).




Changes in tumor metabolism caused by hypoxia

Hypoxia affects the TME and alters the tumor and the surrounding tissue metabolism. With the progress of TME studies, metabolic reprogramming has been recognized as a hallmark behavior of malignant tumors. As shown in Figure 2, metabolic reprogramming is the metabolic modification of tumor cells to maintain growth and resist treatment. This reprogramming includes aerobic glycolysis and L-glutamine metabolism et al (51). Thus, it could be deduced that hypoxia inhibits the apoptosis of tumor cells by promoting the metabolic reprogramming of tumor cells.




Figure 2 | Hypoxia induces metabolic reprogramming of tumor cells, which provides energy and substrates for tumor cell growth and promotes drug resistance. I. Glucose provides energy to the tumor cells in the form of glycolysis, of which the metabolite Lac is transported to the outside of tumor cells through MCT, effectuating low pH and suppressing the immune effects. The intermediate products in glycolysis contribute to the synthesis of fatty acids and promote the growth and proliferation of tumor cells. II. Gln is broken down into a-KG in tumor cells to provide energy through the TCA cycle or raw materials to synthesize amino acids and nucleic acids in tumor cells. In addition, GLN expresses antioxidant ability by synthesizing GSH, which promotes drug resistance and anti-apoptosis in tumor cells. III. Fatty acids provide materials for the synthesis of biomembranes to meet the growth needs of tumor cells. The synthesis of fatty acids consumes PEP, which relieves the build-up of Lac from glycolysis. The breakdown of fatty acids produces large amounts of ATP, which provides energy for the growth and proliferation of tumor cells. IV. ROS induces drug resistance in tumor cells, associated with the P-gp.




Glucose metabolism

Under aerobic conditions, cells produce pyruvic acid through the glycolytic process, which is oxidized in the mitochondria to produce energy. Under anoxic conditions, the energy of normal cells is mainly provided by glycolysis. However, most tumor cells tend to produce energy by glycolysis even under aerobic conditions. This phenomenon is known as the “Warburg effect” (52, 53). Through this phenomenon, tumor cells use glycolysis for energy and produce lactic acid. The lactic acid accumulates outside the tumor cell via activated monocarboxylic acid transporters, causing a low pH in the extracellular matrix. Some studies have shown that a low pH environment enhances the invasiveness of tumor cells and inhibits the cytotoxicity and proliferation of lymphocytes, which inhibits the functioning of immune effector cells in the TME (54). Nonetheless, as the acidic environment is corrected, the T cell effector function is restored (55). In addition, tumor cells use glycolytic metabolic intermediates to synthesize fats and proteins. The metabolic way of aerobic glycolysis weans the tumor cells off oxygen dependence, which is beneficial to the growth and proliferation of tumor cells in a hypoxic environment (56). Also, the multidrug resistance of tumor cells is closely related to the reprogramming of glucose metabolism. A current study suggested that this process is influenced by a combination of mechanisms, including “ion capture,” decreased apoptotic potential, gene changes (such as p53 mutation), and increased activity of P-gp, a multidrug transporter.



Glutamine metabolism

Except for glycolysis, cancer cells under hypoxic conditions tend to choose an alternative substrate for energy metabolism, such as L-glutamine. Some studies have shown the critical role of L-glutamine plays in tumor cell proliferation as an alternative energy source for tumor metabolism (57). L-Glutamine is synthesized as glutamate, which is then converted into α-ketoglutaric acid through transamination and into the tricarboxylic acid cycle for energy metabolism to compensate for the reduced energy production from glycolysis (58, 59). In addition, glutamate provides nitrogen and carbon sources for tumor cells and participates in the synthesis of amino acids and nucleotides, which promotes the development of malignant tumors (60). On the other hand, L-glutamine could be used to synthesize glutathione, a crucial antioxidant that maintains the redox balance and prevents oxidative damage to cells (61, 62). Friesen et al. suggested that glutathione, a metabolite of L-glutamine, is involved in mediating drug resistance and anti-apoptosis in cancer cells which may be related to the antioxidant capacity of glutathione. Strikingly, when glutathione levels are decreased, drug and apoptosis resistance of tumor cells is restored (63).



Fatty acid metabolism

The synthesis of biomembranes and signaling molecules is essential for the rapid proliferation and growth of tumor cells. Fatty acid is a critical raw material. Therefore, tumor cells have high levels of fatty acid synthesis. On the other hand, the synthesis consumes pyruvic acid, which slows the synthesis of lactic acid and prevents the excessive build-up of lactic acid. In addition, the decomposition of fatty acids provides energy for tumor cells and the free fatty acids of metabolic products act as signal molecules that activate various signaling pathways (64, 65). Hypoxia and fatty acid metabolism studies have shown that the occurrence of tumors is closely related to β-oxidation. The enzymes FASN, ACC, and ACLY involved in fatty acid metabolism are upregulated in tumors (66, 67). Another study showed that the efficacy of immunotherapy, T cell longevity, and antitumor effects are also affected by lipid metabolism (68).




The role of HIF

HIF is a major factor that mediates tumor cells to adapt to hypoxia (69). HIF-1α transcription factor directly targets VEGF, TGF-β, IL-10, and PD-L1 genes and regulates the tumor immunosuppressive response to CAFs (70–72). HIF is a heterodimer helical-loop protein consisting of an O2-sensitive α-subunit (including HIF-1α, HIF-2α, and HIF-3α) and a constitutive β-subunit (16). HIF-1α plays a key role in several steps of hypoxia induction (73). In case of hypoxia, HIF-1α breakdown is reduced and transferred to the nucleus when the function of prolyl hydroxylase (PHD-RRB is inhibited. In the cell nucleus, HIF-1α binds to HIF-1β to form heterodimers. HIF-1α/1β heterodimer activates the HIF target gene and promotes HIF expression by combining the HIF-1α/1β heterodimer with p300/CBP and hypoxia response element (HRE), thus regulating various biological processes of tumor cells, including metabolic reprogramming, immunoregulation, angiogenesis, tumor cell invasion, and drug resistance (74, 75).

Among them, HIF could inhibit the immune response by promoting the up regulation of immune checkpoints, apoptosis of cytotoxic T cells and blocking phagocytosis, which is conducive to the occurrence and development of tumor cells. Studies have reported that the up-regulated immune checkpoint PD-L1 in tumor cells presents HIF-1α dependence, promote the apoptosis of cytotoxic T cells, and participate in the immune escape of tumor cells (76, 77). Similarly, the expression of CD47 protein on the surface of tumor cells is also affected by HIF-1α, and hinder the phagocytic ability of phagocytes to tumor cells through phosphorylation of signal regulatory proteins on the surface of macrophages α (SIRP α) (78). In recent years, the research results of CD47 protein showed that the expression of CD47 protein also inhibited the function of cytotoxic T cells and NK cells. Therefore, a series of clinical studies targeting CD47 protein are expected to bring new hope to the field of tumor therapy (79, 80). In addition, vascular endothelial growth factor (VEGF) is up-regulated affected by HIF-1α, which could promote metastasis and immune escape by inducing tumor angiogenesis. It is believed that the disorder of TGF-β is related to the occurrence and development of tumors, and enhances the invasive ability of tumor cells by inducing epithelial to mesenchymal transition (EMT) (81, 82). The research of Huang et al. showed that the HIF-1α regulate the function of TGF-β by forming Smad-HIF-1α complex under hypoxia, and then regulate the progress of tumor cells (83).

In addition to the inhibition of immune effects in TME, HIF-1 activates or inhibits the genes of key proteins in glycolysis pathway to regulate the metabolic process of tumor cells in hypoxic environment. Proteins or genes involved in the regulation of glycolysis pathway and regulated by HIF-1 include those involved in encoding glucose transporters (GLUT1 and GLUT3), hexokinases (HK1 and hK2), lactate dehydrogenase A (LDHA), etc (84–88). At the same time, oxidative phosphorylation related genes and proteins are negatively regulated by HIF-1. The differential regulation of proteins or genes relating glycolysis and oxidative phosphorylation by HIF-1 is conducive to the adaptation of tumor cells to achieve glucose metabolism reorganization. In addition, tumor cells reprogrammed by glucose metabolism have higher “competitiveness” to glucose in the microenvironment, so T cell apoptosis is induced by inhibition of energy metabolism, which aggravates the inhibition of T cell function. Except the glycolysis, HIF, as a major regulator, is involved in regulating glutamine metabolism in tumor cells (89). Under the condition of hypoxia, HIF-2α causes the change in SLC1A5 gene encoding neutral amino acid transporter, which mediates the reprogramming of glutamine metabolism and the resistance to gemcitabine in tumor cells (90). Moreover, HIF inhibit α- Ketoglutarate participates in the tricarboxylic acid cycle by promoting α- Ketoglutarate dehydrogenase (αKGDH) degradation (91). In addition, HIF is also involved in regulating many metabolic pathways, such as fatty acids, pentose phosphate and adenosine, so as to provide a metabolic basis for the progression and metastasis of tumor cells.

In summary, the important role of HIF in tumor progression and its potential mechanism have been widely concerned by researchers. Further research in this field in the future is expected to help us have a deeper understanding of hypoxic TME, and bring new hope to the research of tumor targeted therapy (92).



Effect of hypoxia on tumor oxidative stress

ROS are the main molecules produced by oxidative stress and have been considered major factors in the tumor occurrence, development, and recurrence. The ROS in tumor cells originate from mitochondria (93). Under the influence of hypoxia, the oxygen utilization efficiency of tumor cells is decreased. Therefore, electron transport efficiency through the mitochondrial complexes in the electron transport chain (ETC) is reduced, resulting in abundant ROS in cells (94, 95). Notably, various concentrations of ROS exert different effects on tumor cell production (96). High concentrations of ROS disrupt the proteins and nucleic acids and induce apoptosis of tumor cells through oxidative stress (97). A low concentration of ROS can promote the development and metastasis of tumor cells (98). In addition, the concentration of ROS affects the sensitivity and resistance of tumor cells to chemotherapeutic drugs, which might be related to the level of p-glycoprotein (P-gp) in drug resistance (99) (Figure 2).



Effect of hypoxia on drug resistance of tumor

To date, chemotherapy is the cornerstone of cancer treatment. Anoxic metabolic disorders and changes in the microenvironment severely inhibit the efficacy of drugs such as Bleomycin. This could be because the oxygen-dependent chemotherapy drugs are more active when oxygen is available (100), while hypoxia directly inhibits the antitumor function of oxygen-dependent chemotherapeutic drugs (101). In addition, hypoxia indirectly reduces the efficacy of the drugs by interfering with the cell cycle, promoting DNA repair, and reducing the sensitivity of p53-mediated apoptosis (29, 102). Intriguingly, immunotherapy has developed rapidly in the past decade and has produced significant clinical results. However, the current studies have suggested that hypoxic stimulation significantly limits the effectiveness of immunotherapy (21, 103, 104). About 33% of patients who responded to immunotherapy suffered resistance again (6). Hypoxia effectuates metabolic changes in tumor cells, including low pH, high ROS, abnormal blood vessels, and proliferating fibrous tissue. These changes are beneficial to tumor cell survival, provide anti-apoptosis advantages, inhibit drug penetration, and promote the development of cancer and drug resistance (105).

To confront the challenge of drug resistance, the main methods include early diagnosis, combined multi drug therapy, and adaptive therapy (106). Effective evaluation molecules could provide a good reference for the early diagnosis and progress of malignant tumors. Quantitative monitoring of circulating tumor DNA (ctDNA) is expected to become an important means of early diagnosis and dynamic monitoring of cancer, which will help to improve the overall survival rate and guide individualized treatment (107). Combined with positron emission tomography and computed tomography (PET-CT) imaging results, evaluate the curative effect. And then adjust the drugs, so as to avoid the emergence of drug resistance and achieve better curative effect (108). Meanwhile, precise drug delivery methods such as antibody drug conjugate (ADC) could increase the curative effect by increasing the local drug concentration (109). In addition, multi drug combination therapy is still an effective measure to combat drug resistance at present. The research of Niu et al. shows that the combined application of vibostolimab (anti-TIGIT humanized IgG1 monoclonal antibody) and pembrolizumab can significantly inhibit and improve the drug resistance of non-small cell lung cancer (NSCLC) (110).



Strategies for targeting hypoxic microenvironments

Bibliometric research published on Frontiers in oncology shows that researchers’ interest in the research of tumor microenvironment is continuously rising from 2011 to 2021 (8). Moreover, the current research hotspot in this field focuses on the energy metabolism, oxidative phosphorylation, liposomes and other new drug delivery routes in TME (8). Therefore, in order to facilitate readers to understand the progress in this field, we summarize the treatment strategies that targeted at hypoxia. It is gratifying that several potential anti-tumor targets have been found (Table 1), including targeting hypoxia, glycolytic drugs, abnormal angiogenesis, and HIF drugs.


Table 1 | Target drugs for metabolism, HIF, and other pathways.



The energy metabolism of tumor microenvironment is a current research hotspot, and researchers have carried out a series of studies with it. A current study showed that glycolytic inhibitors effectively kill tumor cells that are not sensitive to chemotherapy drugs, even when they were present in multiple drug resistance cells (161, 162). Hexokinase 2 (HK2) plays a critical role in regulating aerobic glycolysis in tumor cells and has become one of the main targets of tumor therapy. A previous study showed that HK2 inhibitor 3-bromopyruvic acid (3-BP) significantly inhibits the progression and proliferation of tumor cells in HK2- expressing colorectal cancer. Moreover, apoptosis of tumor cells was induced by the signaling pathway of mitochondrial apoptosis (163). In recent years, the emergence of chemical dynamic therapy (CDT) has provided a new solution for cancer treatment (164). Interestingly, the amount of glutathione in the tumor cells directly affects the efficacy of chemotherapy. Glycolytic inhibitors could reduce the tumor’s glycolytic process and enhance CDT selectivity to tumor cells, thereby exploiting metabolic differences to achieve the specific treatment for tumor cells (165). In addition, OXPHOS inhibitors, such as metformin, improve hypoxia in the microenvironment by inhibiting the mitochondrial complex I, which reduces oxygen consumption in cells and corrects the hypoxic TME. Besides, OXPHOS also inhibits the upregulation of cancer subtypes, such as ovarian cancer, prostate cancer, and thyroid cancer (166, 167).

Abnormal tumor blood vessels are major factors in the continuous hypoxia of TME that hinder drug delivery (168). In the hypoxic TME, angiogenesis-promoting cytokines, such as VEGF and TGF-β, impede the differentiation and maturation of endothelial cells in neovascularization. As a result, malformed and poorly permeable new blood vessels aggravate the anoxic state of the tumor, making it difficult to deliver drugs effectively to the tumor (169). Antiangiogenic drugs, such as anti-VEGF antibodies, correct the abnormal blood vessels and promote the normalization of tumor blood vessels, which in turn alleviates hypoxia and improves the efficacy of conventional antitumor drugs (170, 171). However, angiogenesis inhibitors alone do not receive ideal therapeutic results, which might be related to the complex mechanisms of angiogenesis compensation (172). Therefore, VEGF inhibitors need to be used in combination with chemotherapy or immunotherapy, which has achieved satisfactory results in solid tumors, such as ovarian and breast cancer (173, 174).

HIF activity is mainly dependent on HIF-1α and plays a critical role in the regulation of hypoxic TME. Presently, studies on targeting HIF-1α are being widely carried out. Targeting the HIF-1α signaling pathway is effective in the treatment of solid tumors, such as pancreatic cancer (175, 176). Ubiquitin carboxy-terminal hydrolase L 1(UCHL1) is a ubiquitin-free enzyme that stabilizes its α-subunit (HIF-1α). UCHL1 inhibitors promote the degradation of HIF-1α and inhibit the activity of its downstream genes. Li et al. showed that the inhibition of the UCHL1-HIF-1 pathway decreases the expression of malignant tumor-related factors and eliminates UCHL1-mediated tumor cell proliferation and metastasis (177). In addition, Nelson et al. found that in the hypoxic microenvironment of pancreatic cancer, downregulation of USP25 reduced the transcriptional activity of HIF-1α, leading to cell death in the hypoxic core of the tumor without normal tissue affected (118). In another mouse model of pancreatic cancer, Xu et al. demonstrated that the Benzofuran derivative inhibited tumor growth by acting on the HIF-1α/VEGF pathway under hypoxia (111). In addition, the combination of the HIF-1α inhibitor px-478 and the immune-checkpoint inhibitor enhances the cytotoxicity of T cells against tumor cells, which might be related to the blocking of the HIF-1α/LOXL2 signaling pathway (178). Currently, clinical trials of combined therapy with HIF-1α inhibitors are underway. Thus, HIF-1α inhibitors seem to be a promising cancer therapy in the future.

Of note, the selective is not negligible for drug development, anoxic prodrug is an inactive compound that could be activated automatically in a specific anoxic region. This exploits the selective metabolism of precursor drugs in an anoxic environment, diffuses the killing compounds to the whole TME, and realizes the selective killing of tumor cells (179). A randomized controlled trial for the treatment of advanced pancreatic cancer showed that hypoxia-activated prodrug TH-302 combined with GissiTabine drug yields promising results; the combination group achieved more median progression-free survival than the single Gissi treatment group (180). In addition, TH-302 combined immune checkpoint blocking therapy cured >80% of the tumors in a mouse model of prostate cancer, which prolongs the suppression of bone MDSCs and relieves the inhibition of T cell proliferation (181). Another study showed that CP-506, an anoxic prodrug of nitrogen mustard, also yielded satisfactory effects in tumor tissue (182).

Hyperbaric medicine improves hypoxia in the TME by increasing the amount of dissolved oxygen in the blood (183). In previous studies, hyperbaric medicine has shown a satisfactory excellent curative effect in some cancers (breast and ovarian cancer) (184, 185). Hyperbaric oxygen (HBO) can be used as an adjuvant therapy to inhibit tumors by improving the hypoxic microenvironment (186). A recent study showed that hyperbaric medicine in mice with lung cancer improves the anoxic state of tumors, promotes tumor cell apoptosis, and inhibits tumor growth (187).



Conclusion

Hypoxia is the key factor regulating TME, which mediates the occurrence, development, and drug resistance of tumor cells. Under the condition of hypoxia, TME show immunosuppression and metabolic reprogramming. Therefore, the proliferation and differentiation of immune cells were inhibited. Immunosuppressive cells such as MDSCs, TAM and Tregs are recruited to the hypoxic zone to promote the escape of tumor cells. The metabolic reprogramming of tumor cells is conducive to obtaining energy in a hypoxic environment while maintaining an acidic microenvironment. In addition, glutamine metabolism and fatty acid metabolism have made great contributions to the balanced redox, anti-apoptosis, growth promotion and drug resistance of tumor cells. More importantly, while the hypoxia inhibits the function of PHD, HIF-1α will be activated and promotes the expression of downstream target genes, which further promotes the formation of hypoxic microenvironment and the progress of tumor cells. Therefore, anti-tumor therapy targeting hypoxia and related factors has attracted many researchers’ exploration. Finally, drug resistance induced by hypoxia still plays an important role in the process of anti-tumor treatment, which significantly affects the outcome of treatment. In this review, we summarize the treatment schemes for hypoxia, such as glycolysis inhibitors, anti-angiogenesis drugs, HIF inhibitors, hypoxia-activated prodrugs, and hyperbaric medicine, and finally the found targets and signal pathways in the form of table.

In conclusion, hypoxia is still the key to fight against malignant tumors. It is very necessary to clarify the molecular mechanism of hypoxia on the formation of tumor microenvironment and drug resistance, which will contribute to the breakthrough of tumor targeted therapy in the following work.
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Background

The interactions between tumor cells and the host immune system play a crucial role in lung cancer progression and resistance to treatment. The alterations of EGFR signaling have the potential to produce an ineffective tumor-associated immune microenvironment by upregulating a series of immune suppressors, including inhibitory immune checkpoints, immunosuppressive cells, and cytokines. Elevated Heparin-binding EGF-like growth factor (HB-EGF) expression, one EGFR ligand correlated with higher histology grading, worse patient prognosis, and lower overall survival rate, acts as a chemotactic factor. However, the role of heparin-binding epidermal growth factor-like growth factor (HB-EGF) in the accumulation of immune cells in the tumor microenvironment remains unclear.



Methods

The clinical association of HB-EGF expression in lung cancer was examined using the Gene Expression Omnibus (GEO) repository. HB-EGF expression in different cell types was determined using single-cell RNA sequencing (scRNA-seq) dataset. The correlation between HB-EGF expression and cancer-immune infiltrated cells was investigated by performing TIMER and ClueGo pathways analysis from TCGA database. The chemotaxis of HB-EGF and macrophage infiltration was investigated using migration and immunohistochemical staining.



Results

The high HB-EGF expression was significantly correlated with poor overall survival in patients with lung adenocarcinoma (LUAD) but not lung squamous cell carcinoma (LUSC). Moreover, HB-EGF expression was correlated with the infiltration of monocytes, macrophages, neutrophils, and dendritic cells in LUAD but not in LUSC. Analysis of scRNA-seq data revealed high HB-EGF expression in lung cancer cells and myeloid cells. Results from the pathway analysis and cell-based experiment indicated that elevated HB-EGF expression was associated with the presence of macrophage and lung cancer cell migration. HB-EGF was highly expressed in tumors and correlated with M2 macrophage infiltration in LUAD.



Conclusions

HB-EGF is a potential prognostic marker and therapeutic target for lung cancer progression, particularly in LUAD.
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Introduction

Lung cancer has the highest incidence among various types of cancer and is the leading cause of mortality worldwide. Despite advancements in screening, diagnostic, and therapeutic approaches, the overall survival (OS) of patients with lung cancer remains low (1). Immune checkpoint inhibitors, particularly those blocking cytotoxic T-lymphocyte–associated protein 4 (CTLA4) and programmed death-1 (PD-1)/programmed death-ligand 1 (PD-L1), have exhibited promising efficacy against lung cancer, with long-term survival benefits. However, less than 20% of patients respond to those agents, and acquired resistance is observed in many patients (2). Complex networks among tumor cells and the tumor microenvironment (TME) promote cancer progression and chemoresistance (3). The TME consists of cancer cells, associated fibroblasts, tumor vasculature, lymphoid tissue, adipocytes, cytokines, exosomes, and tumor-infiltrating immune cells (TIILs) such as T cells, B cells, dendritic cells (DC), myeloid-derived suppressor cells (MDSCs), and tumor-associated macrophages (TAMs) (4). Gaining insights into these networks can guide the development of current immunotherapies.

Aberrant signaling of ERBB family members plays an important role in tumorigenesis, particularly the epidermal growth factor (EGF) receptor (EGFR) in lung cancer. EGFR ligands that bind to their receptors mediate downstream signaling pathways, including RAS (rat sarcoma)/RAF (rapidly accelerating fibrosarcoma), phosphatidylinositol 3-kinase (PI3K)/AKT (the serine/threonine protein kinase) pathway contributes to lung tumor growth and metastasis (5). Activation of downstream signaling pathways of EGFR may also play an important role in evading antitumor immune responses (6). EGFR ligands, such as EGF and transforming growth factor [TGF]α, reduce tumor antigen presentation through MHC class I and II expression, while EGF promotes M2 polarization of macrophages (7, 8). Approximately 10-30% of patients with NSCLC harbor EGFR mutations, mainly in exons 18-21, which are considered to be oncogenic drivers and highly promote EGFR downstream signaling pathways (9). In addition, EGFR-mutated cancer cells can cause an anti-immune response in the TME by inducing a series of immunosuppressive events, including recruitment of immunosuppressive cells such as macrophages and Tregs, overexpression of suppressive immune checkpoints such as PD-1 and CTLA-4, induction of cytokines and TGF-β, and reduction of anti-tumor immune cells such as cytotoxic T lymphocytes (10, 11). In addition to its role in cancer cells, EGFR is expressed on several immune cells, including macrophages (12, 13), monocytes (14), plasma cells (15), and Tregs (16). Notably, macrophages constitute the bulk of the cells in the immune infiltrate of tumors, and their impact on cancer progression is extremely variable depending on their phenotype in the TME (17). Briefly, M1 and M2 macrophages in the TME can be divided into pro- and anti-inflammatory phenotypes, respectively (18). In lung cancer, M2 macrophage infiltration into tumor islets was associated with poor prognosis of NSCLC patients (19). CD204-positive TAM is the preferred marker for prognostic prediction in LUAD (20). NSCLC patients with EGFR mutations exhibit high triggering receptor expressed on myeloid cells 2 (TREM2)-positive (+) TAM infiltrations with unique NSCLC molecular features and advanced cancer progression (21). Additionally, TREM2+ TAMs are enriched in multiple anti-inflammatory cytokines, exhibit an M2-like immunosuppressive phenotype, and enhance T cell dysfunction. TAM polarization leading to M2 macrophage prevalence in the TME can confer drug resistance (22). M2 type TAM-derived exosomes also contribute to irreversible tyrosine kinase inhibitor (TKI) of EGFR, osimertinib resistance in NSCLC by modulating the MSTRG.292666.16/miR-6386-5p/MAPK8IP3 axis (23). Remarkably, a cannabinoid receptor 2 agonist, JWH-015, inhibits M2 macrophage-induced epithelial-mesenchymal transition (EMT) in NSCLC cells by downregulating the EGFR signaling pathway (24). Furthermore, reprogramming of TAMs from M2 to M1 phenotype overcomes EGFRT790M-mediated drug resistance by dual targeting mannose receptor-overexpressing TAMs and HER-2+ NSCLC cells (25).

Heparin-binding EGF-like growth factor (HB-EGF), which is a high-affinity EGFR ligand, is involved in lung development and plays a vital role in the differentiation of alveolar epithelial type II cells (26). HB-EGF was first found in a conditional medium derived from macrophages. The soluble form of HB-EGF serves as a paracrine and autocrine mitogen factor for fibroblasts (27), smooth muscle cells (28), keratinocytes (29), and some cancer cells such as ovarian (30), cervical (31), and breast cancer cells (32). HB-EGF induces the chemotaxis and recruitment of cells expressing EGFR and human EGF receptor 4, which is associated with PI3K activity (33). HB-EGF cleavage by matrix metalloproteinase 14 may enhance the EGFR signaling pathway to increase cancer cell growth in NSCLC (34) and promotes lung cancer cell proliferation through the signal transducer and activator of transcription 3 (STAT3) signaling pathway (35). High level of HB-EGF in the TME is associated with the activation and accumulation of macrophages, which may promote cancer progression (31). In cervical cancer, HB-EGF is produced primarily in the tumor cell compartment, not in the stroma. Remarkably, TAMs also mediates the expression of HB-EGF and other EGFR ligands to activate EGFR signaling and subsequent tumor cell proliferation (31). CXCL12-driven stimulation of cervical and colon cancer cells and macrophages may initiate and promote the granulocyte-macrophage colony-stimulating factor/HB-EGF paracrine loop, followed by macrophages leading to cancer cell survival (36). Furthermore, elevated HB-EGF expression in lung cancer is correlated with cancer cell growth, higher histology grading, and poor prognosis (35). Apart from tumor growth-promoting effects, the detailed role of HB-EGF in the TME in lung cancer remains largely unknown. Notably, TAM infiltrations and its polarization are associated with lung cancer progression and drug resistance (19–21, 23–25). The autocrine and paracrine actions of HB-EGF derived from TME cancer cells and tumor-infiltrating immune cells (TIICs) may lead to lung cancer progression. Thus, we would further explore whether high HB-EGF expression promotes the tumor progression associated with infiltrating immune cells.

We hypothesized that HB-EGF is part of the immune TME and is associated with poor survival outcomes in patients with lung cancer. We comprehensively analyzed its expression and role in the prognosis of patients with non–small-cell lung cancer (NSCLC), including LUAD and LUSC, in the GEO datasets. Moreover, we evaluated the association of HB-EGF with TIICs in the TCGA NSCLC and Tumor Immune Estimation Resource (TIMER) and verified the role of HB-EGF in TAM migration by using our cohort of patients and in vitro studies.



Materials and methods


Survival analysis in GEO datasets

Three microarray data sets of NSCLC (GSE30219, GSE3141, and GSE50081) were obtained from the GEO database by using the R package “GEOquery” (37). The differential expression levels of EGFR ligands, namely HB-EGF, EGF, TGF-α, betacellulin [BTC], amphiregulin [AREG], and epiregulin [EREG], were analyzed using the Mann–Whitney–Wilcoxon test. From each database, the data of LUAD and LUSC were selected for survival analysis. The cutoff value for the high and low HB-EGF groups was determined as the median. The survival curves were fitted and visualized using two packages: “survival” and “survminer” in R studio.



Gene expression and correlation analysis in TCGA database

The mRNA sequencing data of LUAD and LUSC from TCGA were downloaded to investigate the association between the gene of HB-EGF and the gene of immune infiltration. The specific gene markers of each immune cell were referred from the CellMarker database (38). To assess the relationship between HB-EGF and other genes, Spearman’s R correlation coefficient was calculated.



Analysis of single-cell RNA-sequencing

The single-cell RNA sequencing LUAD data were downloaded from GEO datasets (GSE131907). From expression matrix data, all 15 tumor samples—11 early stages and 4 late stages—were selected (Supplementary Table 1; extracted from the original paper) (39). Three quality filter criteria were applied to each cell: mitochondrial gene percentage (≤20%), unique molecular identifiers (100 to 150,000), and gene count (200 to 10,000). The 2000 highest variable genes were identified and used for principal component analysis (PCA)-based dimension reduction. Uniform Manifold Approximation and Projection (UMAP) were used to visualize clusters. Following the original paper, 60,924 cells were clustered into eight major cell lineages by using specific markers: epithelial cells, endothelial cells, fibroblasts, myeloid cells, B lymphocytes, T lymphocytes, NK cells, and mast cells (39) (Supplementary Table 2).



Immune infiltration analysis by TIMER2.0

The correlation between HB-EGF expression and the number of immune infiltrates, including those of T cells, B cells, NK cells, neutrophils, monocytes, macrophages, dendritic cells, myeloid-derived suppressive cells, mast cells, and cancer-associated fibroblasts, were analyzed across the LUAD and LUSC databases. We adjusted for Spearman’s correlations and purity. The algorithms TIMER, EPIC, MCP-COUNTER, CIBERSORT, CIBERSORT-ABS, XCELL, and QUANTISEQ provided by TIMER 2.0 (http://timer.cistrome.org/) were applied to evaluate immune infiltration.



Pathway analysis

We analyzed 576 samples from LUAD and evaluated the correlation with HB-EGF. The RNA-seq data (Level 3) were normalized with the Log2 (RSEM+1) method. The most correlated genes (n = 182) were used for pathway analysis performed using ClueGo software (Supplementary Table 3). The strength of the association between the terms was determined using kappa statistics. The network was generated and visualized using the Cytoscape yFiles radial layout.



Cell culture and differentiation

The human monocytic THP-1 and U-937 cells (ATCC, Manassas, VA, USA) were suspension cultured in RPMI 1640 medium (Gibco-11875) containing 10% fetal bovine serum and supplemented with 100 U/mL penicillin, 100 μg/mL streptomycin, and 50 μM β-mercaptoethanol. For stimulating the differentiation of THP-1 cells into macrophages, 10 ng/mL phorbol 12-myristate 13-acetate (PMA; Sigma-Aldrich, St. Louis, MO, USA) was added in culture medium for 48 h.



Migration assay

A monocyte migration assay was performed to investigate the chemotactic function of HB-EGF. First, 200 μL of serum-free RPMI 1640 containing 5 × 105 THP-1 cells were added to the upper chamber (24-transwell inserts, pore size of 8 μm, Corning, NY, USA). Subsequently, 600 μL of serum-free RPMI 1640 medium containing 100 ng/mL HB-EGF (Peprotech, Rocky Hill, NJ, USA) was loaded into the bottom chamber. The migrated cells were observed using an inverted microscope and counted in four fields (200× magnification) at 2, 4, and 8 h. This experiment was repeated three times.

After 105 THP-1 cells were differentiated into macrophages in the upper chamber for 48 h, the medium was discarded, and the cells were washed twice with phosphate-buffered saline (PBS) before using them in the migration assay. The same dose of HB-EGF was used in the bottom chamber to attract macrophages for 8 h. The non-migrated cells were gently scraped and washed with PBS. The migrated cells were fixed in ethanol and stained with crystal violet. At least four pictures of the migrated cells were obtained at 200× magnification and quantified using FIJI software. The experiments were repeated three times.



Macrophages cocultured with lung cancer cells

The macrophage-mediated cell proliferation of lung cancer was performed using a coculture assay. To stimulate differentiation into macrophages, 2 × 105 U-937 monocytes were seeded into the upper chamber of the transwell (porous with 0.4-μm pores; Corning, NY, USA) and treated with 10 ng/mL PMA for 24 h. Subsequently, cells were cultured in a medium with 20 ng/mL interleukin-4 (IL-4) and IL-13 for an additional 48 h to induce M2 macrophages. Cells were then washed with PBS and incubated with RPMI medium containing 2 μg/ml control IgG or HB-EGF antibodies (AB clonal, A16365) for 24 h. On the same day, 2 × 105 A549 cells were cultured in the lower chamber and incubated for 24 h to allow attachment. The subsequent coculture cells were incubated in a 6-well plate for 24–72 h. To assess M2 macrophage (ϕ)-mediated cancer cell migration, 1 × 105 U-937 monocytes were seeded in the 24-well plate. Similarly, cells were treated with PMA and M2 macrophage differentiation was subsequently applied. Then, M2 macrophages were washed with PBS and incubated with control or HB-EGF antibodies containing medium for 24 h. Subsequently, 1 × 105 A549 cells were seeded in the upper chamber (8-μm pore size) and placed on top of the 24-well plate containing M2 macrophages or a regular RPMI medium-only control. After 24 h of stimulation, migrated cells were stained, counted, and compared with control cells.



Immunohistochemistry

We obtained 30 tissue specimens of LUAD from the biobank at Taipei Medical University–Shuang Ho Hospital. Supplementary Table 4 lists clinical information. Immunohistochemical (IHC) staining was performed using 4-μm tissue sections. The tissues were deparaffinized and rehydrated by immersing them in a series of xylene and graded alcohol. Antigen retrieval was applied using Tris-EDTA buffer (pH 9.0) by pressuring cooking the tissue slides for 10 minutes. Endogenous peroxidase activity was blocked with 0.3% H2O2 for 15 min, and the tissues were incubated for 1 h in 10% bovine serum albumin to prevent nonspecific conjugation. For HB-EGF staining, the slides were incubated for 1 h at room temperature with the HB-EGF rabbit polyclonal antibody (AB clonal, A16365, 1:200 dilution). The slides were washed three times with PBS-T and incubated with the secondary antibody for 20 min. The color was developed using alkaline phosphatase (AP, EnzoBioscience). For the macrophage phenotype, double staining was performed using the mouse anti-CD68 monoclonal antibody (Proteintech, 66231-2-Ig, 1000 µg/mL, 1:1000) and rabbit anti-iNOS polyclonal antibody (Proteintech, 18985-1-AP, 267 µg/mL, 1:500) for M1 macrophage staining and the CD68 antibody (Proteintech, 66231-2-Ig, 1000 µg/mL, 1:1000) and CD163 polyclonal antibody (Proteintech, 16646-1-AP, 500 µg/mL, 1:200) for M2 macrophage staining. The primary antibodies were incubated for 1 h at room temperature, and the color was developed using AP and diaminobenzidine (Enzo, polyview, ADI-950-100) for 20 and 5 min, respectively. The single staining and negative control were performed but not shown in the context. CD68 is a pan-macrophage marker and CD163 is a M2 macrophage marker. M1-like macrophages, characterized by CD68 expression. iNOS is a M1 macrophage marker. The polarization macrophage can be categorized as: CD68+/CD163-/iNOS- (M0); CD68+/CD163+ cells (M2) and CD68+/iNOS+ (M1). The negative control was performed with the secondary antibodies (mouse and rabbit isotope controls). Negative control was always performed along with each experiment. Hematoxylin was applied as a counterstain for 5 min before dehydrating and covering the slides.



IHC quantification

HB-EGF expression was semi-quantitatively evaluated using the H-score (40), which was calculated by multiplying the percentage of positive cells with different staining intensity values (0: no signal, 1: weak, 2: moderate, and 3: strong). The proportion of positive cells was calculated using FIJI software, with double-stained cells identified using the Trainable Weka Segmentation, an integrated machine learning tool in FIJI (41). The percentage of double-positive cells represented the macrophage fraction in the tumor. At least four fields at 200× magnification from each slide were used for macrophage quantification.




Results


Higher HB-EGF gene expression predicted poor prognosis in LUAD

Activation of EGFR ligands and their downstream signaling pathways play a critical role in lung cancer progression (42). First, we compared the mRNA levels of common EGFR ligands in lung cancer (HB-EGF, EGF, TGF-α, BTC, AREG, and EREG) by using the gene expression dataset GSE30219, GSE3141, and GSE50081. HB-EGF exhibited the highest expression among the examined EGFR ligands (Figure 1A and Supplementary Figure 1A). Moreover, among the distinct subtypes of lung cancer cells, the HB-EGF mRNA level was highly expressed in NSCLC, especially in LUAD, LUSC, and basaloid squamous cell carcinoma (BAS), compared with small-cell lung cancer (SCLC; Figure 1B). In addition, the dot plot revealed a positive correlation between HB-EGF and EGFR gene expression levels in NSCLC (r = 0.470, p < 0.0001; Figure 1C and Supplementary Figures 1B–D). These results suggest that higher HB-EGF expression may play a vital role in lung cancer progression, particularly in NSLC.




Figure 1 | Prognostic potential of HB-EGF expression in LUAD (A) The gene expression levels of EGFR ligands, namely heparin-binding EGF-like growth factor (HB-EGF), epidermal growth factor (EGF), transforming growth factor-α (TGF-α), betacellulin (BTC), amphiregulin (AREG), and epiregulin (EREG), in lung cancer were analyzed using the GSE30219 dataset. The levels of HB-EGF were compared with those of other ligands by using the Wilcoxon rank-sum test, ****P < 0.0001. (B) Expression of the HB-EGF mRNA level across different types of lung cancer, including lung small cell carcinoma (SCLC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), lung cancer basaloid (BAS), lung cancer carcinoid (CARCI), lung cancer large cell neuroendocrine (LCNE), and large cell carcinoma (LCC) in GSE 30219 ***p < 0.001. (C) The correlation between the gene expression of HB-EGF and EGFR in GSE30219 was determined by performing Spearman’s rank correlation analysis. (D, E) Kaplan–Meier plot analysis of overall survival (OS) according to the HB-EGF mRNA expression level in patients with LUAD and LUSC in different GEO datasets (GSE30219, GSE3141, and GSE50081). We calculated p values by using the log-rank test.



To investigate the prognostic role of HB-EGF, we performed Kaplan–Meier survival analysis for determining the relationship between HB-EGF expression and OS in patients with NSCLC, particularly LUAD and LUSC. Among the patients with LUAD, those with higher HB-EGF expression had poorer OS in several GEO datasets, including GSE30219 (HR and 95% CI = 2.548 [1.284–5.059], p = 0.008), GSE3141 (HR = 2.301 [1.118–4.734], p = 0.024), and GSE32019 (HR = 1.883 [1.062–3.337], p = 0.030) (Figure 1D). No significant correlations were observed between HB-EGF expression and OS in patients with LUSC in these datasets (GSE30219: HR = 1.294 [0.698–2.401], p = 0.413; GSE3141: HR = 1.113 [0.514–2.411], p = 0.786; and GSE50081: HR = 1.449 [0.539–3.900], p = 0.463) (Figure 1E). Interestingly, by analyzing 4 GEO data including GSE29013, GSE31210, GSE50081, GSE8894, we found that the high HB-EGF expression relate with shorter progression free survival time in both LUAD and LUSC (Supplementary Figure 2). Collectively, our results indicated that the patients with higher HB-EGF expression had poorer prognosis, specially in LUAD.



HB-EGF expression was associated with tumor immune infiltration cell

To determine whether poor OS in patients with LUAD is attributable to higher HB-EGF levels affecting TIIC involvement in cancer progression, we explore the correlation between the expression of HB-EGF and the marker gene sets of diverse immune cells, namely cytotoxic T cells, Tregs, T helper cells, exhausted T cells, B cells, mast cells, NK cells, neutrophils, classical monocytes, nonclassical monocytes, M1/M2 macrophages, and plasmacytoid and conventional DCs. Analysis of TCGA gene expression in lung cancer revealed that HB-EGF expression in LUAD and LUSC had no or negative correlation with the markers of T cells, B cells, mast cells, and NK cells (Figures 2A–D) and are mostly positively correlated with the markers of neutrophils, monocytes, and DCs (Figures 2E–H). Furthermore, stronger correlations were observed in LUAD than in LUSC. These results (Figures 1, 2) revealed that higher HB-EGF expression might correlate with an increase in neutrophils, monocytes, and DCs in the TME, particularly in patients with LUAD with poor prognosis.




Figure 2 | Correlation between HB-EGF expression level and immune gene markers in the lung cancer TGCA database. The color and sector represent Spearman’s correlation between HB-EGF and immune gene markers: (A) T lymphocyte markers (CTC: cytotoxic T cells, Treg: regulatory T cells, and Th: T helper cells); (B) B lymphocyte markers; (C) Mast cell markers; (D) Natural killer (NK) cell markers; (E) Neutrophil markers (Neu); (F) Monocyte markers; (G) Macrophage markers (M1 and M2 subtypes); and (H) Dendritic cell markers (DC, dendritic cell; cDCs, conventional dendritic cells; and pDCs, plasmacytoid dendritic cells). (LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma).





HB-EGF expression was correlated with myeloid cells infiltration in LUAD

The TIICs is an independent prognosis parameter in NSCLC (43, 44). Thus, the TIMER platform was used to determine the correlation between HB-EGF expression and TIICs in patients with NSCLC. Spearman’s rank correlation indicated that high HB-EGF expression was associated with CD8+ T cells (r = 0.244, p = 4.29e-08), macrophages (r = 0.305, p = 4.05e-12), neutrophils (r = 0.361, p = 1.29e-16), and DCs (r = 0.337, p = 1.49e-14) in LUAD (Figures 3A, B). Consistent with the results of the TCGA data analysis (Figure 2), no significant correlation was observed between HB-EGF and TIICs in LUSC.




Figure 3 | Correlation of the HB-EGF expression level with immune infiltration cells: (A, B) Spearman’s correlation between HB-EGF and immune infiltration cells in LUAD and LUSC using TIMER2. (C) UMAP plot of 60,924 cells in 15 LUAD tumor samples using single-cell RNA-seq data GSE131907, colored by eight types of major cell lineages including epithelial cells, myeloid cells, T lymphocytes, natural killer cell, B lymphocytes, endothelial cells, fibroblast, and mast cells. (D) The violin plot indicated HB-EGF expression across cell types in figure (C).



To identify the types of cells expressing HB-EGF, we used all 15 lung tumor samples of single-cell RNA sequencing data GSE131907. We used a canonical marker set to classify 60,924 cells into eight major cell lineages (Figure 3C and Supplementary Figure 3), and the lung epithelium (e.g., alveoli and cancer cells), stroma (e.g., endothelial cells and fibroblasts), and immune cells (e.g., T, NK, B, bone marrow and mast cells) were identified as common cell types. HB-EGF was particularly highly expressed in myeloid and epithelial cells (Figure 3D), suggesting that these cells are the main sources of HB-EGF secretion in the lung TME. In addition, the correlation between HB-EGF and TIICs was determined using other algorithms to estimate immune cell types, namely TIMER, XCELL, MEPCOUNTER, CIBERSORT, QUANTISEQ, and EPIC (Supplementary Table 5). The results showed a significantly positive correlation between HB-EGF with DCs, monocytes, M2 macrophages, and neutrophils in LUAD but not in LUSC.



HB-EGF relevant co-expressed genes were involved in chemotaxis and activation of myeloid cells

To investigate the role of HB-EGF in promoting LUAD progression, we annotated the cellular functions of HB-EGF-related genes in the TCGA-LUAD cohort by using ClueGo. We used 182 genes highly related to HB-EGF (r > 0.55, p < 0.001) for functional analysis and determined that HB-EGF may participate in various processes of the immune response, including the regulation of monocyte and macrophage migration, macrophage–monocyte chemotaxis, macrophage activation, cytokine production, neutrophil chemotaxis, and leucocyte degranulation (Figure 4). Most HB-EGF-related genes were associated with monocyte-macrophage chemotaxis and macrophage activation, indicating their potential role in macrophage recruitment to the TME in LUAD.




Figure 4 | Potential pathways correlated with high HB-EGF-related genes using TCGA-LUAD: 182 genes exhibiting the highest correlation with HB-EGF were used for pathway analysis in ClueGO software. (A) Functionally grouped networks with terms as nodes linked based on their κ score level (≥0.3). (B) An overview chart with functional groups, including specific terms related to high HB-EGF expression. (C) The chart presents specific terms in (B). The bars represent the number of genes from the analyzed cluster found to be associated with the term, and the label displayed on the bars is the percentage of identified genes compared with all genes associated with the term.





HB-EGF promoted macrophage and lung cancer cell migration in vitro

To confirm the monocyte and macrophage chemotactic function of HB-EGF, we examined the migration ability of THP-1 monocytes and macrophages after HB-EGF treatment in the transwell migration assay. We observed that the number of migrating cells increased as early as 2 h following HB-EGF treatment (Figure 5A). Notably, at 8 h, we observed that cell migration increased by 6.36 times than that without HB-EGF. Consistent with our functional pathway analysis, HB-EGF significantly enhanced macrophage migration at 8 h (Figure 5B).




Figure 5 | HB-EGF promotes monocyte and macrophage migration: (A) The short-term effect of HB-EGF mediated monocyte migration. A total of 5 × 105 THP-1 cells were used in a transwell migration assay. HB-EGF was added to the lower well at a concentration of 100 ng/mL. The migration cells were observed at 2, 4, and 8 h. The right panels present representative images (magnification, 200×), the left panel shows the quantification of migrated cells, and the bar presents the mean and SD. (B) HB-EGF mediated macrophage migration. A total of 105 THP-1 cells were differentiated into macrophages in PMA (10 ng/mL) for 48 h in the insert well of a 24-well Transwell plate prior to Transwell migration with 100 ng/mL HB-EGF for 8 h. The left panel shows representative images (magnification, 200×); the right panel presents the quantification of migrated cells, and the bar shows the standard deviation. Wilcoxon rank-sum tests were used to compare the number of migrated cells in two groups at each time point. **p < 0.01, ****p < 0.0001. (C) Effects of U-937-derived HB-EGF mediated the proliferation of A549 cells. U-937-derived M2 macrophages (Mϕ) were pretreated with anti-HB-EGF antibodies or control IgG for 24 h and then cocultured with A549 cells. The number of cancer cells was tracked for 1–3 days. Cell proliferation of A549 cells cocultured with Mϕ was assessed after treatment with an anti-HB-EGF neutralizing antibody. (D) U-937-derived HB-EGF-mediated cancer cell migration was measured. A549 cells (upper chamber) were cocultured with M2 Mϕ pretreated with anti-HB-EGF or control antibodies in transwell plates for 24 h. *p < 0.05, **p < 0.01, ****p < 0.0001.



HB-EGF is secreted in U-937 cells and may be involved in macrophage-mediated cellular proliferation (45). We created a coculture system of U-937-derived macrophages and A549 cells to explore whether macrophage-derived HB-EGF affects the proliferation of lung cancer cells. The proliferation of lung cancer cells increased after coculturing with M2 macrophages (Figure 5C). Notably, the increase in cancer cell proliferation was significantly reduced when cocultured with macrophages treated with neutralizing HB-EGF antibodies but not reduced when cocultured with control IgG antibodies. HB-EGF secreted by TAM is closely related to primary tumor growth and promotes breast tumor migration (46). We then determined whether HB-EGF derived from macrophages-mediated lung cancer cell migration. The migration of cancer cells was significantly increased in coculture with M2 macrophages compared with the medium-only controls (Figure 5D). Additionally, the treatment of macrophages with anti-HB-EGF antibodies markedly diminished lung cancer cell migration compared with the control IgG. Collectively, macrophage-derived HB-EGF promoted cell proliferation and migration of lung cancer cells. Furthermore, these findings indicate that HB-EGF may increase the recruitment of TAMs and promote cancer progression.



HB-EGF was upregulated as tumor progression and associated with the amount of M2 macrophages in a validated cohort

HB-EGF protein expression was examined in the lung tissue sections derived from 30 patients with stage 1- 4 LUAD through IHC. The patients with stage 3/4 LUAD had higher tumor HB-EGF expression than did those with stage 1/2 LUAD (Figures 6A, B). Moreover, the patients with metastasis had higher tumor HB-EGF expression than did those without metastasis (Figure 6B). To evaluate the chemotactic role of HB-EGF in macrophages, M1 and M2 macrophages were stained with CD68/CD163 and CD68/iNOS, respectively (Figure 6C). Compared with the adjacent tissue, tumors had higher HB-EGF expression, higher M2 macrophage infiltration (Figure 6D), and similar M1 macrophage infiltration. Notably, HB-EGF protein expression was strongly positively correlated with M2 macrophage markers (r = 0.706, p < 0.0001) and not correlated with M1 macrophage markers (Figure 6E). Collectively, our findings supported a chemotactic role of tumor-expressing HB-EGF in attracting protumor M2 macrophages.




Figure 6 | HB-EGF is highly expressed in lung cancer and positively correlated with M2 macrophages in LUAD: (A) Representative immunohistochemical images for HB-EGF in different stages of lung adenocarcinoma (magnification, 200×). (B) Semiquantitative expression of HB-EGF by stage and metastasis status. The whisker shows the standard deviation, and the Wilcoxon rank-sum test was used. (C) Representative immunohistochemical images for macrophage M1 and M2 double positive in lung tumor (CD68 (brown) and iNOS (red) for M1; CD68 (brown) and CD163 (red) for M2, magnification x20). (D) HB-EGF, M1, and M2 IHC images (magnification, 5× and 20×) and quantification for lung cancer and adjacent lung tissues. The Wilcoxon signed-rank test was used. (E) The dot plot shows Spearman’s correlation between HB-EGF and the fraction of M1/M2 macrophages. ** mean p < 0.01, *** mean p < 0.001.






Discussion

The cancer hallmarks include sustaining proliferative signaling, evading growth suppressors, resisting cell death, enabling replicative immortality, inducing angiogenesis, and activating invasion and metastasis (47). The ability of cancer cells to evade immune destruction is significantly associated with worse OS. By “immunoediting,” such as creating an inflammatory milieu or recruiting immunosuppressive cells to the TME, solid tumors can avoid detection and limit immune killing. Thus, immune-based therapies have the potential as cancer treatments. Since the early 2010s, the exploration of potential target-mediated cancer hallmarks through analyses of multiple transcriptional datasets has yielded powerful predictors of cancer signatures in the study of immune profiles, diagnosis, and prognosis. In our study, we used comprehensive computational methods to estimate the levels of HB-EGF expression and TIICs in lung cancer tissues by using gene expression datasets, which were validated by our independent cohort and in vitro experiments. The results revealed that higher HB-EGF expression in the patients with LUAD was associated with poor prognosis and an increased TIICs level, particularly in neutrophils, monocyte, macrophages, and dendritic cells. HB-EGF is mainly expressed in epithelial and myeloid cells and partly in other types of cells in the TME. Furthermore, HB-EGF was noted to promote macrophage and lung cancer migration in cell-based experiments. IHC analysis findings indicated that HB-EGF protein levels in the lung cancer tissues were significantly correlated with M2 macrophage markers. Collectively, these results illustrated that HB-EGF is markedly increased in LUAD cancer cells and may promote TIICs recruitment, particularly M2 macrophages.

In this study, six common EGFR ligands, namely TGFA, HB-EGF, AREG, EREG, EGF, and BTC, were analyzed using the gene expression datasets. Among them, HB-EGF was the most significantly expressed in NSCLC, particularly in LUAD, LUSC, and BAS. A similar result for HB-EGF expression was observed in cervical cancer (31). Our results revealed that the patients with LUAD with higher HB-EGF expression had poor OS. However, we cannot exclude the importance of other EGFR ligands in the development of LUAD. Our previous findings revealed that higher EREG expression in LUAD but not LUSC was correlated with shorter OS (48). In addition, EREG produced by TAMs causes NSCLC cell EGFR-tyrosine kinase inhibitor resistance in the TME (49). EREG and HB-EGF may mediate signaling activation through the same corresponding receptor (11). However, whether HB-EGF mediates drug resistance through TIICs, such as TAMs, remains unclear. Notably, EGFR expression is lower in LUSC than in LUAD (50), possibly cause that HB-EGF overexpression is associated with poorer prognosis in LUAD but not LUSC. Remarkably, stage-dependent TIICs in the TME may have prognostic utility for lung cancer progression (51, 52). Our analysis of the gene expression datasets revealed that HB-EGF expression in LUAD was markedly correlated with the immune marker sets of TIICs, namely monocytes, TAMs, M1/M2 macrophages, neutrophils, and DCs, but not general T cells, CD8+ T cells, Th1, Th2, Th17, or B cells. TAMs is a TIICs in the TME, and TAM-derived HB-EGF mediates cancer cell migration (46). However, M1 and M2 TAMs play tumor-suppressing and tumor/metastasis-promoting roles, respectively (53). In our study, high HB-EGF expression indicated a significant association with most M2 TAM markers and poor prognosis in patients with LUAD, indicating the role of HB-EGF in recruiting M2 TAMs in the TME. Moreover, HB-EGF expression was significantly correlated with the markers of DCs and neutrophils. DCs in the TME of lung cancer tissues derived from mice and human patients exhibited high HB-EGF levels (54). In addition, DCs in the TME not only suppress T-cell-based anticancer immune responses but also promote cancer progression, including cancer cell growth, invasion, and pro-angiogenesis (55–57). Tumor-associated neutrophils may play a tumor-promoting role in the TME in cancer progression (58). Collectively, high HB-EGF expression may play tumor-promoting roles in the TME by increasing TIICs recruitment (e.g., DCs, monocytes, macrophages, and neutrophils) in LUAD but not in LUSC.

The cross-talk between cancer and the host immune system plays a crucial role in cancer initiation and progression. HB-EGF is a chemokine for a variety of cells, such as fibroblasts (27), smooth muscle cells (28), and cancer cells (59). An analysis of single-cell RNA-seq datasets revealed a higher HB-EGF expression in myeloid and lung epithelial cancer cells. Therefore, HB-EGF secretion in cancer cells may also affect the surrounding cells by changing the TME. Consistent with the findings of IHC analysis, HB-EGF protein expression was significantly increased in lung cancer tissues compared with normal tissues. Moreover, we explored mechanisms through which HB-EGF promotes LUAD progression. ClueGo functional analysis of 182 HB-EGF highly correlated genes indicated that HB-EGF may be involved in main processes including macrophage activation, macrophage–monocyte and neutrophil chemotaxis, leukocyte degranulation, and cytokine production. Activation of the EGFR signaling in monocytes is required for cell activation and migration (14). The effect of HB-EGF expression may increase the recruitment of monocytes and macrophages and further increase cell proliferation through the MEK/ERK signaling pathway (60). Our results demonstrated the chemotactic function of HB-EGF to promote monocyte or macrophage migration following short-term HB-EGF treatment. The higher expression of HB-EGF in LUAD may be related to the accumulation of immune cells, such as TAMs, in the TME. HB-EGF released by TAMs has a strong correlation with primary tumor growth and lymph node dissemination in breast cancer (46). In addition, TAMs may increase cancer growth through the GM-CSF/HB-EGF paracrine loop (14). Similarly, our results indicated that M2 macrophage-derived HB-EGF promotes lung cancer cell proliferation and migration. Furthermore, HB-EGF also significantly enhanced macrophage migration. These findings suggest that HB-EGF may increase TAM recruitment and promote lung cancer progression. However, further studies are required to clarify the mechanisms through which the excessive accumulation of HB-EGF in the TME causes different cellular interactions.

Macrophages may play key roles in inflammation promotion and resolution, cellular damage, and tissue remodeling because M1/M2 macrophages change their functional characteristics in response to alterations in the TME (31, 57). Notably, the alteration in the immune response from the M1 to M2 phenotype may be crucial for developing new lung cancer therapeutic strategies. Macrophage activation is the pathway with the highest gene expression and is significantly associated with HB-EGF expression. In our validation cohort, we observed a significant increase in M2 macrophages in tumors compared with adjacent normal tissues. In addition, HB-EGF protein levels were significantly correlated with M2 macrophage markers. HB-EGF stimulates the repolarization of the M1 to M2 phenotype by inhibiting the STAT3 signaling pathway of LPS-mediated intestinal cell apoptosis (61). The interaction of HB-EGF with EGFR activates downstream STAT3 in the nucleus (62). Therefore, EGFR/STAT3 may be a key downstream signaling pathway for HB-EGF for promoting M2 macrophage polarization. However, whether HB-EGF promotes M2 polarization during lung cancer progression, particularly in LUAD, remains unknown.

TAMs may directly suppress cytotoxic T lymphocyte responses by upregulating immune checkpoint molecules, such as PD-L1, and inhibitory cytokine production (63). Thus, the macrophage activation status is critical in cancer progression and therapy. M2 TAMs promote tumor progression in the TME by recruiting immunosuppressive Tregs and inhibiting the remodeling of DCs in the ECM and altering the expression of numerous cytokines. Thus, HB-EGF increases M2 macrophage recruitment and may promote M2 macrophage proliferation and polarization, eventually impairing patient prognosis. Accordingly, HB-EGF suppression may be a new strategy for the treatment of certain cancers, such as LUAD.



Conclusions

In summary, HB-EGF is highly expressed in lung cancer cells, especially LUAD, which leads to poor prognosis and is correlated with increased TIICs, including monocytes, macrophages, neutrophils, and DCs. Furthermore, the high HB-EGF expression in the TME may play a tumor-promoting role by recruiting immune cells, particularly M2 macrophages. Therefore, HB-EGF can serve as a prognostic marker and therapeutic target in patients with LUAD.



Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Ethics statement

The study protocol was approved by the Joint Institutional Review Board of Taipei Medical University (IRB no. N202103013). The patients/participants provided their written informed consent to participate in this study.



Author contributions

K-YL, S-MW, and NH conceptualized the study and reviewed the entire project and manuscript. NH and S-WL performed most experiments and wrote the manuscript. P-HF, S-WL, and S-MW designed the research and conducted experiments. NH, LD, and HQ performed the database collection and analysis and reviewed the manuscript. C-WL and C-SL provided expertise in statistical and figure analyses. P-HF, C-WL, and K-YC collected tumor tissue samples, conducted patient information analyses, and reviewed the manuscript. S-MW assumes responsibility for the content of the manuscript, including the data and analysis. All authors contributed to the critical revision of the manuscript for important intellectual content. All authors contributed to the article and approved the submitted version.



Funding

This study was funded by the Ministry of Science and Technology of Taiwan (MOST: 108-2314-B-038-111-MY3, 108-2314-B-038-063-MY3, 111-2314-B-038-150-MY3, and 111-2314-B-038-152-MY3), Ministry of Education of the Republic of China (DP2-111-21121-01-T-01-01), and Taipei Medical University and Shuang Ho Hospital (110TMU-SHH-19).



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.2022.963896/full#supplementary-material

Supplementary Figure 1 | Overexpression of HB-EGF in lung cancer. (A) The mRNA expression levels of the EGFR ligands, including heparin-binding EGF-like growth factor (HB-EGF), epidermal growth factor (EGF), transforming growth factor-a (TGFA), betacellulin (BTC), amphiregulin (AREG), and epiregulin (EREG) in lung cancer were analyzed by using GSE3141 and GSE50081 dataset. The levels of HB-EGF were compared with other ligands by using Wilcoxon rank-sim test, ***P<0.001; (B–D) The dot-plot showed Spearman’s correlation between EGFR and its ligands in GSE30219, GSE3141, and GSE50081 datasets.

Supplementary Figure 2 | Kaplan–Meier plot analysis of Progression free survival (PFS) according to the HB-EGF mRNA expression level in patients with LUAD (A) and LUSC (B) using combine 4 GEO datasets including GSE29013, GSE31210, GSE50081 and GSE8894. We calculated p values by using the log-rank test.

Supplementary Figure 3 | The dot-plot of selected marker for 8 cell types using single-cell RNA sequencing data GSE131907. Epithelial cells markers: EPICAM, KTR18/19, CDH1; Fibroblast cells markers: DCN, THY1, COL1A1/2; Endothelial markers: PECAM1, CLDN5, FLT1, RAMP2, T cell’s markers: CD3D/E/G, TRAC; Natural killer cells markers: NKG7, GNLY, NCAM1, KLRD1; B cells markers: CD79A, IGHM, IGHG3, IGHA2; Myeloid cells markers: LYZ, MARCO, CD68, FCGR3A; Mast cells markers: KIT, MS4A2, GATA2.
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Purpose


Pyroptosis exerts an undesirable impact on the clinical outcome of breast cancer. Since any single gene is insufficient to be an appropriate marker for pyroptosis, our aim is to develop a pyroptosis-related gene (PRG) signature to predict the survival status and immunological landscape for breast cancer patients.





Methods


The information of breast cancer patients was retrieved from The Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) databases. Quantitative real-time polymerase chain reaction (qRT-PCR) was performed to verify the gene expressions of this signature in breast cancer. Its prognostic value was evaluated by univariate Cox analysis, least absolute shrinkage and selection operator (LASSO) regression analysis, receiver operating characteristics (ROCs), univariate/multivariate analysis, and nomogram. Analyses of Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) were performed to explore its potential biological function in breast cancer. The potential correlation between this signature and tumor immunity was revealed based on single sample gene set enrichment analysis (ssGSEA), ESTIMATE and CIBERSORT algorithms.





Results


A PRG signature containing GSDMC, GZMB, IL18, and TP63 was created in a TCGA training cohort and validated in two validation GEO cohorts GSE58812 and GSE37751. Compared with a human mammary epithelial cell line MCF-10A, the expression levels of GSDMC, GZMB and IL18 were upregulated, while TP63 was found with lower expression level in breast cancer cells SK-BR-3, BT-549, MCF-7, and MDA-MB-231 using RT-qPCR assay. Based on univariate and multivariate Cox models, ROC curve, nomogram as well as calibration curve, it was revealed that this signature with high-risk score could independently predict poor clinical outcomes in breast cancer. Enrichment analyses demonstrated that the involved mechanism was tightly linked to immune-related processes. SsGSEA, ESTIMATE and CIBERSORT algorithms further pointed out that the established model might exert an impact on immune cell abundance, immune cell types and immune-checkpoint markers. Furthermore, individuals with breast cancer responded differently to these therapeutic agents based on this signature.





Conclusions


Our data suggested that this PRG signature with high risk was tightly associated with impaired immune function, possibly resulting in an unfavorable outcome for breast cancer patients.






Keywords: breast cancer, pyroptosis, 4-gene signature, survival status, immunological landscape






1  Introduction


Breast cancer belongs to one of the most common cancer diseases and ranks first or second in mortality rates among women worldwide, with approximately 2,260,000 increasing cases and almost 685,000 deaths according to the GLOBOCAN 2020 estimation (1). At present, a variety of anti-breast cancer treatments are available, including surgical operations, chemotherapeutic options, radiotherapeutic plans, hormone-based strategies, targeted therapies and others. Appropriate therapeutic measures are taken based on different breast cancer subtypes, such as HR+/ERBB2− (seven-tenths of the total), ERBB2+ (one-fifth of the total) as well as triple-negative (one-tenth of the total). The median overall survival (OS) for the first two subtypes is 5 years in comparison with approximately 1 year for the triple-negative phenotype. Accordingly, the main goal for treating the first two subtypes is eradication of local breast tumors/regional lymph nodes to prevent increasing risks of recurrence, while the therapeutic value in treating triple-negative phenotype is to prolong life span and alleviate patients’ suffering (2). Although more than 90% breast cancer patients are initially diagnosed as non-metastatic phenotypes, 20–50% of them eventually develop into advanced stages or distant recurrent phenotypes of breast cancer (3). In addition, tumor progression is highly dependent on the tumor niche or tumor microenvironment (TME). Immune dysregulation always leads to ineffectiveness and even multidrug resistance of clinical agents in cancer modality therapies (4). TME-associated oncogenes and/or tumor suppressor genes have potential value in determining tumor typing, gene sets, and pathways as well as phenotype modeling for research into breast cancer (5). Hence, it is urgent and essential to develop and validate a prognostic model to predict OS and immunological landscape in patients with breast cancer.


Pyroptosis is a certain kind of programmable cell death mediated by inflammasomes. It has been characterized by the formation of inflammasomes, the activation of caspase and gasdermin, as well as the release of pro-inflammatory cytokines (5). In the canonical pathway, pyrolytic cells appear light swelling with many bubble-like inflammasomes. The inflammasomes then join together and recruit caspase-1 to activate GSDMD within its N-terminal domain, and trigger the abnormal expressions of IL1β, IL18, high mobility group box 1 (HMGB1) and others through necrotic membrane pores formed by GSDMD-N. Alternatively, both pyroptosis initiation and GSDMD cleavage are caspase 4, 5, 11-dependent by combining with cellular lipopolysaccharides rather than recruiting inflammasomes in the non-canonical pathway (6). A variety of inflammatory factors are released into TME and blood circulation to promote systemic inflammation during pyroptosis. Therefore, a number of pilot studies have been focused on pyroptosis to comprehend its association with infectious diseases, nervous system disorders, and atherosclerosis-associated diseases (7). Of note, it has also been demonstrated that pyroptosis displays dichotomous behaviors during oncogenesis possibly due to different cell types, genetics and tumor stages. On one hand, tumors with abnormal GSDMD expression, activated inflammasomes, and enhanced pro-inflammatory cytokines belong to a more aggressive phenotype by maintaining immunosuppressive cells, facilitating stromal cell transformation from epithelial cells, and up-regulating matrix metalloproteinases for extracellular matrix remodeling (6). On the other hand, pyroptosis exerts anti-tumor function. For instance, pyroptosis induced by NLRP3-mediated inflammasomes could significantly delay the growth and metastasis of hepatocellular carcinoma (7). Thus, it is necessary to establish diagnostic and prognostic signatures for pyroptosis in order to clarify its significance in breast cancer.


It appears that pyroptosis holds promise as a potential adjuvant in tumor immunotherapy with a good prospect. According to clinical findings, different tumor types respond differently to immunotherapy. Tumors sensitive to immunotherapy are classified as “hot tumors”, while tumors with poor reactivity are called “cold tumors” (8). Thus, different treatment strategies should be adopted for different tumors, and how to transform “cold tumors” into “hot tumors” to improve the curative effect is particularly critical. An exciting research reported the synergistic effect of pyroptosis induction and PD-1 inhibitor could turn the tumor from immune-silent “cold tumors” to “hot tumors” with immune stimulation, suggesting the great potential of this combination (9). Moreover, pyroptosis contributes to tumor inhibition by stimulating anti-tumor immune response. Activating GSDME could promote macrophage phagocytosis and enhance the function of natural killer (NK) cells and CD8+ T cells (10). The study of Tan et al. revealed that DRD2 polarized macrophages to M1 by restricting NF-κB signaling, subsequently resulting in GSDME-induced pyroptosis in breast cancer (11). Overall, investigating the association between pyroptosis and tumor immunity can bring new insights into the prognosis and treatment of breast cancer.


Given the strong correlation between pyroptosis and cancer diseases, it is worth investigating the specific functions of PRGs (12). However, breast cancer-associated PRGs have not been fully explored yet. Herein, this study described a comprehensive analysis of breast cancer-associated PRGs, including their prognostic value, biological function and pathways, immunological characterization, drug sensitivity as well as genomic information. In particular, we developed a PRG-based signature to evaluate its prognostic value for breast cancer patients based on Kaplan-Meier and ROC methods. Subsequently, ssGSEA, ESTIMATE and CIBERSORT algorithms were also applied to clarify the relationship between PRGs and immune cell infiltration in TME, which would provide new targets for breast cancer immunotherapy.





2  Materials and methods




2.1  Data source and collection


We downloaded the RNA sequencing data of 1109 breast cancer tumor tissues as well as 113 adjacent tissues, and the related clinical information in the TCGA dataset (https://portal.gdc.cancer.gov/repository). Counts value matrix was utilized to screen out differentially expressed genes (DEGs) involved in pyroptosis, while TPM value matrix was used for the rest of analyses. Breast cancer patients with missing OS values or OS ≤30 days were excluded from the analysis to avoid statistical bias. We also used the GEO database (GSE58812 and GSE37751) (https://www.ncbi.nlm.nih.gov/geo/) to retrieve gene expression data and clinical data.





2.2  Identification of differentially expressed PRGs


The involved 52 PRGs were obtained from previous studies (13) (
Table S1
). The DEG identification between tumor tissues and adjacent tissues was conducted by the R package “edgeR” (14). Adjusted P-value < 0.05 and |log2 (fold change) | (log2 FC) > 1 were defined as the threshold. Protein-protein interaction (PPI) networks were set up using screened DEGs with the Retrieval of Interacting Genes (STRING) (https://string-db.org/).





2.3  Construction of the PRG model in breast cancer


To evaluate the prognostic value of this PRG model, both Cox regression analysis and LASSO regression analysis were utilized to evaluate the relationship between PRGs and the survival status in the TCGA cohort. For Cox regression analysis, genes that met P-value < 0.05 were further analyzed, and 4 survival-related genes were found. A prognostic model was then constructed using R package “glmnet” based on the LASSO regression. Finally, 4 genes were maintained. The penalty parameter (λ) was determined by applying minimum criteria. The risk score was calculated by the following formula:


	

For each gene Xi, coef (Xi) represented the coefficient, and Exp (Xi) represented gene expression. Breast cancer patients were classified into two groups (the high- and low-risk groups) based on the median risk score. We used principal component analysis (PCA) with “prcomp” R package and t-distributed stochastic neighbor embedding (t-SNE) test using “Rtsne” R package (15) to analyze two groups’ distribution. Then, Kaplan-Meier analysis was applied to examine the interactions between risk value and the survival time using R packages of “survival” (16) and “survminer” (17), and ROC curve analysis was performed to evaluate their diagnosis index with “timeROC” R package (18).





2.4  Validation of PRG signature


To further test and verify the 4-gene signature model based on TCGA, its prediction accuracy was re-evaluated in the GEO pool (GSE58812 and GSE37751). Kaplan-Meier curves implied significant discrepancies between the two risk groups of patients. Then ROC curves analysis was used to confirm the robustness of our PRG prognostic model.





2.5  Cell culture


MCF-10A, BT-549, MCF-7 and MDA-MB-231 were purchased from the American Type Culture Collection (ATCC, Manassas, VA, United States). SK-BR-3 was obtained from Jiangsu Kaiji Biotechnology Co., Ltd (Nanjing, Jiangsu, China). The cells were cultured in medium (DMEM for SK-BR-3 and MDA-MB-231 cells; RPMI-1640 for BT-549 and MCF-7 cells) and were added with 10% fetal bovine serum (Gibco, Nork York, NY, United States) as well as 1% penicillin and streptomycin (Gibco, Nork York, NY, United States). Both DMEM and RPMI-1640 were purchased from Gibco company (Gibco, Nork York, NY, United States). MCF-10A was maintained in DMEM/F12 (Gibco, New York, NY, United States) supplemented with 5% horse serum (Hyclone, Logan, UT, United States), 20 ng/ml epidermal growth factor (BD Bioscience, Bedford, MA, United States), 10 μg/ml insulin (Sigma, St. Louis, MO, United States), 0.5 μg/ml hydrocortisone (StemCell Technologies, Vancouver, BC, Canada), 100 ng/ml cholera toxin (Macgene, Beijing, China) and 1% penicillin and streptomycin (Gibco, New York, NY, United States). All these cell lines were kept at 37°C, with a humidified atmosphere of 5% CO2.





2.6  RNA isolation and qRT-PCR analysis


The primer sequences of GSDMC, GZMB, IL18, and TP63 were synthesized by WcGene Biotech (Shanghai, China), and β-actin was synthesized by Sangon Biotech (Shanghai, China) (listed in 
Table S2
). Total RNA was extracted with an RNA extraction kit (DP419, Tiangen Biotech Beijing Co., Ltd., Beijing, China), followed by reverse transcription reaction using TAKARA reverse transcription kit (RR047A, Takara, Shiga, Japan). Following qRT-PCR analysis was performed with TB Green® Premix Ex Taq™ II (RR820A, Takara, Shiga, Japan) in Bio-Rad CFX96. A comparative Ct method (2-ΔΔCT) was used to calculate the expression level of RNA normalized to β-actin.





2.7  Independent prognostic analysis


Univariate and multivariate Cox regression was conducted to investigate whether the risk score could be an independent prognostic factor. TCGA was used to obtain the clinical information (age, T stage, N stage, and M stage) of breast patients.





2.8  A predictive nomogram construction


A nomogram was established to predict the 1-, 3-, or 5-year survival probability and accuracy performance of the model assessed by calibration curves.





2.9  Functional enrichment analysis of PRGs


Patients with breast cancer were stratified by a median risk score into low- and high-risk groups from the TCGA and GEO cohorts. The DEG analysis was performed between two groups using the “limma” package (19). The threshold was set as follows: FDR < 0.05, | log2 FC | > 1. GO (20, 21) and KEGG (22) were performed by using “clusterProfiler” (23), and “ggplot2” (24) R package. The venn diagram was drawn by “VennDiagram” R package (25).





2.10  Assessment of immune status and CSC index between two subgroups


SsGSEA was performed to calculate the immune cell infiltration based on “GSVA” R package (26). The R package “ESTIMATE” was utilized to count the scores (immune/stromal/estimate score) and tumor purity in TME (27). R package “CIBERSORT” was used to reveal the intrinsic links between PRG score and immune cells abundance in TCGA (28). Subsequently, we used Spearman’s correlation analysis to analyze the relationship between the risk score and the index of immune cells/cancer stem cells (CSCs). Threshold P-value < 0.05 was considered significant.





2.11  Drug sensitivity evaluation


An analysis of half inhibitory concentrations (IC50) of common drugs was performed using “pRRophetic” R software in TCGA (29). And we applied the Wilcoxon signed-rank test to detect IC50 between two subgroups.





2.12  Data analysis using cBioPortal

cBioPortal (www.cbioportal.org) is a comprehensive web resource for collection and analysis of cancer genomics data, such as copy number alterations, DNA methylation and so on (30). 2509 samples [Breast Cancer (METABRIC, Nature 2012 & Nat Commun 2016)] were explored, and mRNA expression z-scores (log microarray) were acquired using a z-score threshold of ± 2.0. We also used cBioPortal web platform to analyze the relationship between the TP63 gene expression and its methylation level.





2.13  Analysis of common genes between pyroptosis and autophagy


The autophagy-related genes (ARGs) were collected from Human Autophagy Database (http://www.autophagy.lu/) (
Table S3
). An intersection was acquired by ARGs and PRGs. The effects of high and low gene expression on OS were investigated by Kaplan–Meier curves using R packages of “survival” and “survminer” (17).





2.14  Statistical analysis


Data analyses were completed by R software (v4.0.1) and SPSS software (version 26). Statistical significance was defined by P < 0.05.






3  Results




3.1  Identification of pyroptosis-related DEGs in breast cancer




Figure 1
 illustrated the flowchart of this study, including PRG signature construction, validation and functional analysis as well as response evaluation to therapies. We compared expression levels of 52 PRGs with DEGs from 1109 breast tumors and 113 adjacent tissues in TCGA, and identified 16 pyroptosis-related DEGs in breast cancer. Among them, 12 genes were significantly upregulated (BAX, BAK1, PYCARD, NOD2, GSDMD, IL18, AIM2, NLRP7, NLRP6, GSDMC, GZMB, NLRP2), while 4 other genes were obviously downregulated (IL6, TP63, ELANE, NLRP1) according to volcanoes (P < 0.05, 
Figure 2A
). The differential PRG expressions were visualized by heatmaps in 
Figure 2B
. To further investigate their intricate correlation with each other, a PPI-associated analysis was established in the light of a minimum interaction score of 0.4 (
Figure 2C
), and their interactions were also shown in a pyroptosis-based network (
Figure 2D
).





Figure 1 | 
Schematic illustration of the study design, including PRG signature construction, validation and functional analysis and response evaluation to therapies.









Figure 2 | 
Identification of pyroptosis-related DEGs and construction of a PRG-based prognostic model using the TCGA cohort in breast cancer. (A) A volcano plot displaying pyroptosis-related DEGs in breast cancer (P < 0.05, red: up-regulated genes; blue: down-regulated genes); (B) A heatmap of the 16 differential PRG expressions between breast tumors and adjacent tissues (P < 0.05, blue: decreased expression; red: increased expression); (C) A PPI network indicating the intricate interactions of the 16 PRGs (interaction score = 0.4); (D) The connection network among PRGs (Pink: a positive association; blue: a negative association. Green: a favorable factor; purple: a risk factor). (E) Univariate Cox regression analysis of survival-related PRGs (P < 0.05); (F) A 4-gene risk model was built based on LASSO regression analysis; (G) The breast cancer patient distribution based on the median value of the risk score; (H) PCA plot and (I) T-SNE analysis in the TCGA cohort; (J) Kaplan–Meier curve analysis for the OS of patients with either high or low risk; (K) The survival status of each breast cancer patient (left dotted line: low-risk; right dotted line: high-risk); (L) ROC analysis curve for the signature of this 4-gene set.









3.2  Construction of a PRG-based prognostic model in TCGA


In the search for the survival-related PRGs, a univariate Cox regression analysis was conducted based on a threshold of P < 0.05. As shown, 4 out of 16 aforementioned DEGs were selected as the appropriate candidates for constructing a pyroptosis-related risk signature. In particular, 3 genes TP63, IL18, and GZMB were shown as protective genes with hazard ratios (HRs) < 1, while GSDMC was regarded as a risk gene with HRs >1 (
Figure 2E
). In the following LASSO regression analysis, a 4-gene risk model was built based on the LASSO optimal λ regression (
Figure 2F
). Accordingly, the risk score was calculated as indicated: Risk score = (−0.120 * TP63 Exp.) + (−0.090 * IL18 Exp.) + (0.194 * GSDMC Exp.) + (−0.164 * GZMB Exp.). Patients with breast cancer were divided into two subgroups i.e. one with high risk (n = 517) and the other with low risk (n = 517) distinguished by the median risk score in TCGA (
Figure 2G
). In addition, the PCA and t-SNE analysis showed a high-quality separation between the two subgroups (
Figures 2H, I
). The Kaplan-Meier curve was used to reveal the discrepancies between the two risk groups, and it was found that breast cancer patients with high risk had shorter survival periods than those with low risk (
Figures 2J, K
). ROC analysis was then performed to validate the sensitivity and specificity of this signature, and the areas under curve (AUC) were 0.722 (1-year), 0.673 (3-year) and 0.617 (5-year), respectively (
Figure 2L
).





3.3  Signature validation with the GEO cohorts and qRT-PCR assay


Data from GSE58812 and GSE37751 were utilized as two independent validation sets to verify the prognostic value of this model. In GSE58812, 58 breast cancer patients were annotated as the low-risk populations and 49 were characterized by high risk based on the median risk score in the TCGA cohort (
Figure 3A
). In Kaplan–Meier analysis, a significantly lower survival rate was observed in the high-risk group compared to the low-risk group (P = 0.005, 
Figure 3B
). The survival status in the indicated groups was presented in 
Figure 3C
. The 1-, 3-, and 5-year AUC values were 0.720, 0.722, and 0.704 in GSE58812 (
Figure 3D
). Furthermore, patients with different risks (27 in the high-risk subgroup v.s. 34 in the low-risk subgroup) were assigned to two clusters in GSE37751 (
Figure 3E
). In GSE37751, patients in the high-risk group had shorter survival than those patients in the low-risk group (P = 0.029, 
Figure 3F
). Also, the survival status was shown in 
Figure 3G
, and the 1-, 3-, and 5-year AUC values were 0.636, 0.702, and 0.738 (
Figure 3H
). We additionally compared expressions of key genes between human breast cancer cells and a human mammary epithelial cell line MCF-10A using RT-qPCR assay. As shown, compared with MCF-10A, the expression levels of GSDMC, GZMB and IL18 were upregulated, while TP63 was found with lower expression level in breast cancer cells SK-BR-3, BT-549, MCF-7, and MDA-MB-231 (
Figures 3I–L
, P < 0.05).





Figure 3 | 
Validation of the PRG model with the GEO cohorts and qRT-PCR results. (A) The distribution of breast cancer patients based on the risk score in GSE58812; (B) Kaplan-Meier curves for OS in the low and high-risk groups in GSE58812; (C) The survival status for each breast cancer patient in GSE58812; (D) ROC curve analysis in GSE58812; (E) The distribution of breast cancer patients based on the risk score in GSE37751; (F) Kaplan-Meier curves for OS in the low and high-risk groups in GSE37751; (G) The survival status for each breast cancer patient in GSE37751; (H) ROC curve analysis in GSE37751; (I–L) qRT-PCR results indicating the expressions of GSDMC, GZMB, IL18, and TP63 in the indicated cell lines, values represented the mean ± SD. n=3, *P<0.05; **P<0.01; ***P<0.001.









3.4  Analysis of clinicopathological relevance and functional enrichment


Both univariate (
Figure 4A
) and multivariate (
Figure 4B
) Cox regression analyses proved that the PRG-based signature, as well as N stage and M stage, were independent predictors for poor prognosis of breast cancer patients (P < 0.05), demonstrating the robustness and accuracy of our method. The calibration curve for OS probability at 1, 3, and 5 years also suggested satisfactory consistency between the predicted and actual survival probabilities (C-index value=0.69, 
Figures 4C, D
). Next, we continued to investigate the clinicopathological correlation of breast cancer with this PRG risk model in TCGA. As shown, the PRG signature in the high-risk group was significantly correlated with poor survival in older (≥ 40 years), M0 or M1, N1-N3, and T1-T2 or T3-T4 populations (P < 0.05; 
Figures 4E–H
). Taken together, this PRG signature with high-risk score was possibly an independent prognostic marker linking to a poor clinical outcome for breast cancer patients.





Figure 4 | 
Analysis of predictive independency and clinicopathological relevance of the PRG signature in breast cancer. (A) Univariate Cox regression analysis; (B) Multivariate Cox regression analysis; (C) The nomogram for predicting OS probabilities for breast cancer patients with either high or low risk; (D) The 1-, 3- and 5-year nomogram calibration curves; Subgroup analysis of (E) age (< 40 years and ≥ 40 years), (F) M stage (M0 and M1), (G) N stage (N0 and N1-N3) and (H) T stage (T1-T2 and T3-T4).






In addition, enrichment analyses were carried out to reveal the molecular functions and underlying mechanisms associated with pyroptosis in breast cancer. For GO functional analysis, the terms existing in both the TCGA and GSE58812 cohorts included T cell activation, regulation of T cell activation, mononuclear cell differentiation, positive regulation of cell activation, lymphocyte differentiation, immune response minus;activating cell surface receptor signaling pathway, immune response−activating signal transduction, positive regulation of leukocyte activation, leukocyte cell−cell adhesion, positive regulation of lymphocyte activation, antigen receptor−mediated signaling pathway and regulation of leukocyte cell−cell adhesion (
Figures 5A–C
). For KEGG analysis, bubble charts demonstrated that the involved pathways co-existing in both cohorts were mainly associated with immunological modulation and cancer interference, including cytokine−cytokine receptor interaction, cell adhesion molecules, hematopoietic cell lineage, Th17 cell differentiation, chemokine signaling pathway, viral protein interaction with cytokine and cytokine receptor, Th1 and Th2 cell differentiation, primary immunodeficiency, T cell receptor signaling pathway, intestinal immune network for IgA production, allograft rejection, and autoimmune thyroid disease (
Figures 5D–F
).





Figure 5 | 
GO and KEGG analyses of the PRG signature in breast cancer. (A) GO analysis of the TCGA cohort; (B) GO analysis of GSE58812; (C) The Venn diagram of GO terms between the TCGA and GEO cohorts; (D) KEGG analysis of the TCGA cohort; (E) KEGG analysis of GSE58812; (F) The Venn diagram of KEGG terms between the TCGA and GEO cohorts.









3.5  Analysis of immunological status and TME characterization


On this basis, ssGSEA was then performed to evaluate the impact of this signature on immunological status, particularly immune cell types and functions. As shown, high-risk score led to lower levels of infiltrating immune cells, including active DCs (aDCs), B cells, CD8+T cells, dendritic cells (DCs), immature dendritic cells (iDCs), macrophages, neutrophils, natural killer (NK) cells, plasmacytoid DCs (pDCs), T helper cells, T follicular helper (Tfh) cells, Th1 cells, Th2 cells, tumor infiltrating lymphocyte (TIL), and regulatory cell (Treg) in two datasets (
Figures 6A, B
). In addition, the high-risk individuals presented lower activities in 13 immune-related pathways, including Antigen presenting cell (APC) co-inhibition, APC co-stimulation, C-C chemokine receptor (CCR), check-point, cytolytic activity, human leukocyte antigen (HLA), inflammation-promoting, major histocompatibility complex (MHC) class I, parainflammation, T cell co-inhibition, T cell co-stimulation, type I interferon (IFN) response, and type II interferon (IFNγ) response (
Figures 6C, D
). Overall, these data suggested that high-risk conditions were largely associated with impaired immune function in breast cancer, possibly resulting in unfavorable outcomes for those patients.





Figure 6 | 
Differences of infiltrating immune cells and immune-related pathways between different risk groups based on the TCGA and GEO cohort. (A, B) Infiltrating immune cells between two risk groups; (C, D) Immune-related pathways between two risk groups (all **P < 0.01; ***P < 0.001).






Moreover, we also investigated whether and how risk score affected immune activities in TME. Firstly, CSCs are the roots of breast cancer (31). In this investigation, breast cancer cells with higher PRG score also yielded a higher CSC index, indicating that it might be possible to eliminate CSCs through the use of pyroptosis-related therapies by targeting these 4 PRGs (P < 0.001, 
Figure 7A
). Next, we estimated TME score of breast cancer samples with R package “ESTIMATE” in TCGA. The goal of this algorithm was to retrieve stromal, immune and estimate scores. In particular, both stromal and immune scores were positively correlated to infiltration of stromal and immune cells, while the estimate score (the sum of the stromal and immune scores) was a negative indicator of purity of tumor cells (32). Compared with the low-risk group, the high-risk group with lower immune/stromal/estimate score exhibited higher tumor purities (
Figure 7B
). Further analysis revealed that most immune cells exhibited significant correlations with the four PRGs GSDMC, GZMB, IL18, and TP63 (
Figures 7C, D
). Also, the risk signature had a direct bearing on immune cell types determined by CIBERSORT algorithm. In particular, the PRG score was negatively correlated with T cells CD4 memory activated, T cells CD8, T cells CD4 memory resting, T cells gamma delta, Macrophages M1, B cells naïve and Plasma cells, while positively related to Macrophages M0, Macrophages M2, Mast cells activated and NK cells resting (
Figure 7E
). We also compared the immune-checkpoint markers between two subgroups. As shown, patients in the low-risk group expressed significantly higher levels of PD-1, PD-L1, PDL-2, CD80, CD86, and CTLA-4, implying that immune checkpoint blockade (ICB) therapies might be effective for the low-risk patients (P < 0.001, 
Figure 7F
).





Figure 7 | 
Impact of the risk signature on immune activities in TME. (A) Relationship between PRG score and cancer stem cells; (B) Analysis of PRGs related to immune/stromal/estimate score and tumor purity. The PRG signature correlated with (C, D) immune cell abundance, (E) immune cell types, and (F) checkpoints (all *P < 0.05; **P < 0.01; ***P < 0.001).









3.6  Evaluation of drug sensitivity and genetic regulation


The risk signature was then used to predict whether breast cancer patients could benefit from chemotherapeutic treatments or targeted therapies. Wilcoxon’s ranked-rank test was utilized to compare IC50 values between the high-risk and low-risk groups. As shown, the low-risk individuals with breast cancer had lower IC50 values for doxorubicin (
Figure 8A
), docetaxel (
Figure 8B
), paclitaxel (
Figure 8C
), lapatinib (
Figure 8D
), while IC50 values of drugs such as camptothecin (
Figure 8E
), embelin (
Figure 8F
) were obviously lower in breast cancer patients with high PRG risk (all P < 0.001). Overall, it was suggested that this signature was related to drug sensitivity and might provide guidance for treating breast cancer in the clinical setting.





Figure 8 | 
Evaluation of drug response between different risk groups. (A) Doxorubicin; (B) Docetaxel; (C) Paclitaxel; (D) Lapatinib; (E) Camptothecin; (F) Embelin (all ***P < 0.001).






In addition, we also investigated the genetic regulation of the four PRGs. An analysis of its molecular characteristics was conducted by searching the dataset of Breast Cancer (METABRIC, Nature 2012 & Nat Commun 2016) in cBioPortal. In particular, the OncoPrint tab summarized genomic alterations (including amplification, deletion, upregulation, and etc.) of TP63, IL18, GZMB, GSDMC were 8%, 0.2%, 5%, and 26%, respectively (
Figure S1A
). Of note, it was demonstrated that autophagy might play a crucial role in keeping intracellular homeostasis by regulating pyroptosis (33). By comparing 52 PRGs with 222 ARGs, 11 common genes TP53, NLRC4, BAK1, CASP1, CASP4, CASP8, BAX, CHMP4B, TP63, CASP3, and CHMP2B were identified, among which only TP63 exhibited further interactions with the established 4-gene signature (
Figure S1B
). According to both the TCGA and GEO cohorts, a decrease of TP63 level was an indicator for poor survival status for breast cancer patients (
Figure S1C–E
). In addition, a comparison between N0 and N1-N3 status of breast cancer patients demonstrated that cases with lymph-node metastasis had lower TP63 mRNA expression (P = 0.017, 
Figure S1F
), which might be due to its hypomethylation (
Figure S1G
).






4  Discussion


It is always important to seek and decipher pyroptosis-associated targets in breast cancer. For instance, GSDME methylation at high frequency contributed to lymph node metastasis and a poor prognosis for breast cancer patients (34, 35). Pizato et al. revealed that omega-3 docosahexaenoic acid had robust facilitation of pyroptosis-mediated cell death in triple-negative breast cancer, improving the understanding of DHA as nutriment and adjuvant treatment against breast cancer (36). The study from Liang et al. pointed out that trichlorobendazole triggered GSDME-dependent pyroptosis of breast cancer cells and clarified the involved mechanism was associated with augment of ROS/JNK/Bax-mitochondrial signal, suggesting the potential therapeutic use of this drug for treating breast cancer patients with high GSDME expression (37). Cisplatin induced anti-breast cancer effects at least partly by activating MEG3/NLRP3/caspase-1/GSDMD pathway (38). In light of these findings, it is crucial to develop a PRG-based prognostic signature to clarify the significance of pyroptosis in breast cancer. Herein, the PRG-based risk model containing GSDMC, GZMB, IL18, and TP63 was established in the TCGA cohort, followed by further validation with the GEO cohorts and qRT-PCR assay. Retrospectively, these targets could affect cancer progression by regulating pyroptosis directly or indirectly. For instance, GSDMC was initially recognized as an oncogene in metastatic mouse melanoma. Pyroptosis could be induced by artificially truncated N-terminal GSDMC (GSDMCNT), but the upstream signaling of GSDMC still remained unclear. A recent study by Hou et al. supplied one possible explanation for such a research gap. They demonstrated that tumor hypoxia induced PD-L1 nuclear translocation, accompanied by activation of GSDMC expression and pyroptosis induction (39). In addition, GSDMC overexpression might be related to lung cancer progression and poor survival (40). It was also worth mentioning that TP63 was identified as a core target in various cancer diseases. Lin et al. revealed that increased expression of TP63 isoform TAp63 abrogated the invasive abilities of colon cancer cells HT-29 and SW-620 (41). In murine model, TP63 loss led to activation of MAPK-P-STAT3 (Ser727)-MMP15 axis, resulting in metastatic spread of head and neck squamous cell carcinoma (42). A decline in TP63 expression was related to shorter survival times of patients with breast cancer, bladder cancer, and lung cancer (43–45). However, the influence of TP63 on pyroptosis as a single gene was not well understood. Wang et al. identified TP63 as an autophagy-related gene in breast cancer (45). Given that pyroptosis could be controlled by autophagy (33), TP63 might be an indirect factor affecting pyroptosis. In addition, TP63 has two isoforms i.e. TAp63 and ΔNp63 (46), making it hard for clarifying its specified role in breast cancer. Breast cancer also contains several molecular subtypes, including HR+/ERBB2−, ERBB2+ as well as triple-negative (2). As such, it is not clear to identify which subtype of TP63 exerts a dominant role based on the present information retrieved from the bioinformatics database, and we will address this frustrating issue in our future study.


Since any single gene was insufficient to be an appropriate marker for pyroptosis, we investigated the 4 aforementioned PRGs as a whole for breast cancer prognostic and immunological evaluation in this study. Several studies also reported similar pyroptosis-related models for breast cancer. The study of Wu et al. retrieved 33 PRGs to evaluate their relation to breast cancer progression (47). On this basis, our investigation expanded the number to 52 PRGs for initiating our model, and 4 out of the 52 PRGs were selected as the appropriate candidates for constructing a pyroptosis-related risk signature. Of note, our study was partly consistent with the findings of Wu et al., revealing the supporting role of IL18 in breast cancer progression (47). In addition, Yu et al. incorporated 15 candidate genes i.e. NLRC4, IRF3, ANO6, GSDMC, TP53, FGF21, IL36B, DHX9, FOXO3, IL36G, IL18, GJA1, MST1, GZMB and GBP1 for the development of a PRG model related to breast cancer (48). Although several of these single hub genes were indirectly related to pyroptosis, their combination was demonstrated to be an accurate predictor of breast cancer survival. Compared to the study of Yu et al., our predictive signature had fewer genes, which might save costs for the development of a corresponding diagnostic kit in future clinical applications (48). Beyond the above findings, we additionally revealed that TP63 was the common gene to associate pyroptosis with autophagy. The decreased expression of TP63 might have potential relation to hypomethylation, and predicted a poor OS rate for breast cancer patients. Since autophagy contributed to intracellular homeostasis by modulating pyroptosis (33), it is interesting to investigate the role of methylation-induced TP63 reduction in breast cancer and whether the involved mechanisms will be related to autophagic regulation by interfering with pyroptosis in the next study.


Our study further indicated that the obtained signature was highly relevant to immune response based on a combined analysis of GO, KEGG, ssGSEA and CIBERSORT, indicating the profound implication of pyroptosis in tumor immunity. In particular, GO and KEGG analysis revealed the low-risk group was featured by enhancement of T cell function and regulation of cytokine-cytokine receptor interaction. Then, ssGSEA and CIBERSORT methods were to analyze the association between the PRG signature and immune cell infiltration. According to the results of ssGSEA, the low risk led to greater quantities of immune cells, including B cells, T cells, dendritic cells, macrophages and so on. These results were consistent with the findings of CIBERSORT algorithm, showing that the low risk was correlated with subtypes of immune-stimulating cells, such as activated T cells, M1 macrophages, and dendritic cells, as well as B cells. In most cases, these cells might activate the immune system, leading to a positive prognosis of cancer diseases (49). Herein, it was confirmed by our results showing that T cells, M1 macrophages, dendritic cells and B cells were enriched in the low-risk group with a favorable prognosis in breast cancer. Furthermore, blockage of the immune checkpoint has become a trend in immunotherapy for breast cancer. Breast cancer patients have greatly benefited from immune checkpoint inhibitors by targeting PD-1 and PD-L1. A clinical trial revealed that atezolizumab, targeting PD-L1 protein, combined with nab-paclitaxel could be used to treat patients with metastatic triple-negative breast cancer (50). Also, KEYNOTE-012 and KEYNOTE-086 trials indicated that pembrolizumab was a PD-1 targeted immune checkpoint blocker for TNBC (51). In our study, it was shown that the low-risk patients had significantly higher levels of PD-1, PD-L1, PD-L2, CD80, CD86, and CTLA-4 than the high-risk patients, suggesting this low-risk subpopulation of breast cancer patients might benefit more from immune checkpoint blockade therapy. The above data suggested that the established PRG-related signature was tightly related to immune activation and tolerance.


Clinical outcomes and efficacy are hampered by acquired drug resistance in cancer diseases. In this study, it was found that the low-risk breast cancer patients were more sensitive to doxorubicin, docetaxel, paclitaxel, as well as lapatinib, whereas the high-risk populations were more responsive to camptothecin and embelin. Among the above therapeutic agents, doxorubicin, docetaxel and paclitaxel are common chemotherapeutic agents for breast cancer (52). There was evidence showing that paclitaxel could induce pyroptosis by activating Caspase-3/GSDME (53). Lapatinib is one of tyrosine kinase inhibitors targeting epidermal growth factor receptor (EGFR/ErbB1) as well as HER2/ErbB2 specifically for treating HER2+ subtypes of breast cancer (54). Moreover, camptothecin targets the nuclear enzyme topoisomerase I (TOP1) to treat endocrine-resistant breast cancer (55), and embelin is capable of inducing apoptosis in MCF-7 breast cancer cells (56). Individuals with breast cancer responded differently to these therapeutic agents on the basis of our PRG-based signature, and such prediction is aimed to decide which patients would benefit most from certain treatments. In other words, we hope to be capable of predicting novel drugs, identifying new therapeutic targets, and providing individualized treatment to breast cancer patients with such a model in the future.





5  Conclusion


Taken together, our study identified a 4-gene PRG signature tightly associated with survival status and immunological landscape, providing basic guidance for immunotherapy and individualized treatment in breast cancer.
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Characteristics TCGA GEO cohort (n = 196)
cohort (n = 479)

Age (years), n (%) <65 = 65 213 (44.47) 266 (55.53) 94 (47.96) 102 (52.04)
Gender, n(%)

Male 219 (45.72) 107 (54.59)

Female 260 (54.28) 89 (45.41)
Stage, n (%)

1 259 (64.07) 130 (66.33)

[ 117 (24.43) 35 (17.86)

1] 78 (16.28) 27 (13.78)

Y 25 (5.22) 4(2.04)
Survival status, n (%)

Dead 177 (36.95) 51(26.02)

Alive 302 (63.05) 145 (73.98)

TCGA, the cancer genome atias: GEO, gene expression amnibus.





OPS/images/fcell-10-807129/fcell-10-807129-g004.gif





OPS/images/fcell-10-807129/fcell-10-807129-g005.gif





OPS/images/fcell-10-807129/fcell-10-807129-g006.gif





OPS/images/fcell-10-807129/crossmark.jpg
©

|





OPS/images/fcell-10-807129/fcell-10-807129-g001.gif
I





OPS/images/fcell-10-807129/fcell-10-807129-g002.gif
71/;77'2//(7*—{;%,{, 77






OPS/images/fcell-10-807129/fcell-10-807129-g003.gif





OPS/images/fonc.2021.814014/table1.jpg
Characteristics

LUAD Patients (n = 6)

Age, year (mean + SD)
Male, n (%)
Female, n (%)
TNM stage, n (%)
|

I

I
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Outcome, n

PD

SD

PR

63.50 + 8.12
2(33.3)
4(66.7)

0(0)
1(16.7)
3(50)
2(33.9)

2
2
2

SD, standard deviation; LUAD, lung adenocarcinoma; PD, progressive disease; SD, stable

disease; PR, partial response.
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Characteristic levels Overall
n 374
T stage, n (%) T 183 (49.3%)
T2 95 (25.6%)
T3 80 (21.6%)
T4 13 (3.5%)
N stage, n (%) NO 254 (98.4%)
N1 4(1.6%)
M stage, n (%) MO 268 (98.5%)
M1 4 (1.5%)
Pathologic stage, n (%) Stage | 173 (49.4%)
Stage Il 87 (24.9%)
Stage IIl 85 (24.3%)
Stage IV 5 (1.4%)
Tumor status, n (%) Tumor free 202 (56.9%)
With tumor 163 (43.1%)
Gender, n (%) Female 121 (32.4%)
Male 253 (67.6%)
Age, n (%) <=60 177 (47.5%)
>60 196 (52.5%)
Histologic grade, n (%) G1 55 (14.9%)
G2 178 (48.2%)
G3 124 (33.6%)
G4 12 (3.3%)
AFP(ng/mi), n (%) <=400 215 (76.8%)
>400 65 (23.2%)
OS event, n (%) Alive 244 (65.2%)
Dead 130 (34.8%)
Age, median (IQR) 61 (52, 69)
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Characteristics

Age (>60 vs. <=60)

Gender (Male vs. Female)

T stage (T3&T4 vs. T1&T2)

N stage (N1 vs. NO)

M stage (M1 vs. MO)

Pathologic stage (Stage IlI&Stage IV vs. Stage 1&Stage Il)
AFP(ng/ml) (>400 vs. <=400)

Tumor status (With tumor vs. Tumor free)
Histologic grade (G38G4 vs. G1&G2)
Albumin(g/dl) (>=3.5 vs. <3.5)

Vascular invasion (Yes vs. No)

Total (N)

3738
374
371
258
272
350
280
355
369
300
318

0Odds Ratio (OR)

0.731 (0.486-1.099)
0.137 (0.080-0.226)
1.855 (1.154-3.015)
2.817 (0.355-57.360)
3,000 (0.379-61.068)
2.144 (1.316-3.539)
4.811 (2.597-9.370)
1.485 (0.975-2.269)
2.489 (1.615-3.870)
1.009 (0.589-1.733)
1.252 (0.788-1.992)

P value

0.132
<0.001
0.011
0.373
0.344
0.002
<0.001
0.066
<0.001
0.974
0.341
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Class

Protein

INcRNA
circRNA
Enzyme

Chemokine
MiRNA

Exosomal content

HAX-1
HMGB3
ICAM-1, CD44v5
Gal-9
HIF-1a
DDX53
CCAT2
circMYC
PFKFB3
MMP13
CCL20

miR-17-5p, miR-23a, miR-BART-10-5p, miR-18a, miR-144

miR-9

miR-24-3p, miR-891a, miR-106a-5p, miR-20a-5p, miR-1908

miR-301a-3p
miR-34c, miR-433-3p

Function

Tumor growth, angiogenesis
Angiogenesis, metastasis
Angiogenesis
Immunosuppression

Metastasis

Chemoresistance

Angiogenesis

Radio-resistance, cell proliferation
Angiogenesis, tumor proliferation and metastasis
Invasion and metastasis
Immunosuppression
Pro-angiogenesis
Anti-angiogenesis

Immune regulation

Metastasis

Ref
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(©9)
(100)
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(102)
(103)
(104)
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(107)
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Target

Immunotherapy
CTLA-4 & PD-1

EBV

LMP2
PD-1

PD-1 & EBV
PD-L1

PD-L1 & VEGFR-2
TGF-B

TIM-3

T-cells

Anti-angiogenic therapy
VEGF

VEGF/NVEGFR signaling

VEGFR

VEGFR & PD-L1

Ref

NCT04220307
NCT04945421
NCT02834013
NCT03097939
NCT03648697
NCT02287311
NCT02578641 (118)
NCT03925896
NCT03707509
NCT04944914
NCT04978012
NCT04833257
NCT04447612
NCT02339558 (119)
NCT03267498
NCT03544099
NCT03734809
NCT04736810
NCT03558191
NCT04917770
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NCT03925090
NCT04534855
NCT04421469
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NCT04282070
NCT05020925
NCT02065362
NCT02817633
NCT04476641

NCT00408694 (120)
NCT02636231
NCT04447326 (121)
NCT03932266
NCT03639467
NCT01462474 (122)
NCT00454142 (123)
NCTO00747799 (124)
NCT04562441

R/M, recurrent/metastatic; LA, locally advance.
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Cohort

TCGA
Age
Gender
CGrade
1p/19q
IDH
MGMT
PSMB9
Meta-CGGA
Age
Gender
Grade
1p/19q
IDH
MGMT
PSMB9
GEO
Age
Gender
Grade
1p/19q
IDH
MGMT
PSMB9

HR

1.0669
1.0069
3.0486
0.4080
0.1509
0.3525
1.0596

1.0146
1.0599
3.0521
0.2603
0.4180
0.8416
1.4398

1.0559
1.6641
1.1546
0.2991
0.2522
0.4929
1.4267

Univariate analysis

HR.95L

1.0501
0.6854
2.0002
0.2455
0.1008
0.2327
1.0377

1.0011
0.8093
2.2666
0.1799
0.3142
0.6442
1.2633

1.0324
0.8945
0.6252
0.1177
0.1342
0.2575
1.0683

HR.95H

1.0841
1.4791
4.6465
0.6782
0.2260
0.5341
1.0821

1.0283
1.3881
4.1097
0.3764
0.5560
1.0995
1.6411

1.0799
3.0956
21325
0.7598
0.4742
0.9434
1.9053

p-Value

0.0000
0.9721
0.0000
0.0005
0.0000
0.0000
0.0000

0.0338
0.6725
0.0000
0.0000
0.0000
0.2061
0.0000

0.0000
0.1078
0.6460
0.0112
0.0000
0.0327
0.0161

HR

1.0578
1.1295
1.6487
0.4632
0.3803
0.9495
1.0276

1.3702
1.0659
2.8738
0.3018
0.7180
0.9061
1.2232

1.0645
0.9962
1.1989
0.2632
0.3551
1.3304
1.2770

Multivariate analysis

HR.95L

1.0890
0.7565
1.0436
0.2621
0.1995
0.5383
1.0019

0.9696
0.8091
2.1190
0.2039
0.5201
0.6814
1.0772

1.0377
0.4986
0.6036
0.0973
0.1495
0.5858
0.9517

HR.95H

1.0768
1.6866
2.6047
0.8187
0.7248
1.6748
1.0539

1.9364
1.4041
3.8976
0.4465
0.9911
1.2050
1.3890

1.0919
1.9905
2.3814
0.7122
0.8434
3.0217
1.7136

p-Value

0.0000
0.5515
0.0321
0.0081
0.0033
0.8579
0.0348

0.0743
0.6502
0.0000
0.0000
0.0440
0.4978
0.0019

0.0000
0.9914
0.6045
0.0086
0.0190
0.4952
0.1031

TCGA, The Cancer Genome Atlas; CGGA, Chinese Glioma Genome Atlas; GEO, Gene Expression Omnibus.
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Characteristics TCGA dataset (n = 473) Meta-CGGA dataset (n = 413) GEO dataset (n = 379)
Age

>40 254 53.70% 218 52.78% 313 82.59%
<40 219 46.30% 195 47.22% 65 17.15%
PSMB9

High 131 27.70% 91 22.03% 111 29.29%
Low 342 72.30% 322 77.97% 268 70.711%
Grade

WHO Il 229 48.41% 183 44.31% 159 41.95%
WHO I 244 51.59% 230 55.69% 220 58.05%
Gender

Male 258 54.55% 238 57.63% 245 64.64%
Female 215 45.45% 175 42.37% 134 35.36%
IDH

Wild type 85 17.97% 102 24.70% 58 15.30%
Mutant 388 82.03% 311 75.30% 159 41.95%
N/A N/A N/A N/A N/A 162 42.74%
1p19q

Coded 156 32.98% 126 30.51% 74 19.563%
Non-coded 317 67.02% 287 69.49% 139 36.68%
N/A N/A N/A N/A N/A 166 43.80%
MGMT

Unmethylated 82 17.34% 169 40.92% N/A N/A
Methylated 391 82.66% 244 59.08% N/A N/A

LGG, lower-grade glioma; TCGA, The Cancer Genome Atlas; CGGA, Chinese Glioma Genome Atlas; GEO, Gene Expression Omnibus.
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Category

HIF

Metabolism

Others

Pathway/Target

HIF-10/VEGF
Others
Glycolysis

Glutamine metabolism
Pentose phosphate pathway
Hexosamine biosynthesis pathway

Branched chain amino acid (BCAA)
metabolism

OXPHOS
Autophagy
Antiangiogenic agents

Hypoxia-activated prodrug

Drugs

PKM2, benzofuran, derivatives, BITC, VHH212, P-AscH, Alpha-solanine, TX-2098
UsP25

MIR210HG, UHRF1,2-deoxyglucose (2-DG),3-bromopyruvate (3-BP), UBRS5, MTAP, CPI-613,
EROIL, BZW1

CB-839 mTORCI, EGFR-Pak, SUCLA2, SLC1A5
PRLR, p16, KRT6A

GFATI1, PMG3, NAGK, NF-kB

BCAT2, BCKDHA, BCAT1

UQCRCI, metformin, 64 (DX3-234), ONC212, Phenformin
Hydroxychloroquine, BML-275, MEKINIST, SEMA3A
Sunitinib, ceritinib, EndoTAG-1, bevacizumab

TH-302, Evofosfamide, YMEIL, HMGCR inhibitors, SQLE

Summary of the current therapeutic pathway and targets related to hypoxia, such as HIF and metabolism, and the drugs corresponding to each approach and target.

Reference

(111-117)
(118)
(119-127)

(128-132)
(133-135)
(136-139)
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(143-147)
(148-151)
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(155-160)
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DATASET ENDPOINT PROBE ID N COX P-VALUE HR [95% Cl-low- Cl-up]

GSE1456-GPL96 Relapse Free Survival 202552_s_at 159 2.71452E-05 0.35 [0.21 - 0.57]
GSE1456-GPL96 Disease Specific Survival 202552_s_at 159 0.000165802 0.32[0.18 - 0.58]
GSE1456-GPL96 Overall Survival 202552_s_at 159 0.0277991 0.55 [0.33 - 0.94]
GSE1456-GPL97 Overall Survival 228496_s_at 159 0.0436275 0.64 [0.41 - 0.99]
GSE1456-GPL97 Relapse Free Survival 228496_s_at 169 0.000131085 0.47 [0.32 - 0.69]
GSE1456-GPL97 Disease Specific Survival 228496_s_at 169 9.81953E-05 0.42[0.27 - 0.65]
GSE7378 Disease Free Survival 202552_s_at 54 0.0470036 0.47 [0.28 - 0.99]
GSE3494-GPL96 Disease Specific Survival 202552_s_at 236 0.00154078 0.39 [0.22 - 0.70]
GSE3494-GPL97 Disease Specific Survival 228496_s_at 236 0.0100557 0.56 [0.36 - 0.87]
GSE4922-GPL96 Disease Free Survival 202552_s_at 249 0.00532698 0.55[0.36 - 0.84
GSE4922-GPLI7 Disease Free Survival 228496_s_at 249 0.00296997 0.62 [0.45 - 0.85]
GSE2990 Relapse Free Survival 202552_s_at 62 0.0181867 0.49 [0.27 - 0.88]
GSE2990 Distant Metastasis Free Survival 202552_s_at 54 0.0170378 0.38[0.17 - 0.84]
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Characteristic Low expression of CRIM1 High expression of CRIM1 p

n 541 542

Age, n (%) 0.411
<=60 293 (27.1%) 308 (28.4%)

>60 248 (22.9%) 234 (21.6%)

Menopause status, n (%) 0.005
Pre 92 (9.5%) 137 (14.1%)

Peri 20 (2.1%) 20 (2.1%)

Post 370 (38.1%) 333 (34.3%)

T stage, n (%) 0.002
T 112 (10.4%) 165 (15.3%)

T2 338 (31.3%) 291 (26.9%)

T3 69 (6.4%) 70 (6.5%)

T4 20 (1.9%) 15 (1.4%)

N stage, n (%) 0.372
NO 255 (24%) 259 (24.3%)

N1 182 (17.1%) 176 (16.5%)

N2 51 (4.8%) 65 (6.1%)

N3 43 (4%) 33 (3.1%)

M stage, n (%) 0.219
MO 438 (47.5%) 464 (50.3%)

M1 13 (1.4%) 7 (0.8%)

Pathologic stage, n (%) 0.040
Stage | 74 (7%) 107 (10.1%)

Stage |l 324 (30.6%) 295 (27.8%)

Stage Il 123 (11.6%) 119 (11.2%)

Stage IV 11 (1%) 7(0.7%)

Histological type, n (%) 0.011
Infiltrating Ductal Carcinoma 407 (41.7%) 365 (37.4%)

Infiltrating Lobular Carcinoma 87 (8.9%) 118 (12.1%)

HER2 status, n (%) < 0.001
Negative 239 (32.9%) 319 (43.9%)

Indeterminate 7 (1%) 5(0.7%)

Positive 99 (13.6%) 58 (8%)

Radiation therapy, n (%) 0.435

No
Yes

226 (22.9%)
273 (27.7%)

208 (21.1%)
280 (28.4%)

Values in bold indicate that the results are statistically significant.
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clinicopathological features

group
breast cancer tissues
normal breast tissues
pathological type
Luminal A
Luminal B
HER2
TNBC

number

265
101

36
103
21
38

CRIM1 expression x2

negative positive
160 (60.4) 105 (39.6)

42 (41.6) 59 (58.4) 10.444
22 (61.1) 4(38.9)

69 (67.0) 34 (33.0)

5(23.8) 6(76.2)

38 (73.7) 0(26.3) 16.377

P-value

0.001

0.001
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Breast cancer subtype

Invasive Ductal Breast Carcinoma
Invasive Lobular Breast Carcinoma
Invasive Breast Carcinoma
Invasive Ductal and Lobular
Carcinoma

Ductal Breast Carcinoma
Medullary Breast Carcinoma
Invasive Ductal Breast Carcinoma
Invasive Ductal Breast Carcinoma

P-value*

3.28E-42
3.63E-15
8.33E-21
9.81E-05

4.41E-10
4.51E-20
2.48E-67
2.38E-05

*Statistical significance was determined by the Student’s t test.

t test

-21.901
-10.071
-11.021
-6.407

-7.754
-16.058
-26.654

-5.235

Fold change

-4.038
-2.722
-2.583
-2.026

-2.93
-3.276
-2.306
-2.312

Patient number

389
36
76

3

40
32
1556
9

Reference

TCGA
TCGA
TCGA
TCGA

PMID: 16473279
PMID: 22522925
PMID: 22522925
PMID:19187537
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microRNA expression Adverse effect Reference
let-7a(t) cardiotoxicity (102)
let-7f(1) cardiac dysfunction (98, 103)
miR-1(1) Arrhythmia, heart failure (98, 103, 104)
miR-20a(t) cardiotoxicity (108)
miR-210(1) tumor metastasis (98, 103)
miR-34a-5p(1) P53 activation, (105)
cardiotoxicity (98)
miR-130a(}) myocardial damage 98)
miR-1-3p(1) liver injury &)
miR-222(t) tumor metastasis 117)
miR-126a(1) lung metastasis ©®)

1, microRNA expression increasing; |, microRNA expression decline.
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TNC

TNC

TNC

Antibody 1L2-F16 (targeting TNC-Al)
G11 (targeting TNC-C)
IL12-R6N (targeting TNC-D)
Peptide PLI (targeting FN-EDB and TNC-
C) + pro-apoptotic payload
PL3 (targeting TNC-C and
neuropilin-1) + pro-apoptotic
payload
Ft peptide (targeting TNC and
neuropilin-1) + paclitaxel
Radiolabeled Radiolabeled anti-TNC monoclonal
antibodies antibodies such as '*'1-81C6

Aptamer GBI-10

Vaccine IMA950 (A multi-peptide vaccine
IMA950 targeting TNC)

RNA ATN-RNA (anti TNC dsRNA)

interference

Application

Glioblastoma

Diffuse intrinsic pontine glioma
Integrated TNC expression and 1¢25 status
Glioma stem cells

Combined with temozolomide

Every other day for 10 total injections

Every other day for 10 total injections

Intravenously administered every 2 weeks for 3 times

Radiotherapy after resection followed by chemotherapy
(temozolomide, lomustine, irinotecan, etoposide)

GBI-10-modified adenovirus

Injections of IMA950/adjuvant poly-ICLC after surgical
resection followed by chemoradiotherapy and temozolomide

Injection into the brain after resection

Result

Prognosis

Prognosis

Prognosis
Biomarker
Complete remission
Tumor targeting
Cancer regression

Reduced tumor growth
and increased survival

Improved survival

Improved survival

Low toxicity and
prolonged survival

Improved the adenoviral
transduction efficiency

Improved survival

Improved survival

Clinical
trial

Preclinical
Preclinical
Preclinical

Preclinical

Preclinical

Preclinical

Phase /1T

Preclinical

Phase 1/11

Patients

Ret

(209)

(210-
212)

(213,
214)

(215)

(216-
218)

TNC, Tenascin C; TNC-A1, Tenascin C with extradomain A1; TNC-C, Tenascin C with extradomain C; TNC-D, Tenascin C with extradomain D; FN-EDB, Fibronectin with extradomain

B: ds, double-stranded: IL, Interleukin; Ref, References.
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2000; Deocaris et al., 2007)

VER-155008 (Wen et al,, 2014; Williamson et al,,
2009; Sakai et al., 2021; Schlecht et al., 2013)
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Apoptozole (Cho et al,, 2011; Ko et al,, 2015; Park
et al,, 2017; Park et al., 2018)
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Slg-2 (Song et al, 2021; Zhang et al., 2022)
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impairs autophagy in cancer cells; inhibits tumour
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onco-client complex; induces cancer cell growth arrest;
induces tumour apoptosis

Affects cell signaling pathways; inhibits tumor growth;
anti-proliferative; increases cell cycle-dependent kinase
inhibitor P27, P21 levels; upregulates DNA damage
response and UPR in tumor cells

Interferes with signalling pathways; induces apoptosis in
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Interferes with cell survival and signaling pathways;
causes dysfunctional autophagy and altered lysosomal
function; disrupts HSP70-associate chaperone
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Cancer type

Lung cancer

Nasopharyngeal carcinoma

Endometrial cancer

Oropharyngeal cancer

Glioblastoma and lung
cancer

TPL, triptolide.

Findings

Induction of HSP70 expression and AKT phosphorylation by Redd to acquire resistance to radiotherapy

‘TPL (HSP70 inhibitor) enhances cellular radiosensitivity by inhibiting GRP78 to trigger apoptosis and induce G2/M
phase arrest

Silencing of HSP70 expression enhances radiotherapy efficacy

GRP78 (HSP70) confers radioresistance by increasing radiation-induced DNA double-strand break repair and cell
autophagy and the subsequent inhibition of apoptosis

Antibodies targeting GRP78 exhibit antitumor activity and enhance the efficacy of radiotherapy on tumors

References

Jin et al. (2019)
Li et al. (2016)

Du et al. (2009)
Sun et al. (2017)

Dadey et al. (2017)
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Primer name

LINC00377 Forward
LINCO0377 Reverse
MEF2C-AS1 Forward
MEF2C-AS1 Reverse
LMNTD2-AS1 Forward
LMNTD2-AS1 Reverse
LINC02446 Forward
LINC02446 Reverse
GAPDH Forward
GAPDH Reverse

Primer sequence (5’ to 3))

5'-GGAAAAGTGCATTTGCTTCGG-3’
5-TGACCTTGATGGCTTTTGATCC-3'
5'-ACTTGTTGCCTACTATCATACCTG-3'
5'-ATAGCCATACAATAAGTTGCTCT-3
5-AGTGACAGGCACTCACCTAC-3’
5'-TCTCCTGGAGCAGAGGGAATA-3'
5'-ATAGAGGCAAAGCAAGCCACT-3
5'-GTCACATCGTAGGAGGTGCTG-3'
5-CTGGGCTACACTGAGCACC-3'

5 - AAGTGRTCGTTGAGGGCAATG-3/
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Variable Number

Age

Mean (SD) 59.29 (11.30)
Pathological diagnosis

Serous 326
Grade

G2 34 (10.4%)

a3 292 (89.6%)
FIGO stage

A 6(1.8%)

e 13 (4.0%)

nc 256 (78.5%)

L\ 51 (15.6%)
Treatment response

CR 183 (56.1)

PR 42 (12.9%)

D 20 (6.1%)

PD 24 (7.4%)

Unknown 57 (17.5%)
Residual tumor (post-operation)

<lem 211 (64.7%)

>1om 87 (26.7%)

Unknown 28 (8.6%)

Abbreviation: HGSOV, High-grade serous ovarian cancers; TCGA, The Cancer Genorme
Atlas; SD, Standard deviation; G2, Moderately differentiated; G3, Poorly differentiated;
FIGO, Intemational Federation of Gynecology and Obstetrics; CR, Complete remission;
PR Partial remission: SD, Stable dicease: PD, Progressive disease
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Overall survival
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MELK (high vs. low)

T stage (T3-T4 vs. T1-T2)

Pathologic stage (lI-V vs. I-l)
Histologic grade (I-IV vs. IHl)
Child-Pugh grade (B-C vs. A)
Vascular invasion (positive vs. negative)
Family history (yes vs. no)

Disease-free survival

Age (260 vs. < 60)

Gender (male vs. female))

MELK (high vs. low)

T stage (T3-T4 vs. T1-T2)

Pathologic stage (Il-IV vs. I-l)
Histologic grade (II-IV vs. i)
Child-Pugh grade (B-C vs. A)
Vascular invasion (positive vs. negative)
Family history (ves vs. no)

Univariate analysis

HR (95%C1) p-value
1.27 (09-1.8) 0.181
1.21 (0.85-1.79) 0282
1.66 (1.17-2.37) 0005
25 (1.76-3.56) <0.001
2.41 (1.66-3.49) <0.001
1.14 (0.8-1.63) 047
1,62 (0.8-3.28) 0183

1.32 (0.87-2) 0183
1.16 (0.81-1.68) 0415

Univariate analysis

HR (95%C1) p-value
1.04 (0.77-1.4) 0817
097 (0.7-1.33) 0828
1.53 (1.13-2.08) 0006
215 (1.55-2.97) <0.001
2.18 (1.56-3.05) <0.001
1.19 (0.87-1.62) 0273
1.42 (0.78-2.6) 0253
1.64 (1.16-2.32) 0005

1(0.72-1.39) 0991

Multivariate analysis

HR (95%Cl) p-value
1.54 (1.05-2.24) 0.026"
23 (1.58-3.35) <0.001*
1.21(0.17-8.82) 0.849

Multivariate analysis

HR (95%Cl) p-value
1.51 (1.06-2.16) 0.026"
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Characteristics Total (N) Odds ratio (OR) p-Value
T stage (T2 and T3 and T4 vs. T1) 530 0.508 (0.356-0.710) <0.001
Pathologic stage (stage Il and stage Il and stage IV vs. stage I) 527 0.490 (0.346-0.692) <0.001
N stage (N1 vs. NO) 255 0.299 (0.082-0.886) 0.041
M stage (M1 vs. MO) 498 0.468 (0.279-0.768) 0.003
Gender (male vs. female) 530 0.511 (0.355-0.734) <0.001
Age (>60 vs. <60) 530 0.941 (0.669-1.323) 0.728
Hemoglobin (low and elevated vs. normal) 450 0.815 (0.559-1.188) 0.287
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n
T stage, n (%)

N stage, n (%)
M stage, n (%)

Pathologic stage, n (%)

Gender, n (%)

Race, n (%)

Age, n (%)

Histologic grade, n (%)

OS event, n (%)

Age, median (IQR)

Levels

T

T2

T3

T4

NO

N1

MO

M1
Stage |
Stage Il
Stage Il
Stage IV
Female
Male
Asian
Black or African American
White
<60
>60

G1

G2

G3

G4
Alive
Dead

OS, overall survival: IQR, interquartile range.

Overall

539
278 (51.6%)
71 (13.2%)
179 (33.2%)
11 (2%)
241 (93.8%)
16 (6.2%)
428 (84.6%)
78 (15.4%)
272 (60.7%)
59 (11%)
123 (22.9%)
82 (15.3%)
186 (34.5%)
353 (65.5%)
8 (1.5%)
57 (10.7%)
467 (87.8%)
269 (49.9%)
270 (50.1%)
14 (2.6%)
235 (44.3%)
207 (39%)
75 (14.1%)
366 (67.9%)
173 (32.1%)
61 (52, 70)
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Gene p adj
symbol
INAFM1 6.27E
-53
HCFC1R1 8.32E
-51
METTL26 3.24E
-50
ATP6VOD2 4.02E
-40
TBC1D14  3.95E
-39
OXCT1 4.44E
=37
ALDH6A1 2.68E
-36
FAM160A1 3.20E
-33
NCR3LG1 4.93E
-33
ZNF296 1.04E
-46
SELENOP 5.77E
-38

Gene
D

255783

54985

84326

245972

57533

5019

4329

729830

374383

162979

6414

Published role in

KIRC

NOT

NOT

NOT

NOT

NOT

NOT

PMID:33686951
PMID:32737333
PMID:30793530
NOT

PMID:31921143

NOT

NOT

Function

Predicted to be an integral component of membrane
Regulating HCFC1 activity by modulating its subcellular localization
Diseases associated with METTL26 include anauxetic dysplasia 1

Predicted to be involved in vacuolar acidification and vacuolar transport.
Located in the apical plasma membrane. Part of vacuolar proton-transporting
V-type ATPase complex

Enabling protein kinase binding activity. Involved in negative regulation of
autophagy, recycling endosome to Golgi transport, and regulation of
autophagosome assembly

Key enzyme for ketone body catabolism. Transfers the CoA moiety from
succinate to acetoacetate

Playing a role in valine and pyrimidine metabolism. Binds fatty acyl-CoA

Involved in protein localization to perinuclear region of cytoplasm
Interaction of B7HB with NK p30 results in natural killer (NK) cell activation and
cytotoxicity

Enabling sequence-specific double-stranded DNA binding activity

Might be responsible for some of the extracellular antioxidant defense
properties of selenium or might be involved in the transport of selenium

Correlation
with GMFB in
meta-analysis

Negative
Negative
Negative

Positive

Positive

Positive

Positive

Positive
Positive
Negative

Positive

Validation
in Caki-2
Negative
Negative
Negative

Positive

Positive

Positive

Positive

Positive
Positive
NA

NA

DEGs, differentially expressed genes; KIRC, kidney renal clear cell carcinoma. NA, Not Available
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T stage (T2 and T3 and T4 vs. T1)
N stage (N1 vs. NO)

M stage (M1 vs. MO)

Age (>60 vs. <60)

Gender (male vs. female)

GMFB (high vs. low)

Total (N)

530
255
498
530
530
530

Univariate analysis
Hazard ratio (95% CI)

2.872 (2.063-3.998)
3.426 (1.818-6.456)
4.333 (3.170-5.922)
1.753 (1.290-2.383)
0.951 (0.697-1.296)
0.541 (0.397-0.736)

p-Value

<0.001
<0.001
<0.001
<0.001

0.750
<0.001

Multivariate analysis

Hazard ratio (95% CI)

1.655
2.006
3.230
1.856

0.936-2.584
1.037-3.879
1.994-5.232
1.211-2.844

0.578 (0.374-0.892)

p-Value

0.088
0.039
<0.001
0.005

0.013

KIRC, kidney renal clear cell carcinoma. Bold values, p < 0,05
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