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Editorial on the Research Topic 
Multi-omics analysis in tumor microenvironment and tumor heterogeneity


Multi-omics technologies characterize biological activities by simultaneously integrating multiple single-modality omics methods, including the transcriptome, genome, epigenome, epi-transcriptome, proteome, metabolome, and developing omics (single-cell omics) (Jiang et al., 2022; Baysoy et al., 2023). A single-modality omics analysis to probe the cause of tumors and the direction of treatment has its limitations. Recent advances in multi-omics technology have proven to be the weapon of choice for dissecting the core mechanisms of cancer (Chai et al., 2021). As an encouraging case, the Cancer Genome Atlas (TCGA) serves to integrate multi-omics resources and has been successfully implemented in the analyzing of various cancer types (Liu et al., 2018; Sanchez-Vega et al., 2018). Multi-omics approaches also leave researchers with significant challenges. For instance, deficient necessitates standardization to allow sufficient integration across domains and appropriate methods for funneling complex information into clinical consequences (Hasin et al., 2017; Akhoundova and Rubin, 2022).
The tumor microenvironment (TME) is a complex system that contains cancer cells themselves, tumor-infiltrating immune cells, stromal cells, the extracellular matrix (ECM), and other secreted molecules (Lei et al., 2020). Dynamic interaction of all the components of TME contributes to malignant progression by generating heterogeneity, clonal evolution, and enhancing multidrug resistance in tumor cells (Tiwari et al., 2022). The coordination of several fundamental factors (such as innate immune-sensing machinery, oncogenetic alterations, metabolism alterations, and epigenetic regulators) can modulate anti-tumor responses by altering TME (Duan et al., 2020). Tumors could be roughly classified as cold or hot based on the features of the TME. Hot tumors are characterized by T cell infiltration and immune activation, presenting efficient response to immunotherapy, whereas cold tumors characterize oppositely. Therefore, reversing non-inflamed cold tumors into hot ones to achieve better immunotherapeutic response has emerged as a research focus (Duan et al., 2020; Mao et al., 2022; Mei et al., 2022; Mei et al., 2023).
Growing evidence suggests that TME is a dynamic network during tumor progression or therapeutic interventions (De Nola et al., 2021). Additionally, heterogeneity is present in almost all solid tumors and varies geographically and temporally with tumor progression and therapeutic intervention (Dentro et al., 2021). Anti-tumor immune heterogeneity is related to disease progression and therapeutic reactivity, particularly in immunotherapy (Wang et al., 2023). Thus, developing multi-omics profiling will enable in-depth characterization of diversified tumor types and better reveal their function in cancer immune escape.
It is an important research direction of precision medicine to systematically study clinical and pathological mechanisms and determine the best therapeutic targets through the multi-omics analysis of the TME. Subsistent multi-omics tools can reveal the heterogeneous composition of tumor and immune cells in the TME, to evaluate disease progression and guide the therapeutic regimens to each patient (Hsieh et al., 2022). Murai et al. (2023) performed multi-omics profiling to stratify nonviral hepatocellular carcinoma based on the TME features and identified the crosstalk between intratumoral steatosis and the TME. It benefits for identifying immunotherapy-susceptible hepatocellular carcinoma, providing valuable insight into the development of precise therapy. Moreover, pyroptosis-related gene score was explored and combined with TME features in ovarian cancer patients to define three pyroptosis modification patterns and TME immune characteristics of these patterns, which can be used to develop accurate and personalized treatment strategies for ovarian cancer patients (Liu et al., 2022). In addition, multi-omics analysis can also accelerate the identification of biomarkers that predict efficacy and prognosis in multiple tumors. In the development of endometrial carcinoma, two immune-related genes were identified to construct the immune-related prognostic signature, which was closely associated with the infiltration of several types of immune cells and can predict the prognosis and therapeutic response of endometrial carcinoma patients (Liu et al., 2021).
Despite these research papers published in this Research Topic can provide unique insights into the application of multi-omics analysis in the TME and tumor heterogeneity, multi-omics cancer research still faces many challenges and difficulties. Making standardized panels for a certain entity and clinical context is a critical issue for many of these techniques. The most important step in determining if newly developed multi-omics techniques can accurately predict patient responses is prospective validation in interventional randomized trials. Despite the long path of multi-omics approaches to clinical use, we should retain expectations in this field of research.
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Ovarian cancer (OvCa) is one of the most widespread malignant tumors, which has the highest morbidity and unsatisfactory clinical outcomes among all gynecological malignancies in the world. Previous studies found that cancer-associated fibroblasts (CAFs) play significant roles in tumor growth, progression, and chemoresistance. In the current research, weighted gene co-expression network analysis (WGCNA), univariable COX regression, and the least absolute shrinkage and selection operator (LASSO) analysis were applied to recognize CAF-specific genes. After multiple bioinformatic analyses, four genes (AXL, GPR176, ITGBL1, and TIMP3) were identified as OvCa-specific CAF markers and used to construct the prognostic signature (CAFRS). Furthermore, the specificity of the four genes' expression was further validated at the single-cell level, which was high-selectively expressed in CAFs. In addition, our results showed that CAFRS is an independent significant risk factor affecting the clinical outcomes of OvCa patients. Meanwhile, patients with higher CAFRS were more likely to establish chemoresistance to platinum. Besides, the CAFRS were notably correlated with well-known signal pathways that were related to tumor progression. In summary, our study identifies four CAF-specific genes and constructs a novel prognostic signature, which may provide more insights into precise prognostic assessment in OvCa.
Keywords: ovarian cancer, CAFs, WGCNA, bioinformatics analysis, prognosis
INTRODUCTION
Ovarian cancer (OvCa) is one of the most common malignancies, and its morbidity is the highest among all gynecological malignancies worldwide (Siegel et al., 2022). Due to the fatal aggressiveness, the prognosis of patients with OvCa is quietly poor (Siegel et al., 2022). Increasing numbers of studies report that cancer-associated fibroblasts (CAFs), which are highly versatile, plastic and resilient in primary and metastatic tumors, actively participate in tumor progression based on complicated interactions with other cell types in the tumor microenvironment (TME) (Chen et al., 2021; Czekay et al., 2022). For example, Silvia et al. found that diverse CAF subpopulations could promote the growth of cholangiocarcinoma at the single-cell level (Affo et al., 2021). In addition, the cellular crosstalk mediated by CAFs could also support the progression of hepatocellular carcinoma (Song et al., 2021). Collectively, the significant roles of CAFs in mediating oncogenesis and progression of tumors have been preliminarily concluded, suggesting potential targets of them for novel therapies in the future. However, there are few studies regarding CAFs in OvCa.
Increasing numbers of evidence suggested that recognized markers, such as α-smooth muscle actin and fibroblast activation protein α, are carried on CAFs (Nurmik et al., 2020). However, different cancer tissues have specific CAF genes (Biffi and Tuveson, 2021). Thus, using these identified markers may lead to ineluctable deviations in the assessment of CAFs in TME. Single-cell transcriptome analysis can reveal the cellular diversity in TME, such as the sub-populations of CAFs in cholangiocarcinoma (Affo et al., 2021). Although single-cell RNA-sequencing analysis can identify cellular states and their specific genes, the number of cells in tumor tissues is limited and the source of cases is heterogeneous, which may lead to bias. Despite the expression profiles of large cases provided by RNA-sequencing or microarray technologies, the complexity of cellular states and cell subtypes in a tissue mixture may also lead to bias.
Considering the advantages and limitations of single-cell sequencing and RNA sequencing or microarray technology, we firstly assessed the infiltration status of the stroma and CAFs using published algorithms that assess the abundance or levels of infiltration cell populations according to the expression values of some well-known signatures. Then, specific CAF genes were identified using weighted co-expression network analysis (WGCNA) by linking the fraction of CAFs with the relative gene module, and the clinical value of the gene signature was further explored and verified in many other microarray datasets. Finally, the expression specificity of gene signatures of OvCa CAFs was further verified in a single-cell transcriptome dataset.
MATERIALS AND METHODS
Download and Analysis of Public Datasets
The Gene Expression Omnibus (GEO) portal (https://www.ncbi.nlm.nih.gov/geo/) and UCSC Xena website (https://xenabrowser.net/datapages/) were used to obtain gene expression profiles of OvCa patients. After screening, six OvCa-related datasets, including GSE9891 (Tothill et al., 2008), GSE26712 (Bonome et al., 2008), GSE49997 (Pils et al., 2012), GSE140082 (Kommoss et al., 2017), GSE23603 (Marchion et al., 2011), and TCGA-OV cohort were obtained. GSE9891 was used as a training cohort. And the other five datasets were applied as test cohorts. The robust multi-array average (RMA) algorithm in the affy package was conducted to preprocess the array profiles. After background correction, quantile normalization, and probe summarization, the gene expression profile was generated based on the platform providing gene and probe mappings. Samples with overall survival (OS) above zero day were selected for further analysis. All the details of these datasets are presented in Supplementary Table S1.
Evaluation of Stromal Cell Populations for Ovarian Cancer Patients
To estimate the fraction of CAFs in the TME of OvCa patients in the GSE9891 cohort, the Estimating the proportion of immune and cancer cells (EPIC) method (Racle et al., 2017) was used to estimate the population abundance of CAFs in the training cohort according to the expression levels of signatures for different cell types. In addition, The ESTIMATE algorithm (Yoshihara et al., 2013), a method using gene expression profiles to estimate the fraction of stromal and immune cells in tumor samples, was also conducted to calculate Stromal Score, ESTIMATE Score, Immune Score, and Tumor Purity.
Identification of Cancer-Associated Fibroblasts-Specific Markers
Previous studies identified shared gene signatures and biological mechanisms in type 2 diabetes and pancreatic cancer by utilizing the WGCNA method (Hu et al., 2022). To further explore the relationship between gene expression and abundance of CAFs, we performed the WGCNA according to the expression profiles of all genes (17,003 genes) by utilizing the R package WGCNA (Langfelder and Horvath, 2008) and next identified the remarkable gene modules positively correlated with the fraction of CAFs. The idea of a soft threshold is to continually elementize the elements in the Adjacency Matrix through a weight function. And due to the choice of the soft threshold, β, can affect the result of module recognition and the relative network of the random average of each node, there is a scale-free network in which a few nodes exhibit a significantly higher degree than the general point, which is a more stable choice. According to published research (Chen et al., 2020), the WGCNA was performed, and the soft threshold power of β = 4 (scale-free R2 = 0.92) was installed. Genes with gene significance (GS) ≥ 0.5 and module membership (MM) ≥ 0.5 in modules highly associated with CAFs were identified as CAF-related markers and extracted for further study.
Construction of Prognostic Model Based on Cancer-Associated Fibroblasts-Specific Markers
Next, CAF-specific markers were selected to construct the gene risk score following the criteria. Firstly, genes with GS ≥ 0.5 and MM ≥ 0.5 in the module which had the highest correlation with CAF fraction were selected for further analysis. Then, the univariable COX regression analysis was conducted to extract genes significantly associated with OS (p-value < 0.05). Subsequently, the least absolute shrinkage and selection operator (LASSO) regression algorithm was utilized to screen the potential prognostic genes, which were defined as CAF-specific markers. The risk score of the prognostic model based on CAF-specific markers (CAFRS) of patients was calculated based on the linear combination of the expression values of CAF-specific markers multiplied by the corresponding LASSO coefficients. To confirm the role of the risk score in the prediction of prognosis, the OvCa patients were divided into the high- and low-CAFRS groups according to the 50% cutoff of the CAFRS.
Enrichment Analysis of Gene Functions and Pathways
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis were performed by using the R package clusterProfile. The top ten enriched GO and KEGG pathways with the most significant p-values were displayed.
Single-Cell RNA Sequencing Datasets Analysis
To explore whether the gene signature screened by WGCNA was consistent with the cell-specific genes of different cells in OvCa, the single-cell transcriptomes datasets of six ovarian tumor tissue from GSE173682 (Regner et al., 2021) were downloaded. All additional analyses were performed using the Seurat (4.0.4, http://satijalab.org/seurat/) R toolkit (Butler et al., 2018), including quality control and all subsequent analyses.
To eliminate the influence of abnormal cells and technical background noise on downstream analysis, cells were reserved if the expression of mitochondrial genes was greater than 10% or with detected genes less than 200 or greater than 5,000. Finally, a total of 50,502 cells were used for further analysis (GSM5276938: 8,009 cells, GSM5276939: 8,295 cells, GSM5276940: 8,181 cells, GSM5276941: 8,984 cells, GSM5276942: 10,094 cells, GSM5276943: 6,939 cells).
In order to minimize the technical batch effects among individuals and experiments, we used the “RunHarmony” function in R package harmony (Korsunsky et al., 2019) to integrate 50,502 cells from six OvCa patients. The top 4,000 variable genes were used for principal component analysis (PCA) to reduce dimensionality. The dimensionality of the scaled integrated data matrix was further reduced to two-dimensional space based on the first 30 principal components (PCs) and visualized by t-Distributed Stochastic Neighbor Embedding (tSNE). The cell clusters were identified based on a shared nearest neighbor (SNN) modularity optimization-based clustering algorithm with a resolution of 1, and all cells were divided into 27 clusters (Supplementary Figure S1B). In order to recognize the types of these cells, some known markers, such as VWF and PECAM1 for endothelial cells, EPCAM and KRT8 for epithelial cells, COL1A1 and DCN for fibroblasts, CD3E and CD3G for T cells, CD86 and LYZ for macrophages, and CD79A for B cells, were used to verify the annotation of cell types (Supplementary Figure S1C).
Statistical Analysis
All statistical analyses were handled using R-4.0.4. The significant difference in continuous variables between the two groups was assessed using the Wilcoxon rank-sum test, while categorical variables were compared by the chi-square test. Prognostic values were evaluated using the log-rank test. For all analyses, a two-paired p-value < 0.05 was deemed to be statistically significant, and labeled with *p-value < 0.05, **p-value ≤ 0.01, ***p-value ≤ 0.001, and ****p-value ≤ 0.0001.
RESULTS
Changing Trends in the Stromal and Cancer-Associated Fibroblasts
Details of the study’s design were illustrated in Figure 1. Firstly, ESTIMATE and EPIC algorithms were performed to calculate the infiltration of the stromal, CAFs, and immune cells in OvCa. As shown in Figure 2A, OvCa patients with higher tumor stages tended to have a higher proportion of stromal cells and CAFs. As expected, the fractions of CAFs estimated by EPIC for each OvCa patient were significantly positively associated with Stromal Scores (Figure 2B). Meanwhile, high CAF fraction (p = 0.03, Hazard Ratio [HR] = 1.6) and Stromal Score (p = 0.04, HR = 1.6) were remarkably related to poor OS (Figure 2C), while the relative abundance of immune cell populations and tumor purity were not significantly associated with OS (Figure 2C), indicating the important role of stromal cells, especially the CAFs in the prognosis of OvCa. Overall, these results uncovered the encouraging prognostic values of CAFs in OvCa.
[image: Figure 1]FIGURE 1 | Flow chart of the research. The gene expression profiles of GSE9891 were obtained from the GEO database. ESTIMATE and EPIC algorithms were performed to estimate the infiltration levels of stromal, CAFs and immune cells. WGCNA was used to explore potential genes related to the fraction of CAFs. Univariable Cox regression analysis was performed to screen genes that were notably related to OS. LASSO regression method was used to find out the CAF-specific markers and construct the prognostic model. The prognostic value of the model was validated in the other five independent cohorts. Moreover, the distribution of the CAF-specific markers was displayed at the single-cell level.
[image: Figure 2]FIGURE 2 | Evaluation and prognostic values of infiltration cell populations. (A) Heatmap showing the abundance of tissue-infiltrated cell populations evaluated by ESTIMATE and EPIC algorithm. (B) Scatter plot showing the Pearson correlation between CAF fraction evaluated by EPIC and Stromal Score calculated by ESTIMATE. (C) Univariable analyses of the abundance of infiltration cell populations with overall survival in GSE9891.
Identification of Gene Modules and Gene Signatures Correlated to Cancer-Associated Fibroblasts
Having observed the prognostic values of CAFs in OvCa, we then constructed a WGCNA by utilizing the R package WGCNA to identify markers associated with CAF fraction in the GSE9891 OvCa cohort. In the current study, the power of β = 4 (scale-free network R2 = 0.92) was selected as the soft threshold to ensure a scale-free network (Figures 3A,B). Next, 26 color-coded gene modules except for the gray module were held for further research (Figure 3C). As shown in Figure 4D, the yellow module had the highest correlation with CAFs fraction (R = 0.91, p < 0.001) and levels of stromal cells (R = 0.88, p < 0.001). The GS and MM values for the yellow module in CAF and StromalScore were displayed in scatter plots (Figures 3E,F). Furthermore, a functional analysis of genes with GS ≥ 0.5 and MM ≥ 0.5 in the yellow module was highly related to extracellular matrix function (Figure 3G), which was produced by CAFs in cancer development (Plikus et al., 2021).
[image: Figure 3]FIGURE 3 | Identification of relevant modules associated with CAF fraction in GSE9891. (A) Analysis of the scale-free fitting indices for different soft-thresholding powers (β). (B) Mean connectivity analysis of different soft-thresholding powers. (C) Clustering dendrograms of genes were based on dissimilarity topological overlap and module colours. As a result, 26 co-expressed modules except the grey module were constructed and labeled with different colours. These modules were arranged from large to small according to the number of genes included. (D) Heatmap of the correlation between module eigengenes and CAF or StromalScore of OvCa. The yellow gene module was revealed to exhibit the highest correlation with both CAF fraction and Stomal Score. (E,F) Scatter plots showing the relationship between MM and GS in the yellow module. (G) GO and KEGG analyses of genes in the yellow module.
[image: Figure 4]FIGURE 4 | Construction of prognostic model in GSE9891. (A) The LASSO coefficient profiles were constructed using CAF-related genes, and the tuning parameter (λ) was calculated based on the minimum criteria for OS with ten-fold cross validation. Four genes were selected according to the best fit profile. (B) Univariable analyses of the expression values of the four genes with overall survival in GSE9891. (C–E) Distributions of CAFRS, survival status of OvCa patients, and expression profiles of the gene signatures. (F) Survival analysis showing the prognostic value of CAFRS in the GSE9891 cohort. (G–H) Univariable and multivariable analyses of CAFRS and clinical characteristics in the term of OS in the GSE9891 cohort.
Identification of Cancer-Associated Fibroblasts-Specific Markers and Constructing a Prognostic Model
The WGCNA and the functional enrichment analysis suggest that genes in the yellow module were positively associated with CAF fraction and functions, then genes with GS ≥ 0.5 and MM ≥ 0.5 in the yellow module were selected as candidate CAF-specific genes. In order to choose genes with significant prognostic values, the univariable COX regression analysis was performed firstly on selected genes that were correlated with OS in OvCa (Figure 4A and Supplementary Table S1). Then, LASSO COX analysis was applied to further reduce the scale of independent prognostic genes to four genes (AXL, GPR176, ITGBL1, and TIMP3) (Supplementary Table S2). The expression of these four genes all behaved with favorable prognosis prediction ability (Figure 4B). Meanwhile, the four genes tended to be highly expressed in patients with higher pathological stages and grades (Supplementary Figures S1A–S1B), consistent with previous results that TIMP3 expression was significantly enhanced in Stage III and Grade 3 (Escalona et al., 2021).
Next, a prognostic model of the four genes was constructed.The CAFRS of patients were calculated according to the combination of the expression levels of these genes multiplied by the corresponding coefficients. The CAFRS of OvCa patients in GSE9891 was further shown in Figures 4C–E. The death cases were focused in the high-CAFRS group, and the surviving cases were centralized in the low-CAFRS group (Figure 4B). Moreover, compared to the low-CAFRS group, four genes in the prognostic signature were higher expressed in the high-CAFRS group. Consistent with the results above, the patients with high CAFRS showed a worse prognosis, compared with patients with low CAFRS (Figure 4F). Furthermore, the prognostic value of CAFRS was explored via univariable COX regression analysis of the risk score and multiple clinical characteristics (grade and stage). The univariable COX regression analysis results showed that the improve of CAFRS (HR = 3.04, p < 0.001) and stage (stage III and IV, HR = 9.14, p < 0.001) were risk factors for OS (Figure 4G). In addition, the results of multivariable COX regression analysis revealed that CAFRS (HR = 2.49, p < 0.001) and stage (stage III and IV, HR = 7.28, p < 0.001) were independent prognostic factors in OvCa (Figure 4H).
Independent Prognostic Analysis of Construct the Prognostic Signature in Validation Cohorts
Given that CAFRS was an independent prognostic factor in OvCa patients in the GSE9891 cohort, we further verified this finding in the TCGA-OV cohort. Consistent with the above results, the four genes tended to be highly expressed in patients with higher clinical stages or grades (Supplementary Figures S2A–S2B). Besides, patients in the high-CAFRS group showed worse prognosis and CAFRS was an independent prognostic factor in the TCGA-OV cohort as well (Figures 5A–C). Considering the importance of genomic mutations in tumor progression, we next performed mutation analysis on the model’s CAF gene to the TCGA dataset. Results showed that there were few mutations in the four genes (Supplementary Figure S3), suggesting that the four genes did not affect the clinical outcomes via genomic mutations.
[image: Figure 5]FIGURE 5 | Validation of the prognostic model in five independent cohorts. (A) Survival analysis showing the prognostic value of CAFRS in the TCGA-OV cohort. (B–C) Univariable and multivariable analyses of CAFRS and clinical characteristics in the term of OS in the TCGA-OV cohort. (D–G) Survival analysis showing the prognostic value of CAFRS in GSE26712, GSE49997, GSE140082, and GSE23603 cohorts. (H) Barplot showing the percentage of platinum-sensitive and resistant patients in high-CAFRS and low-CAFRS groups.
Consistent with the results found in GSE9891 and TCGA-OV cohort, the prognostic performance of CAFRS was also validated in another four OvCa cohorts (GSE26712, p = 0.012; GSE4997, p = 0.0075; GSE140082, p = 0.025; GSE23603, p = 0.019; Figures 5D–G). In addition, OvCa patients with high CAFRS were more likely to exhibit resistance to platinum (p = 0.046, Figure 5H), indicating the worse outcome of patients in the high-CAFRS group.
Distribution and Expression of the Four Cancer-Associated Fibroblasts-Specific Markers at the Single-Cell Level
In order to confirm the four markers identified by WGCNA based on the expression profiles of tissue mixtures expressed on CAFs specifically, we described the distribution and expression of the four genes in the cell landscape of OvCa at the single-cell level. Single-cell RNA sequencing datasets from six OvCa patients were collected and integrated firstly (Supplementary Figures S3A–S3B). As a result, 50,502 individual cells were passed the quality control criteria (see “Methods” section) and were unsupervised clustered into 27 clusters (Figure 6A). These clusters were explored with unbiased clustering across all cells by PCA and visualized by t-Distributed Stochastic Neighbor Embedding. We annotated the cell type of each cluster with the canonical markers (Figure 6B and Supplementary Figure S1C, Supplementary Table S3), including B cells, endothelial cells, epithelial cells, fibroblasts, macrophages, and T cells. Then, we investigated the distribution and expression levels of four crucial genes. Results showed that all of these genes, especially AXL and TIMP3, were specific highly expressed in fibroblasts (Figures 6C–F and Supplementary Figures S3D–S3E), suggesting that the four genes were OvCa CAF-specific, and the risk score based on them can represent the levels of CAFs fraction.
[image: Figure 6]FIGURE 6 | Transcriptomic clustering of six OvCa patients. (A) Marker-based cell type identification analysis allowed the prediction of six broad cell types across all profiled single cells. (B) Gene expression heatmap of top-10 cell type-specific marker genes as measured by Wilcoxon rank-sum test. (C,E) Expression levels of AXL and TIMP3 overlaid on the UMAP representation. (D,F) Boxplot showing the expression level of AXL and TIMP3 between fibroblasts and non-fibroblasts. Horizontal lines in the boxplots represent the median, the lower and upper hinges correspond to the first and third quartiles, and the whiskers extend from the hinge up to 1.5 times the interquartile range from the hinge.
Positive Correlation Between Construct the Prognostic Signature and Tumor Progression
Previous studies reported that CAFs, an important component of TME, play a crucial role in cancer progression (Song et al., 2021). Thus, we further explored the correlation between CAFRS and pathways associated with tumor progression. Results exhibited that the CAFRS were positively related to TGF-β signaling, epithelial-mesenchymal transition and angiogenesis pathways (Figures 7A–D, Supplementary Figures S4A–S4C). Several studies proved that the CAF-mediated TGF-β pathway contributes to cancer progression by regulating many physiological processes, including the promotion of cancer cell proliferation, migration, invasion and metastasis by secreted TGF-β, VEGF and PDGF (Hasegawa et al., 2014; Shi et al., 2020). Conbined with previous studies, our results suggested that CAFRS may reflect the progression of OvCa.
[image: Figure 7]FIGURE 7 | Correlation between CAFRS and HALLMARK. (A) Heatmap showing the correlation between CAFRS and HALLMARK scores. The color indicates the correlation coefficient. The asterisks indicate significant differences assessed by Pearson analysis. (B–D) Correlation between CAFRS and HALLMARK_TGF_BETA_SIGNALING, HALLMARK_EMT, and HALLMARK_ANGIOGENESIS.
DISCUSSION
OvCa is one of the most widespread malignancies, which has the highest morbidity and leads to thousands of cancer-related deaths among gynecological malignant tumors in the world (Siegel et al., 2022). Although the underlying mechanisms of OvCa progression are still indistinct, the complex roles of TME in OvCa are gaining attention (Jiang et al., 2020; Song et al., 2020). CAFs, the major cell component of the TME, can lead to the failure of various treatments by exchanging signals with tumor cells during the cancer progression (Errarte et al., 2020). For example, the interaction between CAFs and cancer cells can support glycogenolysis under normoxic conditions and induce phosphorylation and activation of phosphoglucomutase 1, leading to the increased proliferation, invasion, and metastasis of cancer cells (Curtis et al., 2019). Besides, CAFs can influence the actual level of autophagy in OvCa cells through the secretion of pro-inflammatory cytokines and the release of autophagy-derived metabolites and substrates, maintaining the survival and propagation of tumor cells (Thuwajit et al., 2018). Thus, CAFs can be potential targets for novel therapies in the future.
In this research, we reported that the high CAF infiltration in OvCa was related to poor clinical outcomes. And patients with higher pathological stages and grades tended to have higher levels of CAF. Due to the critical function of CAFs in cancer progression and prognostic assessment, the accurate definition of CAF markers within OvCa is significant. Thus, multiple bioinformatics methods were applied in our research to select CAF-specific gene signatures of OvCa and construct the prognostic model. Meanwhile, the independent clinical significance of the CAFRS was validated in the other five datasets, suggesting that CAF-specific genes and the CAFRS could be helpful for individualized prognostic assessment in OvCa.
Several studies have focused on the prognostic values of CAF-related genes in other cancers, a 4-CAF-gene (COL8A1, SPOCK1, AEBP1 and TIMP2) prognostic signature was developed to predict the clinical outcomes and the response to anti-tumor therapies in gastric cancer (Zheng et al., 2021). However, the lack of validation at the single-cell level may lead to bias. In our research, the four OvCa CAF-specific markers (AXL, GPR176, ITGBL1 and TIMP3) were specially expressed in fibroblasts from OvCa at the single-cell level, indicating the more OvCa-specific and accurate of the four genes.
Furthermore, we also found that OvCa patients with high CAFRS were more likely to exhibit resistance to platinum. And the CAFRS were notably correlated with well-known signaling pathways related to tumor progression. Several pieces of evidence reported that CAFs are associated with therapeutic resistance (Kieffer et al., 2020; Zhang et al., 2020; Galbo et al., 2021). The crosstalks between tumor cells and CAFs may lead to the failure of treatment (Fiori et al., 2019). Besides, CAFs can help tumor cells evade immune surveillance (Kieffer et al., 2020) by promoting tumor matrix deposition and remodeling the TME (Sahai et al., 2020), and achieving resistance to treatment finally (Galvani et al., 2020). Moreover, Wang et al. proved that the curative effects of immune checkpoint blockade could be reduced by extracellular matrix (Chang, 2019). Due to the unclear sources and functions of CAFs, they will be novel targets for cancer control and overcoming drug-resistance in the future (Sahai et al., 2020).
Although our research recognized and confirmed the clinical significance of OvCa CAF-specific markers and the risk score constructed based on them, further clinical studies are warranted to validate that these signatures can be potential biomarkers or targets of CAFs in OvCa. In addition, given the connections between CFAs and TME, whether the CAF-specific signature could predict the response to immune checkpoint blockade is also worth exploring.
CONCLUSION
To sum up, based on multiple bioinformatics analyses, we reported that the enhanced infiltration of fibroblast in OvCa was remarkably associated with worse clinical outcomes. In addition, the 4-gene signature with prognostic significance, which was identified by WGCNA and verified in other independent cohorts and single-cell RNA-sequencing datasets, was significant for future studies on CAFs and shed novel insights into CAFs-target therapy in OvCa.
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The immune system greatly affects the prognosis of various malignancies. Studies on differentially expressed immune-related genes (IRGs) in the immune microenvironment of laryngeal squamous cell carcinoma (LSCC) have rarely been reported. In this paper, the prognostic potentials of IRGs were explored in LSCC patients with smoking use. The RNA-seq data containing IRGs and corresponding clinical information of smoking LSCC patients was obtained from The Cancer Genome Atlas (TCGA). Differentially expressed IRGs were identified and functional enrichment analysis was used to reveal the pathway of IRGs. Then, IRGs with prognostic potentials in smoking LSCC patients were screened out by univariate Cox regression analysis. Finally, multivariate Cox regression analysis was conducted to assess the prognostic signature of 5 IRGs after adjustment of clinical factors and patients were classified into two subgroups based on different IRGs expression. The prognostic capacity of the model was verified by another independent cohort from Gene Expression Omnibus (GEO) database. Nomogram including the prognostic signature was established and shown some clinical net benefit. These findings may contribute to the development of potential therapeutic targets and biomarkers for the new-immunotherapy of LSCC patients with smoking use.
Keywords: Lscc, prognosis, signature, outcome, TCGA
INTRODUCTION
Laryngeal cancer, a most common malignant tumors in the head and neck, ranks the 11th among the most common malignant tumors in men (Marioni et al., 2006). Among all pathogenic factors, smoking is one of the most crucial risk factors for laryngeal cancer (Jethwa and Khariwala, 2017). Notably, patients with invasive and metastatic laryngeal cancer have a poor prognosis. More than 95% cases of laryngeal cancer are laryngeal squamous cell carcinoma (LSCC). Despite great strides on LSCC treatment in recent years, the mortality rate of LSCC remains high (Hardisson, 2003). Due to the lack of symptoms, LSCC in the early stage is often neglected. Furthermore, because of the screening and diagnostic limitations, the detective rate of LSCC, especially early-stage LSCC, is relatively low. Therefore, identifying effective biomarkers and target genes is of vital importance in improving diagnostic and therapeutic efficacies for LSCC (Suh et al., 2014).
Previous studies have confirmed the significance of tumor immunoreaction in the tumor microenvironment. Prognostic signatures based on immune-related genes (IRGs) have been proposed for non-squamous non–small cell lung cancer (Li et al., 2017) and papillary thyroid cancer (Lin et al., 2019). Tumor-infiltrating immune cells with different densities, localizations and types have been identified as prognostic factors in lung cancer (Kadota et al., 2015), colorectal cancer (Dahlin et al., 2011) and breast cancer (Adams et al., 2014). Nevertheless, the clinical relevance and prognostic significance of IRGs in LSCC are yet to be elucidated.
Herein, we aimed to explore potential therapeutic targets and biomarkers for immunotherapy of LSCC patients with smoking use. TCGA datasets containing IRG expression profiles and clinical information of patients were analyzed. An immunogenomics-based prognostic index of smoking LSCC patients was developed and the potential classification capability was further discussed and verified.
MATERIALS AND METHODS
Clinical samples and data acquisition
We downloaded the RNA sequencing (RNA seq) data and corresponding clinical information from The Cancer Genome Atlas (TCGA), the largest cancer gene information database to collect relevant data (Lee, 2016). We collected the transcription profile and clinical information of 112 smoking LSCC patients, which including 10 laryngeal normal samples and 102 tumor samples. The clinical information of TCGA cohort is demonstrated in Supplementary Table S1. At the same time, we screened the NCBI GEO database (www.ncbi.nlm.nih.gov/geo/) and selected the GSE65858 dataset for validation, which including 222 smoking patients with head and neck squamous cell carcinomas (HNSCC). The clinical information of GSE65858 cohort is demonstrated in Supplementary Table S2. We also obtained a list of IRGs (Supplementary Table S3) via the Immunology Database and Analysis Portal (ImmPort) database (https://www.immport.org) (Bhattacharya et al., 2018).
Differential expressed analysis
We tried to identified differential expressed IRGs in smoking LSCC patients via R software (version: x64 3.2.1) and package “limma” (Silva and Richard, 2016). The screening criteria were: | log(fold change) | ≥ 1 and adj. p < 0.05.
Pathway enrichment analysis
To explore the potential molecular mechanisms of the IRGs, we performed Kyoto Encyclopedia of Genes and Genomes (KEGG) signaling pathway analysis (Kanehisa and Goto, 2000) on these differentially expressed IRGs using package Cluster profiler of R.
Construction of a prognostic index model of smoking laryngeal squamous cell carcinoma patients based on immune-related genes
Prognosis-related IRGs were filtered out by univariate Cox regression analysis. More, we performed least absolute shrinkage and selection operator (LASSO) analysis to avoid overfitting, and a prognostic index model was constructed based on multivariate Cox regression analysis. The risk score formula of our prognostic signature was as follows:
Risk score = coef ∗ Exp (gene A) + coef ∗ Exp (gene B) + coefi ∗ Expi (gene i) (Yu et al., 2019)
Verification of the prognostic capacity based on prognostic signature
Smoking LSCC patients were divided into the high-risk group and the low-risk group based on the median risk score value. Receiver operating characteristic (ROC) analysis were constructed via the package survival ROC in R to validate the performance of prognostic index (Kamarudin et al., 2017). Survival analysis of two groups with a threshold of p < 0.05 was carried out by package survival and survminer in R. In addition, we performed principal component analysis (PCA) in order to test the classification ability of the prognostic signature and observed the prognostic value of prognostic index by introducing clinical factors like age and grade. Clinical survival analysis based subgroup was also conducted and a value of p < 0.05 was considered significant statistically. Also, the same validation and analysis methods were used in GSE65858 cohort for further external validation.
Immune cell infiltration and drug sensitivity analysis
Between low- and high-risk groups, CIBERSORT (Kawada et al., 2021) and single-sample Gene Set Enrichment Analysis (ssGSEA) algorithms were used to evaluate the infiltration of immune cells. Moreover, on the basis of genomics of Drug Sensitivity in Cancer (GDSC) database (https://www.cancerrxgene.org/), effective chemotherapeutic drugs targeting specific group were screened out (Yang et al., 2013).
Independent prognostic analysis and building a predictive nomogram
Univariate and multivariate Cox regression analysis were performed to determine the independent prognostic factors for smoking LSCC patients. A nomogram was then constructed to investigate the likelihood of one-, three- and five-year OS for LSCC. Finally, we plotted time-dependent calibration curves and ROC curves of the nomogram to observe the relationship between the predicted probability of the nomogram and the ideal rate.
Statistical analysis
All statistical analyses were carried out by using R software (version: x64 3.2.1) and GraphPad Prism 7 software. A p-value < 0.05 was regarded as statistically significant.
RESULTS
Identification of differential expressed immune-related genes
522 differential expressed IRGs were identified (Supplementary Table S4), including 437 up-regulated and 85 down-regulated IRGs. Cluster analyses on differential expressed IRGs were presented in Figures 1A,B. Subsequently, the KEGG signaling pathway analysis (Figure 1C) found that these differential expressed IRGs were mainly abundant in cytokine-cytokine receptor interaction, natural killer cell mediated cytotoxicity and neuroactive ligand-receptor interaction.
[image: Figure 1]FIGURE 1 | Identification of IRGs and prognosis-related IRGs in smoking LSCC patients. (A) Volcano plot of differential expressed IRGs; (B) Heatmap of differential expressed IRGs; (C) Significant KEGG pathway terms of IRGs; (D) Univariate Cox regression analysis of differential expressed IRGs; (E) LASSO coefficient profiles; (F) LASSO deviance profiles.
Identification of prognosis-related immune-related genes and construction of the prognostic index model.
After integrating clinical information from TCGA and analyzing using the univariate Cox regression, five prognostic IRGs were identified. Forest plots (Figure 1D) showed that two IRGs may be the protective factors of smoking LSCC patients, while the remaining three IRGs could be risk factors of smoking LSCC patients. Taken together, these results suggested that these IRGs may be of significance in the development of LSCC. Then, LASSO regression was performed and selected the five IRGs for constructing a prognostic signature (Figures 1E,F). Based on the results of the multivariate Cox regression analyses, a prognostic index model was constructed. Risk scores of smoking LSCC patients were calculated as follows:
Risk score = ULBP1 expression ∗ 0.376808079833036 + FAM19A4 expression ∗ 4.33210085517556 + EPO expression ∗ -1.54033312666808 + TNFRSF25 expression ∗ -0.85010355482497 + TUBB3 expression ∗ 0.62646678201039.
Verification the prognostic capacity of the prognostic index model
Smoking LSCC patients were separated into the high-risk group and the low-risk group based on the median level of risk score. Survival analysis showed that the overall survival (OS) and progression free survival (PFS) rate in the high‐risk group was remarkably lower than that in the low‐risk group (p < 0.001, Figures 2A,B). The area under curve (AUC) value for one-year, three-year, and five-year OS was 0.891, 0.837, and 0.862, respectively (Figure 2C), suggesting a great performance of the prognostic index model in predicting the prognosis of smoking LSCC patients. Moreover, the prognostic index model showed a great clustering ability in PCA plot (Figure 2D). Different expression of the five IRGs and high mortality were observed in high-risk group compared to low-risk group (Figures 2E,F). In order to assess the prognostic capacity of prognostic index more comprehensively, we conducted a stratified analysis of clinical factors. Interestingly, we found that high risk patients in nearly all the subgroups were inclined to have unfavorable overall survival (Figures 3A–J). Similar results (Supplementary Figures S1A–S1E) were observed in another independent cohort (GSE65858 cohort). Of those, the OS in the high-risk group was lower than that in the low-risk group (p = 0.166, Supplementary Figure S1A).
[image: Figure 2]FIGURE 2 | Predictive power of the prognostic signature. (A) Kaplan-Meier survival analysis for overall survival; (B) Kaplan-Meier survival analysis for progression free survival; (C) ROC curve of the prognostic index model; (D) Principal component analysis; (E) Heatmap of expression profiles of included IRGs; (F) Survival status plot of the prognostic index model.
[image: Figure 3]FIGURE 3 | Subgroup survival analysis for smoking patients with LSCC according to the prognostic index stratified by clinical factors. (A) Age ≤ 65; (B) Age > 65; (C) Male; (D) Female; (E) Grade 1 and 2; (F) Grade 3; (G) Stage I and II; (H) Stage III and IV; (I) Reformed smoker; (J) Current smoker.
Immune contexts and sensitive drugs between different groups
To explore the relationship between the immunogenomics-based prognostic index model and tumor immune microenvironment, we compared the infiltration of immune cells in different risk groups. Through CIBERSORT algorithm, activated NK cells, M1 macrophages and resting mast cells were highly enriched in low-risk group (p < 0.05, Figure 4A), which could account for the better outcomes of low-risk group. When it comes to ssGSEA algorithm, cytolytic activity and inflammation promoting were significantly activated in low-risk group (p < 0.05, Figure 4B) when type II IFN response were significantly activated in high-risk group (p < 0.01, Figure 4B). Moreover, the potential drug targeting smoking LSCC patients was identified (Figures 4C,D). In addition, the relationship between the risk scores and clinical factors of smoking LSCC patients was explored (Figures 4E–I). Remarkably, in smoking LSCC patients, higher IRGs-related signature expression was observed in current smokers than former smokers (p = 0.014, Figure 4I).
[image: Figure 4]FIGURE 4 | Immune contexts, sensitive drugs and clinical correlations between different groups. (A) Relationship between the immune‐related prognostic index and the infiltration abundances of immune cells; (B) Immune activities in different groups; (C) Correlation analysis between Phenformin and risk score; (D) Phenformin senstivity; (E) Correlation analysis between age and risk score; (F) Correlation analysis between gender and risk score; (G) Correlation analysis between grade and risk score; (H) Correlation analysis between stage and risk score; (I) Correlation analysis between smoking history and risk score.
Independent prognostic analysis
Univariate and multiple regression analyses (Figures 5A,B) suggested that the prognostic signature could become an independent predictor after adjustment of age, gender, tumor grade, tumor stage and smoking status in LSCC patients. Moreover, compared with the other independent predictors, the prognostic index model showed the largest AUC value for one-year, three-year and five-year OS (Figures 5C–E).
[image: Figure 5]FIGURE 5 | Independent prognostic analysis. (A) Univariate analysis; (B) Multivariate analysis; (C) ROC curve for one-year OS; (D) ROC curve for three-year OS; (E) ROC curve for five-year OS.
Building and validating a predictive nomogram
Clinical factors (including age, gender, grade, stage and risk score) were used to establish a novel nomogram for predicting one-year, three-year and five-year OS in smoking LSCC patients (Figure 6A). These results suggested that the advantage of a nomogram constructed using a combinatorial model is that it can better predict short- and long-term survival compared to a single prognostic factor. The novel nomogram might be helpful for clinical management of smoking LSCC patients. As shown in the time-dependent calibration curves (Figure 6B), there was a good agreement between the actual observation and the nomogram prediction. Also, the time-dependent ROC curves indicated that the nomogram was equipped with a high sensitivity and specificity in predicting OS of smoking LSCC patients (Figures 6C–E).
[image: Figure 6]FIGURE 6 | Nomogram for predicting overall survival for smoking LSCC patients. (A) The nomogram for predicting the possibility of one-, three- and five-year overall survival of smoking LSCC patients; (B) Time-dependent calibration curves of the nomogram; (C) ROC curves for one-year OS; (D) ROC curves for threeyear OS; (E) ROC curves for five-year OS.
DISCUSSION
Laryngeal squamous cell carcinoma, a most common tumor of head and neck (Steuer et al., 2017), is prone to recurrence and metastasis (Obid et al., 2019). Patients who suffer from recurrent or metastatic LSCC and those with a poor response to platinum-based chemotherapy have a low survival rate (Saloura et al., 2014). Since the immune system plays a vital role in cancer development, immunotherapy is now extensively applied to counteract the immune escape against malignant cancer cells through regulating the key signaling pathways in the host immune system. In particular, cancer immunotherapy shows potentials of durable responses with fewer adverse effects than conventional treatments (Moy et al., 2017). The first cancer immunotherapy drug approved by the Food and Drug Administration (FDA) in 2011 was ipilimumab, a cytotoxic T-lymphocyte antigen 4 (CTLA4)-blocking monoclonal antibody (mAb) for metastatic melanoma.
Although the prognostic models of LSCC for predicting overall survival are constantly updated (Yang et al., 2016; Te Riele et al., 2018), immune-related prognostic index models of smoking LSCC patients have not been reported. In this study, we first identified differentially expressed IRGs of smoking LSCC patients, and the prognostic IRGs were subsequently screened out. Through establishing a prognostic index model, smoking LSCC patients were classified into the high-risk and the low-risk groups. Our findings demonstrated the great performance of the prognostic index model in predicting the prognosis of smoking LSCC patients as revealed by Kaplan-Meier and ROC curves.
To further explore the biological functions of IRGs in the development of LSCC, pathway enrichment analysis was conducted to depict the regulatory network. The KEGG analysis showed that prognostic IRGs were mainly enriched in cytokine-cytokine receptor interaction, natural killer cell mediated cytotoxicity and neuroactive ligand-receptor interaction. Immune cells and a network of pro-inflammatory and anti-inflammatory cytokines collaborate in cancer development and progression (Seruga et al., 2008). Cytokines are a heterogeneous group of soluble, small polypeptides or glycoproteins involved in virtually every aspect of immunity and inflammation (Borish and Steinke, 2003). It is believed that an environment rich in inflammatory cells, cytokines and activated stroma potentiates and/or promotes neoplastic risk (Balkwill and Mantovani, 2001).
In the constructed prognostic model, the following IRGs were subjected to the calculation of risk score: ULBP1, FAM19A4, EPO, TNFRSF25 and TUBB3. After reviewing the literature, we found that these IRGs may be closely related to immune response, but there were few reports about their relationship with head and neck cancer or laryngeal cancer.
As is well known, smoking not only increases the morbidity and mortality rates of cancer but also affects the immune system and functional immune activity (Shiels et al., 2014). In the analyses of immune contexts, we compared the infiltration of immune cells in different risk groups and found activated NK cells, M1 macrophages and resting mast cells was highly enriched in low-risk group. When it comes to functional immune activity, cytolytic activity and inflammation promoting were significantly activated in low-risk group. An obviously weaker immunoreactivity observed in high-risk group may explain the reason why patients in high-risk group had a poor outcome.
There are still some deficiencies in this study. First of all, we constructed a unique prognostic model for smoking LSCC patients by integrating IRGs expression based on TCGA database. However, in-depth analyses on clinical data from more independent cohorts are needed to confirm our findings. Secondly, we did not monitor the relative expressions of the selected five IRGs in smoking LSCC patients to assess their prognostic values. Thirdly, in vivo and in vitro functional experiments are needed to further validate our findings.
CONCLUSION
We developed a novel IRGs-based prognostic index model for smoking LSCC patients, an interpretation of the mis-regulated tumor immune microenvironment. Also, these IRGs could be the potential therapeutic targets for smoking LSCC patients.
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As a new programmed death mode, pyroptosis plays an indispensable role in gastric cancer (GC) and has strong immunotherapy potential, but the specific pathogenic mechanism and antitumor function remain unclear. We comprehensively analysed the overall changes of pyroptosis-related genes (PRGs) at the genomic and epigenetic levels in 886 GC patients. We identified two molecular subtypes by consensus unsupervised clustering analysis. Then, we calculated the risk score and constructed the risk model for predicting prognostic and selected nine PRGs related genes (IL18RAP, CTLA4, SLC2A3, IL1A, KRT7,PEG10, IGFBP2, GPA33, and DES) through LASSO and COX regression analyses in the training cohorts and were verified in the test cohorts. Consequently, a highly accurate nomogram for improving the clinical applicability of the risk score was constructed. Besides, we found that multi-layer PRGs alterations were correlated with patient clinicopathological features, prognosis, immune infiltration and TME characteristics. The low risk group mainly characterized by increased microsatellite hyperinstability, tumour mutational burden and immune infiltration. The group had lower stromal cell content, higher immune cell content and lower tumour purity. Moreover, risk score was positively correlated with T regulatory cells, M1 and M2 macrophages. In addition, the risk score was significantly associated with the cancer stem cell index and chemotherapeutic drug sensitivity. This study revealed the genomic, transcriptional and TME multiomics features of PRGs and deeply explored the potential role of pyroptosis in the TME, clinicopathological features and prognosis in GC. This study provides a new immune strategy and prediction model for clinical treatment and prognosis evaluation.
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INTRODUCTION
The 2020 global cancer statistics show that gastric cancer (GC) is the fifth most common cancer, accounting for 5.6% of all cancers worldwide, and has the fourth highest mortality rate (7.7%) (Sung et al., 2021). Due to the insignificant early clinical symptoms and the lack of specific biomarkers, most patients are in the advanced stage of disease at the time of diagnosis. Even though the current routine use of a comprehensive treatment plan based on surgery is supplemented by chemotherapy and immune-targeted therapy, the 5-years survival rate of patients with advanced GC is still only approximately 30% (Montagnani et al., 2018). In recent years, an increasing number of studies have suggested that this phenomenon may be related to the inhibition of tumour cell programmed death and tumour microenvironment (TME)-mediated immune heterogeneity (Yan et al., 2018; Tang et al., 2020). Therefore, in-depth analysis of the genes and immune microenvironment characteristics of tumour cell programmed death is the key to identifying different patient subgroups, understanding the potential pathogenesis of GC, exploring precise therapeutic targets and predicting the effect of immunotherapy.
Pyroptosis, also known as cytoinflammatory necrosis, is a gasdermin-mediated programmed cell death characterized by continuous cell swelling until the cell membrane ruptures, thereby releasing cellular contents, including interleukin (IL)-18, IL-1β, high mobility group box 1 (HMGB1) and proinflammatory factors such as adenosine triphosphate (ATP), which in turn activate a strong inflammatory response. Its mechanism mainly relies on the inflammasome recruiting proteins of the caspase family (caspase-1/4/5/11), cleaving and activating the gasdermin protein and translocating it to the cell membrane to form a hole, thereby leading to cell pyroptosis (Shi et al., 2015). A large number of studies have shown that pyroptosis plays an important role in the occurrence and development of various tumours, including GC. For example, Tan G et al. (Tan et al., 2020). Found that gasdermin E (GSDME) can promote the occurrence of colorectal cancer by mediating the pyroptosis of intestinal epithelial cells and releasing HMGB1. Wang WJ et al. (Wang et al., 2018a). Also found that low expression or inhibited expression of gasdermin D (GSDMD) can promote tumour cell proliferation in GC. Zhang X et al. (Zhang et al., 2021). Showed that the H. pylori cytotoxin-related gene A (CagA) protein can activate the NOD-like receptor protein 3 (NLRP3) inflammasome pyroptosis pathway and promote GC cell migration and invasion. In addition, pyroptosis also plays an important role in the molecular targeted therapy of tumours. For example, Chunfeng Li et al. (Li et al., 2021) found that low-dose diosbulbin-B (DB) can activate tumour-inherent programmed cell death one ligand 1 (PD-L1)/NLRP3 signalling pathway-mediated inflammatory cell death, thereby increasing cisplatin sensitivity in GC. However, the current research on pyroptosis in GC is limited to this, and there is a lack of research on the relationships between related genes and the prognosis and clinical characteristics of GC patients.
The TME is a complex environment in which tumour cells survive and develop. It is mainly composed of an immune microenvironment dominated by immune cells and a nonimmune microenvironment dominated by fibroblasts, including tumour cells, inflammatory cells, endothelial cells, and various cytokines. A large number of studies have shown that the TME plays a key role in multiple tumour pathological processes, such as tumorigenesis, local drug resistance, immune escape and distant metastasis. Studies by Vitale et al. (Vitale et al., 2019) have shown that tumour-associated macrophages (TAMs) in the TME can account for more than 50% of some solid tumours and are involved in tumour progression and resistance to therapy. Similarly, tumour-associated fibroblasts (CAFs) also play an important role in the TME. For example, Monteran et al. (Monteran and Erez, 2019) showed that CAFs can promote tumour cell growth, angiogenesis and immune escape through multiple pathways. The same is true in GC: Li W et al. (Li et al., 2019) found that GC-derived mesenchymal stromal cells (GC-MSCs) could promote GC cell metastasis by inducing the polarization of M2 macrophages. Miao et al. (Miao et al., 2020) reported that the proinflammatory subtype of TAMs can activate the IL6R/JAK/IL24 signalling pathway to induce apoptosis in GC cells. In addition, tumour-infiltrating cells within the TME can also predict the survival prognosis of tumour patients (Cai et al., 2020). However, due to the complexity, variability and high heterogeneity of the TME, many mechanisms are still unclear.
Therefore, comprehensive analysis of the genomic, transcriptional and TME multiomics features of pyroptosis-related genes (PRGs) and in-depth exploration of the potential role of pyroptosis in the TME, clinicopathological features and prognosis in GC are crucial to providing new immune strategies and predictive models for clinical treatment and prognosis evaluation.
MATERIALS AND METHODS
Data sources and preprocessing
The workflow chart of this study is shown in Supplementary Figure S1. The Gene Expression Omnibus (GEO) https://www.ncbi.nlm.nih.gov/geo/) and The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/) databases were used to obtain the GSE84437, GSE38749, and TCGA GC cohorts for downloading GC gene expression (fragments per kilobase million, FPKM), gene mutation, and associated prognostic and clinical data, and the raw files obtained were also normalized and annotated. Among them, All patients included in this study had no history of radiotherapy and chemotherapy, and all tissue samples were primary tumors. The “limma” package of the R language was used to convert the FPKM value of the TCGA data into the TPM value. Then, the three datasets were integrated using the “limma” and “sva” packages, and after excluding patients with a lack of OS data, a total of 886 GC patients were obtained for subsequent analysis.
Analysis of genetic and transcriptional alterations of PRGs in GC
We obtained a total of 56 PRGs from MSigDB Team (REACTOME_PYROPTOSIS) (http://www.broad.mit.edu/gsea/msigdb/) and previous publications (Liberzon, 2014; Xia et al., 2019; Zhou and Fang, 2019; Fang et al., 2020; Ye et al., 2021). Combined with the mutation data of TCGA, mutation analysis was performed using the “maftools” package of the R language, and a waterfall chart of PRG mutations was created. In addition, we downloaded the GC copy number data from UCSC Xena (https://xena.ucsc.edu/) and used “Rcircos” of the R language to analyse the frequency of PRG copy number variation (CNV) and the chromosomal location of CNV genes.
Differential expression and consensus clustering analysis of PRGs
The expression of PRGs in the GC dataset was extracted by using the R language “limma” package, and then the “reshape2” and “ggpubr” packages were used to analyse the data and create the expression difference map of PRGs in tumour samples and normal samples. The clinical data from the GSE84437, GSE38749, and TCGA GC datasets were integrated, and the survival curves and interaction networks of differentially expressed PRGs were plotted using the R language. According to the expression level of PRGs, patients were divided into different molecular subtypes by consensus unsupervised cluster analysis by the k-means method using the R language “ConsensusClusterPlus” package.
Relationship between pyroptosis-related subtypes and the clinical features and prognosis of GC
To test the clinical value of the two pyroptosis-related subtypes identified by consensus unsupervised clustering, we used R language analysis to compare the differences in clinicopathological features and prognosis between the two subtypes. Among them, clinicopathological features included age, sex, TNM stage and tumour clinical stage, and the difference in prognosis was assessed by Kaplan-Meier survival curves.
Gene set variation analysis and immune cell infiltration
We used the R language “GSVA” package and downloaded the “c2.cp.kegg.v7.4.symbols” pathway set file from the MSigDB database to complete the GSVA enrichment analysis and display it with a heatmap. In addition, a single-sample gene set enrichment analysis (ssGSEA) algorithm was used to quantitatively analyse each cell to compare differences in immune cell infiltration among different subtypes (Rooney et al., 2015).
Analysis of DEGs and functional annotation
We continued to use R language analysis to obtain differentially expressed genes (DEGs) between the two pyroptosis-related subtypes with a fold-change of 1.5 and an adjusted p value of <0.05. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional enrichment analyses were performed.
Prognosis-related gene subtype identification and differential analysis
To screen genes related to tumour prognosis, the R language “survival” package was used to perform univariate Cox regression analysis on DEGs, and all prognosis-related DEGs were included in the next model construction. Consensus unsupervised cluster analysis was performed on these genes to classify patients into different genotypes. Likewise, survival analysis and clinicopathological analysis were performed between the different subtypes.
Prognosis model construction and validation
First, GC patients were randomized 1:1 into training and test cohorts using the “caret” package. Second, using the R package “glmnet” to incorporate prognostic-related DEGs into the least absolute shrinkage and selection operator (LASSO) and Cox regression analysis, we analysed the change trajectory of each independent variable and used 10-fold cross-validation. Then, the risk score (RS) was calculated with genes whose regression coefficients were not zero. The RS was calculated as [image: image], where n represents the number of included prognosis-related DEGs and [image: image] and [image: image] represent the expression level and risk coefficient of each prognosis-related DEG, respectively. The training and test cohorts were divided into low-risk and high-risk groups based on the median risk score. Survival differences between the two risk groups in the training and test cohorts were assessed using the Kaplan-Meier method and log-rank test. Finally, the time-dependent receiver operating characteristic (ROC) curve was plotted using the “SurvivalROC” package, and the area under the curve (AUC) was calculated to assess the ability of RS to predict prognosis.
Establishment of a nomogram scoring system
First, we performed univariate and multivariate Cox regression analyses on RS and clinical characteristics, demonstrating that RS was an independent factor predicting prognosis. Then, the “rms” package was used to build a predictive nomogram. This scoring system assigns a value to each variable and calculates the sum of all variables for each sample to assess the probability of OS at 1, 3, and 5 years. Among them, the calibration curve was used to evaluate the accuracy of the nomogram in predicting prognosis.
Analysis of immune cell infiltration, TME, MSI, and CSCs
To explore the degree of immune cell infiltration in each sample, we calculated the relative content of various immune cells using the “preprocessCore” and “e1071″ packages and used the CiberSort algorithm to correlate various immune cells with RS and prognosis-related DEG analysis. Then, we analysed the tumour microenvironment (TME) and further explored tumour purity by calculating the stromal score, immune score and estimation core in each tumour sample using the “estimate” package (Yoshihara et al., 2013). In addition, we also performed correlation analysis between microsatellite instability (MSI) and cancer stem cells (CSCs) in the high-and low-risk groups.
Mutation and drug susceptibility analysis
We first used the “maftools” package to analyse the somatic mutations in samples from the GC high-and low-risk groups. Then, tumour mutational burden (TMB) scores and correlation coefficients with RS were calculated for each sample in both groups. Finally, to further explore the differences in the sensitivity of chemotherapeutic drugs between the high-and low-risk groups, we installed the pRophetic software package to calculate the semiinhibitory concentration (IC50) values of commonly used chemotherapeutic drugs and set the filter condition to p < 0.001.
Statistical analyses
All statistical analyses and integration were performed using R version 4.1.2 and Strawberry Perl version 5.32.1.1. p < 0.05 was considered statistically significant.
RESULTS
Genetic changes and expression variations of PRGs in GC
A total of 56 PRGs were included in this study. Somatic mutation analysis of these PRGs revealed relatively high mutation frequencies in the GC cohort. Among the 433 samples, 266 samples had PRG mutations, and the mutation frequency was as high as 61.43%. Among them, a total of 30 PRGs were mutated, and the highest mutation frequency of TP53 was 44%, followed by IRF2, PLCG1, CASP5/8, NLRP3/7, etc. In addition, waterfall plots showed the highest frequency of missense mutations and G-to-T transitions in single nucleotide polymorphisms (SNPs) in these mutated PRGs (Figure 1A). We investigated the copy number alterations of PRGs and found that CNVs are prevalent in PRGs, including unmutated PRGs. Among them, the four proteins A/B/C/D of the GSDM protein family had the highest CNV frequencies, and the frequency of amplification was significantly higher than that of deletion. In contrast, CNVs of IRF2, CASP3, CASP9, GZMA, and IL-18 were extensively absent (Figure 1B). Additionally, in Figure 1C, the types of CNVs that occur in PRGs can also be found. In addition, the figure also shows their respective positions on the chromosome (Figure 1C).
[image: Figure 1]FIGURE 1 | Genetic and transcriptional alterations of PRGs in GC (A) Mutation frequencies and types of PRGs in 433 samples in TCGA (B) CNV of PRGs in 433 samples in TCGA (C) Chromosomal localization of PRGs with CNV. PRGs: pyroptosis-related genes. CNV: copy number variation.
Identification of prognosis-related PRGs and pyroptosis-related subtypes
We further compared the expression levels of PRGs between tumour tissues and normal tissues in GC and found that 39 PRGs were differentially expressed. Except for ELANE, which was expressed at low levels in tumour tissues, the remaining genes were highly expressed in tumours (Figure 2A). In addition, combined CNV analysis revealed that PRGs with higher CNV frequencies had more significant differences in expression, especially the GSDM protein family. However, there are also PRGs (CHMP2A, CHMP6, NLRP2, GPX4, and GZMA, etc.) that develop CNV but do not differ in their expression levels. Therefore, we speculate that PRGs serve a potential role in the molecular mechanism of the occurrence and development of GC, and that their expression levels may be regulated by CNVs. Next, we performed univariate Cox regression and Kaplan-Meier survival analysis based on PRG expression and clinical data and found that 32 PRGs were associated with GC prognosis (Supplementary Figure S2). The PRG interaction network results further showed that IRF1, GZMB, and CASP5 were most associated with prognosis (Figure 2B). Interestingly, these genes also had the highest frequency of CNV deletions. This finding indicates that CNV may be an influencing factor of GC prognosis. Finally, we classified GC patients by consensus unsupervised cluster analysis of PRGs (Supplementary Figure S3). The results showed that k = 2 was the best choice, with the highest sample correlation within the A and B subtypes (Figure 2C). In addition, PCA also confirmed this result; that is, GC samples can be divided into two subtypes, A and B, according to the expression levels of PRGs (Figure 2D).
[image: Figure 2]FIGURE 2 | Identification of pyroptosis-related subtypes (A) Differential expression of PRGs between tumour tissues and normal tissues (B) PRG interaction network (C) Consensus unsupervised clustering defines two clusters (k = 2) and their correlation area (D) PCA divided GC samples into two subtypes. PCA: principal Component Analysis.
Differences in clinical characteristics in distinct subtypes and functional annotations of DEGs
The results of survival difference analysis between different subtypes showed that the Kaplan-Meier survival curve of subtype A was significantly better than that of subtype B, indicating that patients with subtype A had a longer OS than patients with subtype B (Figure 3A). In addition, the analysis of clinicopathological characteristics showed that compared with the B subtype, PRGs were expressed at a higher level in the A subtype, and the TNM stage and clinical stage of the A subtype were lower than those of the B subtype (Figure 3B). Moreover, GSVA enrichment analysis revealed that subtype A was significantly enriched in antigen processing and presentation, T and B-cell receptor signalling pathways, natural killer cell-mediated cytotoxicity, cytokine and chemokine signalling pathways, the JAK/STAT signalling pathway, the NOD-like and Toll-like receptor signalling pathways, and apoptosis, as well as immune-related pathways (Figure 3C). Next, we further compared the immune infiltration between the two subtypes, and the results showed that for all immune cells (activated B cells, activated CD4 T cells, immature dendritic cells and type 1 T helper cells), infiltration scores were significantly different between the subtypes, and the immune infiltration scores were higher in subtype A than in subtype B (Figure 3D). Finally, 422 DEGs between different subtypes were obtained using the R language “limma” package, and corresponding functional annotation revealed that DEGs were mainly enriched in biological processes such as the regulation of T-cell and leukocyte activation and adhesion, as well as in immune-related molecular functions such as immune receptors and cytokine and chemokine activities (Figure 3E). Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis revealed that DEGs were mainly enriched in immune-related pathways such as cytokine signalling, differentiation of T-cell subtypes, and natural killer cell-mediated cytotoxicity (Figure 3F). Therefore, these results suggest that pyroptosis plays an important role in immune regulation.
[image: Figure 3]FIGURE 3 | Difference analysis between two PRG-related subtypes (A) Kaplan-Meier survival curves between the two subtypes (B) Differences in clinical characteristics in distinct subtypes (C) GSVA enrichment analysis (D) Differences in immune cell infiltration between the two subtypes (E,F) GO and KEGG enrichment analyses of pyroptosis-related DEGs. DEGs: differentially expressed genes. GO: Gene Ontology. KEGG: Kyoto Encyclopedia of Genes and Genomes.
Identification of DEG subtypes and construction of a prognostic model
Univariate Cox regression analysis showed that 141 of 422 DEGs were associated with prognosis. The consensus unsupervised clustering analysis of the prognosis-related DEGs found that k = 3 was the best choice, and these prognosis-related DEGs could be divided into three subtypes (Figure 4A). Kaplan-Meier survival curves showed that subtype A had the worst prognosis and subtype C had the best prognosis (Figure 4B). In the analysis of clinicopathological features, it was also found that subtype A was associated with advanced TNM stage and clinical stage, which may be related to the downregulation of DEGs upregulated in subtype C and downregulated in subtype A (Figure 4C). In addition, the differential expression analysis of PRGs showed that there were 36 differentially expressed PRGs in the three genotypes. Among them, CYCS and IL-1BZ were highly expressed in the B subtype, NOD1, PLCG1, and PRKACA were highly expressed in the A subtype, and the remaining PRGs were highly expressed in subtype C (Figure 4D).
[image: Figure 4]FIGURE 4 | Identification of DEG subtypes and construction of the prognostic model (A) Consensus unsupervised clustering defines two clusters (k = 3) and their correlation area (B) Kaplan-Meier survival curves between the three DEG-related subtypes (C) Differences in clinical characteristics between the three DEG-related subtypes (D) Expression differences of PRGs between the three DEG-related subtypes (E) Alluvial diagram of subtype distributions in groups with different PRG scores and survival outcomes (F,G) Differences in RS with respect to different phenotypes (H) Differential expression of PRGs in the high-and low-risk groups. RS: risk score.
We randomly divided GC patients into training (n = 409) and test (n = 409) groups. Then, LASSO regression analysis was performed on the 141 prognostic DEGs, the risk coefficient of each DEG was calculated and obtained, and 17 prognosis-related DEGs were retained according to the minimum partial likelihood deviance (Supplementary Figures S4A,B). Finally, nine prognosis-related DEGs were obtained according to multivariate Cox regression analysis, and RS was calculated according to their risk coefficients (Table 1). Patients in the training and test groups were divided into low-risk and high-risk groups according to the median RS value. The Sankey diagram shows the process of constructing the prognostic model and the distribution of GC patients in different subtypes (Figure 4E). In addition, the results of RS difference analysis showed that in the two pyroptosis-related subtypes, the RS of subtype A with better prognosis was significantly lower than that of subtype B. Likewise, among the three DEG subtypes, RS had the highest value in the worst-prognosis subtype A and the lowest value in the best-prognosis subtype C (Figures 4F,G). These results confirmed that RS may be one of the factors affecting OS in GC patients. In addition, there were differences in the expression of PRGs in the high-and low-risk groups. CHMP6, IL-1A, CHMP4B, PRKACA, GPX4, and IL-6 were highly expressed in the high-risk group, while 22 genes such as NLRP6, GZMB, CASP1, GZMA, and AIM2 were highly expressed in the low-risk group (Figure 4H).
TABLE 1 | Risk coefficients of nine prognosis related DEGs.
[image: Table 1]Validation of the prognostic model and development of a nomogram
All GC patients were divided into low-risk and high-risk groups according to the median RS value, the RS of each patient was calculated according to the prognostic model, and the patients in the training and test groups were ranked in sequence (Figures 5A,B). Analysing the OS of patients, it was found that the mortality rate of patients in the high-risk group in the training group was significantly higher than that in the low-risk group, and this phenomenon was also consistently observed in the test group (Figures 5C,D). The heatmaps of prognosis-related DEGs in both groups indicated that TNFAIP6, IL-1A, KRT7, and DES were highly expressed and JAK2, CTLA4, and GPA33 were expressed at low levels in the high-risk group (Figures 5E,F). In addition, in both the training group and the test group, the Kaplan-Meier survival curve showed that the survival rate of GC patients in the high RS group was significantly lower than that in the low RS group (Figures 6A,B). To evaluate the accuracy of our prognostic prediction model, using ROC curve analysis, the area under the curve (AUC) values of the training group at 1, 3, and 5 years of OS were 0.645, 0.670, and 0.693, respectively. Similarly, the test group also had good accuracy; that is, the AUCs at 1, 3, and 5 years were 0.621, 0.630, and 0.640, respectively (Figures 6C,D). Therefore, this study created a nomogram using clinical features and RS to predict OS in GC patients (Figure 6E). At the same time, the calibration diagram also confirmed the reliability of the model in predicting OS at 1, 3, and 5 years (Figure 6F).
[image: Figure 5]FIGURE 5 | Prognostic value of the pyroptosis-associated DEG signature in the training and test cohorts (A,B) RS distribution (C,D) Survival status of GC patients (E,F) Heatmap of the 7 DEGs.
[image: Figure 6]FIGURE 6 | Prediction model (A,B) Kaplan-Meier survival curves between the high- and low-risk groups in the training and test cohorts (C,D) ROC curves predicting 1-, three- and 5-years OS in the training and test cohorts of GC patients (E) Nomogram for predicting the 1-, three- and 5-years OS of GC patients (F) Calibration curves of the nomogram. ROC: receiver operating characteristic.
Correlation of RS with immune cells and differences in TME and MSI between the high-and low-risk groups
Correlation analysis between RS and immune cell abundance showed that RS was positively correlated with T regulatory cells, activated dendritic cells, M1 macrophages, M2 macrophages, activated mast cells, resting mast cells, monocytes, neutrophils, plasma cells, and resting memory CD4+ T cells and inversely correlated with activated memory CD4+ T cells, CD8+ T cells, and follicular helper T cells (Figure 7A). In addition, the nine prognostic DEGs in the prognostic model were also significantly associated with multiple immune cells (Figure 7B). In addition, TME difference analysis revealed differences in the StromalScore, ImmuneScore and ESTIMATEScore between the low-risk and high-risk groups. Among them, the low-risk group had lower stromal cell content, higher immune cell content and lower tumour purity (Figure 7C). Furthermore, the results of MSI difference analysis showed that RS was significantly correlated with MSI status. The proportions of microsatellite stability (MSS) and low microsatellite instability (MSI-L) in the low-risk group were significantly lower than those in the high-risk group, and high microsatellite instability (MSI-H) was significantly higher than that in the high-risk group (Figure 7D). These results are consistent with the RS differences among MSS, MSI-L and MSI-H (Figure 7E). This suggests that patients in the low-risk group are more sensitive to immunotherapy. Finally, the correlation results between RS and CSCs showed that RS and CSCs were significantly negatively correlated, indicating that GC cells with lower RS exhibited more poorly differentiated stem cell characteristics (Figure 7F).
[image: Figure 7]FIGURE 7 | Analysis of TME characteristics between the high- and low-risk groups (A) Correlation between immune cells and RS (B) Correlations between the abundance of immune cells and 9 DEGs (C) Differences in the StromalScore and ImmuneScore between the high- and low-risk groups (D,E) Relationships between RS and MSI (F) Correlation of RS with CSC. TME: tumour microenvironment. MSI: microsatellite instability. CSC: cancer stem cells.
Mutation and drug susceptibility analysis
The somatic mutation analysis between the low-risk and high-risk groups of GC patients found that the top 20 mutated genes in the two groups were TTN, TP53, MUC16, ARID1A, LRP1B, SYNE1, FLG, FAT4, CSMD3, PCLO, DNAH5, KMT2D, FAT3, HMCN1, OBSCN, RYR2, ZFHX4, SPTA1, PIK3CA, and CSMD1. However, the mutation frequency of samples in the low-risk group was significantly higher than that in the high-risk group. Among them, the mutation frequency of the rest of the genes was lower than that of the low-risk group, except that the mutation frequency of TP53 in the high-risk group was slightly higher than that in the low-risk group (Figures 8A,B). In addition, the correlation analysis between RS and TMB found that the TMB score in the low-risk group was significantly higher than that in the high-risk group and was significantly negatively correlated with RS (Figures 8C,D). This is consistent with the results of the MSI analysis indicating that patients in the low-risk group may have better immunotherapy outcomes. Finally, drug sensitivity analysis found that RS was associated with drug sensitivity. There were significant differences in the IC50 values of various chemotherapeutics, including afatinib, veliparib, motesanib, saracatinib, selumetinib, bexarotene, bicalutamide, bosutinib, camptothecin, dasatinib, docetaxel, gefitinib, etc., between the low-risk and high-risk groups (Figure 8E).
[image: Figure 8]FIGURE 8 | Mutation and drug susceptibility analysis (A,B) Mutation and drug susceptibility analysis (C,D) Relationships between RS and TBM (E) Relationships between RS and chemotherapeutic sensitivity. TMB: tumour mutational burden.
DISCUSSION
In recent years, studies have shown that pyroptosis plays an indispensable role in the occurrence and development of tumours and has strong immunotherapy potential, but the specific pathogenic mechanism and antitumor function are still unclear, especially in GC research, which is even more scarce (Hsu et al., 2021). Therefore, this study reveals the multiomics characteristics of mutations, CNV, expression profiles, TME and immune infiltration of PRGs in GC by comprehensively analysing the overall alterations in genomic, transcriptional and TME levels in GC, deeply explores the potential role of cellular scoring in the immune microenvironment, clinicopathological features and prognosis of GC, and provides new immune strategies and drugs for clinical treatment targets.
The results of this study showed that PRGs had a higher frequency of missense mutations and CNVs in GC, and among them, TP53, IRF2, PLCG1, and CASP5/8 had the highest mutation frequencies. TP53, a DNA-binding tumour suppressor protein, is mutated in more than 50% of malignant tumours, including human hereditary cancers such as Li-Fraumeni syndrome (Baugh et al., 2018). There are two main methods of single base substitution and allele loss which mediate the inactivation of viral or intracellular tumour suppressor proteins, thereby promoting the occurrence and development of cancer (Tommasino et al., 2003). Numerous studies have shown that single-base substitutions are one of the major forms of mutation in the entire coding sequence (Olivier et al., 2010). Consistent with the results of this study, SNPs were second only to missense mutations in mutated PRGs, and the frequency of base G-to-T conversion was the highest. Their different types and locations may be the key to revealing the molecular mechanisms of cancer occurrence and development and may also serve as potential diagnostic and prognostic markers and targets for drug intervention. Therefore, IRF2, PLCG1 and CASP5/8 mutations may also be key targets for GC progression. Studies have found that interferon regulatory factor 2 (IRF2) can improve colorectal cancer responsiveness to PD-1 therapy by directly inhibiting chemokine 3 (CXCL3) (Liao et al., 2019). Likewise, phospholipase C gamma 1 (PLCG1) and caspase 5/8 (CASP5/8) also exert antitumor effects in cancer (Li et al., 2015; Kim et al., 2020). In addition, as a 1 KB-3MD DNA fragment variation, CNVs are widely distributed in the human genome. The total number of nucleotides covered by CNVs far exceeds that of SNPs, and CNVs larger than 250 kb are closely related to tumour susceptibility and phenotype (Zarrei et al., 2015). Gasdermin (GSDM) proteins, as key effector molecules of pyroptosis, are frequently amplified in cancer genomes and exert antitumor effects through cell death-mediated protein inactivation. However, some studies have suggested that GSDMs can not only exert an antitumor effect but also serve a tumour-promoting function, but this depends on the cellular environment, especially the interaction between cancer cells and the tumour microenvironment (Sarrio et al., 2021). Hou J et al. (Hou et al., 2020) found that PD-L1 can promote tumour cell death by mediating GSDMC expression. In addition, we also found that the genes (GSDM, IRF1, GZMB, and CASP5, etc.) with a higher frequency of CNV have higher expression differences between normal and tumour tissues and greater correlation with prognosis, which further highlights the key role of CNV in GC. Therefore, we believe that gene mutations, CNVs and SNPs may be the main factors affecting the function of PRGs in tumours, and that related gene functions are also affected by the TME.
This study further constructed the risk model for predicting prognostic and screened nine PRGs related key genes for exploring new immunotherapy strategies and drug targets. The results showed that the model had high accuracy in predicting OS in GC patients. Compared with the models constructed by previous studies, This study is the first to construct a pyroptosis-related signature in GC. Surprisingly, The accuracy of the pyroptosis related signature in predicting the 1, 3, and 5-years OS of GC patients was significantly higher than that of the ferroptosis related signature constructed by Jiang (Jiang et al., 2021). Beisdes, we also deeply explored the signature’s characteristics in TME, and found that the risk score of this model was significantly correlated with immune infiltration, TME, MSI, and CSCs. This indicates that key genes in the model may play an important role in the clinical features and prognosis of GC (Xiang et al., 2021; Zheng et al., 2021).
Among them, cytotoxic T lymphocyte associated protein 4 (CTLA4) is a member of the immunoglobulin family, expressed on the surface of activated T cells, and is homologous to CD28, both of which can bind to CD80 and CD86 on the surface of antigen presenting cells, thereby reducing T cell proliferation and cytokine production in GC (Dovedi et al., 2021). Therefore, studies have found that the use of CTLA-4 antibody can induce the expansion of tumor-infiltrating CD 8 + T cell Th1-like CD 4 + T cell subsets (Wei et al., 2017). Pereira et al. (Pereira et al., 2021) also confirmed that positivity for both CTLA-4 and PD-L1 was an independent factor associated to better survival in GC patients. In addition, although desmin (DES) is expressed in smooth muscle tissue, it has been found to be more sensitive in the detection of vascular invasion in gastric, colorectal and pancreatic cancers (Ekinci et al., 2018). Glycoprotein A33 (GPA33) is a cell-surface diferentiation glycoprotein and a member of the immunoglobulin superfamily. Although its specific function is currently unclear, studies have found that GPA33 is expressed in more than 95% of colorectal cancers and about 70% of GCs, but not in normal epithelial cells (Garinchesa et al., 1996; Sakamoto et al., 2000). This indicates that GPA33 may be a diagnostic marker and potential therapeutic target for GC and colorectal cancer. This view was confirmed by Lopes et al. (Lopes et al., 2020). High expression of caudal related homeobox transcription factor 2 (CDX2) and its target GPA33 has favorable effects on GC prognosis. Insulin like growth factor binding protein 2 (IGFBP2) is the second most abundant IGFBP in tissues and exerts biological functions by regulating IGF receptors. The expression in GC tissue is significantly higher than that in normal mucosa, which can promote the proliferation of GC cells by activating the IGF1R-RhoA-ROCK signaling pathway (Zhang et al., 2007; Liu et al., 2022). Interleukin 18 Receptor Accessory Protein (IL18RAP) and Interleukin 1A (IL-1A) are inflammatory factors of the same family. Studies have found that their polymorphism increases the susceptibility of Helicobacter pylori-induced inflammation and carcinogenesis of the gastric mucosa (Durães et al., 2014; Wang et al., 2016). In-depth exploration of the expression differences of different genotypes of these genes in gastric cancer will provide strategies for the drug treatment of GC. Keratin 7 (KRT7), a member of the keratin family, is abnormally expressed in a variety of tumor tissues and has been widely accepted as a prognostic marker for GC. KRT7 and his antisense in orientation to coding mRNA (KAT7-AS) were significantly upregulated in GC tissues, promoting GC cell proliferation and migration (Huang et al., 2016). In addition, Liu et al. (Liu et al., 2019) also confirmed this view and showed that KAT7 reduced the sensitivity of 5-fluorouracil treatment. Paternally expressed gene 10 (PEG10) also has the function of promoting the proliferation of GC cells. But the difference is that PEG10 is also a key gene for chemotactic lymphocytes (Ishii et al., 2017). The family gene of solute carrier family two member 3 (SLC2A3) is a central regulator of cellular glucose metabolism, but its role in tumor metabolism and immunity has been neglected. Studies have found that SLC2A3 not only promote the aerobic glycolysis of GC cells, but also promote the M2 subtype transition of macrophages in the TME (Yao et al., 2020). This well explains why SLC2A3 is positively correlated with M2 macrophages in the results of this study.
In addition, patients of subtype A with high PRG expression had a better prognosis and relatively higher immune infiltration scores and signalling pathways mainly enriched in immune-related pathways such as antigen processing and presentation, T and B-cell receptor signalling pathways and apoptosis. Furthermore, the low-risk group had a lower content of stromal cells, a higher content of immune cells and a lower tumour purity. This indicated that a large number of immune cells infiltrated low-purity tumour tissue, including immune-promoting cells and immune-suppressing cells. This finding suggests that PRGs may play an important role in GC through the tumour immune microenvironment (TIME). Studies have shown that increased CD8+ density on the surface of T cells in tumours and immune stroma is associated with an increased percentage of PD-L1 expression (Thompson et al., 2017). While quiescent T cells lacked PD-1 expression on the surface, high levels of PD-1 expression were detected in tumor-infiltrating T cells. The indicated that immune induced tumor PD-1 expression may be a way for tumor cells responsed to immunotherapy resistance mechanisms. Interestingly, CTLA4 is predominantly intracellular in resting naive T cells and expressed on the surface of activated T cells. However, GC cells can inhibit the metabolism of CD8+ T cells through the CD155/TIGIT signalling pathway, thereby inhibiting the antitumor immune response (He et al., 2017). Traditional immunization believes that CD8+ T cells induce tumor cells death through two pathways, perforin-granzyme and Fas-FasL. But the latest research has discovered a new mechanism by inducing ferroptosis and pyroptosis. Studies have shown that pyroptosis-related genes or RNAs are involved in the occurrence and development of multiple tumors, and have great potential for the diagnosis, treatment and prognosis prediction of GC (Xu et al., 2020; Wu et al., 2022). However, activation of the cell death program leads to the release of inflammatory mediators IL1A and IL18RAP, which continue to promote cancer development. Wang et al. (Wang et al., 2020). Found that pyroptosis and immune checkpoint inhibitors act synergistically, and the inflammatory response can trigger a strong antitumor immune function by establishing a bioorthogonal chemical system. This conclusion was also confirmed by Zhang et al. (Zhang et al., 2020), who showed that in the TIME activated by pyroptosis, CD8+ T cells and NK cells can mutually induce and activate tumour cell pyroptosis through granzyme B and form a positive feedback loop. Besides, Ji L et al. (Ji et al., 2020). Found that inhibit Treg cell infiltration by blocking CCL28 can effectively inhibit GC progression. This indicates that Treg plays the opposite role in the tumor microenvironment, and has the ability to promote the immune escape of tumor cells and indirectly accelerate the proliferation and infiltration of tumor cells. Treg cells are also the main cells for CTLA4 expression and are negatively regulated by CTLA4.
Moreover, the degree of infiltration of B cells in GC, especially memory B cells and plasma cells, also seriously affects tumour progression and prognosis (Ni et al., 2021). Some studies have found that B-cell translocation gene 3 (BTG3) is significantly downregulated in GC, which may be related to tumour proliferation, migration, and invasion, and has potential as a biomarker for predicting the prognosis of GC patients (Ren et al., 2015). In addition, tumor-associated macrophages (TAMs) can exhibit different activation states according to the stimulation of different TMEs. M1 macrophages mainly secrete proinflammatory factors such as IL-1α, IL-1β, and TNF12, which positively activate antitumor responses (Pan et al., 2020). M2 macrophages secrete some anti-inflammatory factors, such as IL-4, IL-6, and IL-10, which negatively regulate the immune response in tumours (Sousa et al., 2015). Interestingly, increased numbers of cytokine IL-4, growth factor colony-stimulating factor-1 (CSF-1) and CD4+ T cells in the TME stimulate the macrophage M1 to M2 transition (Lin et al., 2002; Mantovani and Sica, 2010; Coussens et al., 2013). M2 macrophages had immunosuppressive and contribute to matrix remodeling, thereby promoting tumor growth. There are high levels of matrix metalloproteinase-9 in GCs, which degrade collagen in type IV basement membranes, thereby promoting metastasis (Li et al., 2019). Previous studies have shown that M2 macrophages are involved in Epithelial mesenchymal transition (EMT), and that infiltration of M2 macrophages in the TME enhanced GC transfer (Liang et al., 2019; Lin et al., 2019). Furthermore, high tumor stromal density of M2 macrophages have been associated with worse cancer-specific survival in patients, and patients with high M1:M2 density ratio in tumor stroma have a higher survival rate.
The proportion of MSI-H in the low-risk group was significantly higher than that in the high-risk group, and RS was negatively correlated with both CSC and TMB. According to some studies, MSI occurs in approximately 15% of early colorectal cancer tissues. Among them, MSI-H is closely related to clinicopathological characteristics and prognosis, such as tumour location and clinical stage (Gelsomino et al., 2016). Similarly, Vilar E (Vilar and Gruber, 2010) and Yang et al. (Yang et al., 2019) agreed with this view and stated that the MSI phenotype is associated with specific oncogenes and tumour suppressor genes, such as BRAF, MRE11A, and KRAS. The MSI phenotype is expected to become an important marker for evaluating the degree of tumour malignancy and predicting efficacy and prognosis. In addition, in this study, CSC and TMB were also important factors for good prognosis of GC patients in the low-risk group. CSCs have the ability to self-renew and differentiate, which is a decisive factor in tumour heterogeneity (Prasetyanti and Medema, 2017). Moreover, studies have shown that CSCs are also closely related to tumour occurrence and treatment resistance (Eun et al., 2017). Finally, this study also screened potential GC therapeutic drugs through drug sensitivity analysis. Among them, paclitaxel and cisplatin can effectively inhibit tumour proliferation and metastasis by inducing pyroptosis (Wang et al., 2018b; Zhang et al., 2019). Studies have shown that exogenous activation of pyroptosis can produce strong antitumor activity, especially in digestive system tumours, which are abnormally sensitive (Wei et al., 2014; Wang et al., 2019). Therefore, inducing tumour cell pyroptosis may provide a new direction for targeted drug research and tumour therapy.
CONCLUSION
In conclusion, this study revealed mutations, CNVs, and TME multiomics characteristics of PRGs by comprehensively analysing the overall changes in the genomic and transcriptional levels of PRGs in GC and constructing a prognosis prediction model for GC patients. We found IL18RAP, CTLA4, SLC2A3, IL1A, KRT7, PEG10, IGFBP2, GPA33, and DES are key genes of gastric cancer and deeply explored the potential role in clinicopathological features, immune infiltration, TME and prognosis in GC, providing new immunotherapy strategies and drug targets for the clinical treatment of GC patients.
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Colorectal cancer incidence and mortality have increased in recent years, with more than half of patients who died of colorectal cancer developing liver metastases. Consequently, colorectal cancer liver metastasis is the focus of clinical treatment, as well as being the most difficult. The primary target genes related to colorectal cancer liver metastasis were via bioinformatics analysis. First, five prognosis-related genes, CTAG1A, CSTL1, FJX1, IER5L, and KLHL35, were identified through screening, and the prognosis of the CSTL1, FJX1, IER5L, and KLHL35 high expression group was considerably poorer than that of the low expression group. Furthermore, the clinical correlation analysis revealed that in distinct pathological stages T, N, and M, the mRNA expression levels of CSTL1, IER5L, and KLHL35 were higher than in normal tissues. Finally, a correlation study of the above genes and clinical manifestations revealed that FJX1 was strongly linked to colorectal cancer liver metastasis. FJX1 is thought to affect chromogenic modification enzymes, the Notch signaling system, cell senescence, and other signaling pathways, according to KEGG enrichment analysis. FJX1 may be a critical target in colorectal cancer metastasis, and thus has the potential as a new biomarker to predict and treat colorectal cancer liver metastases.
Keywords: colorectal cancer, liver metastasis, bioinformatics analysis, FJX1, tumor microenvironment
INTRODUCTION
Colorectal cancer is one of the most frequent types of cancer in the digestive tract (Huang et al., 2013). According to the American Cancer Society 2018 global cancer statistics, colorectal cancer has an incidence rate of 11%, which ranks third, and a mortality rate of 9%, which ranks second (Bray et al., 2018).
Advanced colorectal cancer tumor cells invade lymphatic vessels and blood vessels from the initial location or are implanted into other sites, causing the cancer to spread and become more serious, for example, metastasis has been observed in the peritoneum (Pretzsch et al., 2019), ovary (Zhou and Ding, 2021), brain (Stewart et al., 2018), liver (de la Pinta et al., 2021), lung (Hou et al., 2017), and bone (Alghandour et al., 2020). The liver is the most common distant metastatic organ of colorectal cancer, with liver metastases observed in 15–25% of patients at diagnosis (Engstrand et al., 2018). Patients with liver metastases who do not receive treatment have a median survival duration of only 6.9 months, and the 5-year survival rate for patients with unresectable liver metastases is low (House et al., 2010). Colorectal cancer is a complicated process involving several stages, phases, and genes (Li et al., 2016), however, our knowledge of the molecular pathways that contribute to colorectal cancer metastasis is limited. Given the significant morbidity and mortality associated with colorectal cancer liver metastases, it is critical to elucidate the disease pathophysiology and metastatic mechanisms to improve colorectal cancer treatment.
MiRNAs may be involved in colorectal cancer liver metastases. Exosome-transporting miRNAs released by colorectal cancer cells mediate tumor cell metastasis in the liver and miRNAs released by hepatocytes promote the formation of metastatic tumors (Balacescu et al., 2018). Due to the hepatocytes’ regenerative abilities, a high DNA mutation rate, and cell proliferation rate, they quickly develop into hepatocyte lesions when inflammatory lesions are continuously stimulated. Also, tumor-associated macrophages (TAM) create a favorable environment for colorectal cancer spread. TAM increases angiogenesis around tissues, and accelerates tissue remodeling and tumor cell extravasation, producing ideal conditions for the creation of tumor tissue to help repair wounds (Cassetta and Pollard, 2020; Pan et al., 2020).
The Notch signaling pathway is involved in the activation of hepatic stellate cells, the development of liver fibrosis (Tao et al., 2020), the differentiation and development of TAM (Palaga et al., 2018), the activation of the WNT pathway, and other processes that promote the progression of liver cancer (Moeini et al., 2012). FJX1 affects tumor cell proliferation and differentiation as a downstream target gene of the Notch signaling system. FJX1 is a gene on chromosome 11 (11p13) (Chai et al., 2019) and the expression of FJX1 mRNA and protein are upregulated in colorectal tumor tissues compared to normal intestinal epithelial tissues (Liu et al., 2020). FJX1 may promote endothelial cell capillary formation in a hypoxia-inducible factor 1-dependent manner (Al-Greene et al., 2013; Liu et al., 2020), as well as act as a proto-oncogene that affects metastasis and recurrence in colon cancer patients. It was reported that the transcription level of FJX1 was inhibited by miR-1249, thereby reducing the cell proliferation, migration, and invasion of colorectal cancer (Dang and Zhu, 2020).
Bioinformatics analyses were applied to investigate target genes linked to colorectal and liver cancer metastasis. FJX1 was the most clinically important colorectal cancer prognostic gene and affects biological pathways such as chromogenic modifying enzymes and Notch signaling, as well as cellular senescence and other signaling pathways, according to a KEGG enrichment study (Cui et al., 2021). Therefore, FJX1 may be a new target for colorectal cancer liver metastasis.
MATERIALS AND METHODS
Raw Data Source and Expression Difference Analysis
GEO provided data on in vivo models of organ-specific colon cancer metastasis, GSE64595. Total RNA from CD110 cells sorted from primary colonic tumors (CRC102-PT and CRC108-PT) and matching hepatic metastases (CRC102-LM and CRC108-LM) were analyzed and data from UCSC xena (https://xenabrowser.net/datapages/) were used to determine differential gene expression in unpaired samples of tumor and normal tissues (Barrett et al., 2013; Vivian et al., 2017). The expression differences were assessed using RNAseq data in level 3 HTSeq-fragments per kilobase per million (FPKM) format in the Colon adenocarcinoma (COAD) project of TCGA (https://portal.gdc.cancer.gov/). The RNAseq data was then transformed from FPKM to TPM (transcripts per million reads) format for log2 conversion using the R software (version 3.6.3) and the R package ggplot2 (version 3.3.3). The results of immunohistochemical staining were utilized to investigate the protein expression of various genes in the HPA database (Uhlen et al., 2015; Thul et al., 2017). The patient information in TCGA is summarized in Supplementary Table S1.
Clinical Significance
The differential genes were utilized to build the Least absolute shrinkage and selection operator (Lasso) model, which was used to search for prognostic molecules using the R packages glmnet (version 4.1-2) and survival (version 3.2-10). After ten-fold cross-validation, five molecules with non-zero variables were found, and the risk factor map and ROC curve were created to prove the Lasso prognostic model’s accuracy. R and R packages: survminer package (version 0.4.9) and survival package (version 3.2-10) were used for data analysis and cleaning based on TCGA expression and phenotypic data. Finally, numerous survival curves were produced to examine the significance of these prognostic genes in terms of patient survival. A nomogram was used to set scale scores to characterize the conditions of each variable in the multi-factor regression model so that the total score could be calculated to predict the probability of the event, and Calibration examined the fitting of the actual probability and the probability of the model prediction in various conditions based on multi-factor regression analysis. The Cox regression model was built with survival outcome and survival time as dependent variables to investigate the influence of various independent variables on survival (Liu et al., 2018).
DNA Methylation
The amount of promoter methylation of prognostic genes was investigated using two separate methylation databases: EWAS (https://ngdc.cncb.ac.cn/ewas/datahub) and UALCAN (http://ualcan.path.uab.edu/index.html) (Chandrashekar et al., 2017; Xiong et al., 2020; Chandrashekar et al., 2022; Xiong et al., 2022). The degree of methylation of many prognostic genes was investigated under different TP53 mutations, and survival curves were created by grouping according to the degree of methylation.
Enrichment Analysis
The biological function was explored by single gene differential analysis of the TCGA database, and the patients were divided into two groups according to their FJX1 expression, and then R (version 3.6.3) and R package: DESeq2 (version 1.26.0) were conducted for differential analysis. By simulating the effect of knockdown or overexpression, we explored the genes that FJX1 may affect, further inferring the functions or pathways that may be involved. GO/KEGG enrichment analysis and GSEA for 86 genes with differential significance with FJX1 with |log2(FC)|>2 and p. adj<0.05 were performed and the log2(FC) corresponding to the differential genes was used to calculate the z-score corresponding to each entry as follows: z-score =[(Up-Down)]/(√Counts). R packages for GO/KEGG enrichment analysis were GOplot package (version 1.0.2) and ggplot2 (version 3.3.3) and the R package for GESA was clusterProfiler package (version 3.14.3), reference gene set: c2. cp. v7.2. symbols.gmt (Curated), gene set database: MSigDB Collections, if the false discovery rate (FDR) < 0.25 and p. adjust<0.05 are satisfied, it is considered to be significantly enriched (Subramanian et al., 2005; Yu et al., 2012).
Immune Microenvironment
The RNAseq data in TCGA were used to calculate the immune infiltration score using two methods. Single sample gene set enrichment analysis (ssGSEA) was conducted to calculate the degree of immune cell infiltration. The other method was estimate, the algorithm content has StromalScore, ImmuneScore, and ESTIMATEScore. In addition, two immune infiltration analysis methods, Ecotyper, and xCell, were used to further analyze the immune characteristics in the GEO dataset as a validation set. R package: GSVA (version 1.34.0) and ssGSEA (GSVA packet built-in algorithm) (Bindea et al., 2013; Hanzelmann et al., 2013).
Statistical Analysis
The results are performed with R software and R packages. Significant identification: ns, p ≥ 0.05; ∗, p < 0.05; ∗∗, p < 0.01; ∗∗∗, p < 0.001.
RESULTS
Screening of Target Genes Related to Colorectal Metastatic Liver Cancer
A flow chart of the full-text logic is provided in Figure 1. Transcriptome data on colorectal cancer liver metastasis were obtained from the GEO database GSE64595. Group 1 consisted of six primary colorectal cancer samples and group 2 consisted of six colorectal cancer samples with liver metastasis. Variance Stabilizing Normalization (VSN) was applied to the data and principal component analysis (PCA) showed that there were significant differences among the 12 samples (Figure 2A). The Uniform Manifold Approximation and Projection (UMAP) plot obtained from the dimensionality reduction analysis of the observational data also showed differences between the samples (Figure 2B). In the normalized boxplots of the samples, the samples in the primary and metastatic cancer groups were well normalized (Figure 2C). These results showed that the independent samples of these 12 primary and metastatic cancers were of good quality, which was statistically significant for grouping the cancer samples. In total, 89 differential genes satisfied the |log2(FC)|>1 & p. adj<0.05 thresholds (Figure 2D), and the top 40 genes are shown in the heatmap (Figure 2E). Prognostic Lasso analysis was used to construct and screen prognostic models, revealing that the expression of CTAG1A, CSTL1, FJX1, IER5L, and KLHL35 was higher in metastatic cancers than in primary cancers, indicating that the significantly higher expression of these five genes may drive cancer cell metastasis (Figures 3A,B). With prognostic data from TCGA to map risk factors, CTAG1A was excluded from further analysis due to the lack of data. The risk factor diagram of the remaining four genes showed that the risk factors increased with transcription levels and poor prognostic outcomes in patients (Figure 3C). The ROC curves further verified that the AUC of the four genes was greater than 0.5, indicating high diagnostic accuracy of the four genes (Figure 3D).
[image: Figure 1]FIGURE 1 | Study flow chart.
[image: Figure 2]FIGURE 2 | Screening of target genes related to colorectal metastatic liver cancer (group 1 = primary colorectal cancer and group 2 = colorectal liver metastasis). (A) PCA analysis of GSE64595. (B) UMAP showed significant differences between the two groups. (C) Standardization of 12 samples in GSE64595. (D) Volcanograms of differentially expressed genes in groups 1 and 2. (E) Heatmaps of differentially expressed genes between groups 1 and 2.
[image: Figure 3]FIGURE 3 | Construction of the prognostic model. (A) Disparity map. (B)Lasso prognostic model. (C) Risk factor map. (D) ROC curve.
Prognosis Analysis
To investigate the correlation between the expression of the four genes and prognosis, a survival curve was drawn based on the clinical data of TCGA, showing that the prognosis of the group highly expressing CSTL1, FJX1, IER5L, and KLHL35 was significantly worse than that of the low expression group (Figures 4A–D). The calibration plots to determine how well the model predicted the actual outcome showed the strong predictive power of these four genes to predict 1-, 3-, and 5-year survival (Figures 4E,F). A nomogram was then constructed to further evaluate patient prognosis (Figure 4G).
[image: Figure 4]FIGURE 4 | Prognostic correlation analysis. (A–D) Survival analysis of CSTL1, FJX1, IER5L, and KLHL35. (E) Calibration curve of IER5L and KLHL35. (F) Calibration curve of CSTL1 and FJX1. (G) A nomogram based on the prognostic model.
Gene Transcription and Protein Expression
The protein expression in the paired and unpaired samples of TCGA colorectal cancer was also investigated. The Mann-Whitney U test (Wilcoxon rank-sum test) for unpaired samples showed the expression of CSTL1, FJX1, IER5L, and KLHL35 in tumor tissue was higher than that in normal tissue (Figures 5A–H). Similarly, the paired samples t-test also showed that expression levels in tumor tissues were much higher than in normal tissues (paired and unpaired samples, PCSTL1, PFJX1, PIER5L, and PKLHL35 < 0.001). The immunohistochemical staining showed that the expression of FJX1 in colorectal cancer tissues was significantly different from that in normal colon tissues, while the protein level of KLHL35 was not significantly different (Figures 5I–L). However, no immunohistochemical data were available for the remaining two genes. In addition, FJX1 was found to be localized in vesicles within the cells (Figures 5M–P).
[image: Figure 5]FIGURE 5 | Gene transcription and protein expression levels. (A–H) The Mann-Whitney U test (Wilcoxon rank-sum test) for unpaired samples. The expression of CSTL1, FJX1, IER5L, and KLHL35 in tumor tissue was higher than that in normal tissue. (I–L) The immunohistochemical staining of the HPA database showed that the strong positive expression of FJX1 in colon cancer tissues was significantly different from that in normal colon tissues, while the protein level of KLHL35 was not significantly different. (M–P) The sub-localization of FJX1 in vesicles in the cells from the HPA database.
Clinical Relevance
The clinical relevance of CSTL1, FJX1, IER5L, and KLHL35 in 521 colon cancer cases was assessed, showing the expression level of CSTL1 mRNA was higher than that in normal tissues, and the expression levels of PD, SD, PR, and CR were higher than those in normal tissues (Supplementary Figure S1). Similarly, the expression of FJX1 mRNA in pathological stage T1, T2, T3, and T4 of colorectal cancer was higher than that in normal tissue, and the expression of lymphoid-infiltrating tumor tissue was higher than that of non-infiltrating tissue, and the expression level of colon adenocarcinoma was higher than that of normal tissue. Expression levels were higher in PD, SD, PR, and CR stages for the primary treatment outcome than in normal tissues, and FJX1 expression levels were higher in DSS, OS, and PFI in the death group (Supplementary Figure S2). The same situation appeared in the other two genes (Supplementary Figures S3, S4).
Promoter methylation levels of 313 colon adenocarcinoma samples and 37 normal tissue samples were analyzed from the TCGA database using the UALCAN platform (Figures 6A–D), indicating that CSTL1 promoter methylation levels in primary malignancies were lower than normal tissue. The promoter methylation levels of FJX1, KLHL35, and IER5L in primary malignant tumors were higher than those in normal tissues. Subsequently, we compared the promoter methylation levels of four genes for TP53-mutated (n = 174) and non-TP53-mutated colon adenocarcinomas (n = 136) (Figures 6E–H), showing that the promoter methylation level of CSTL1 was lower in tumor tissues with and without TP53 mutation than in normal tissues. The promoter methylation levels of FJX1, KLHL35, and IER5L were higher in TP53 and non-TP53-mutated tumor tissues than in normal tissues, and the methylation levels of FJX1 in non-TP53-mutated tumors were higher than those in TP53-mutated tumors. In addition, DNA methylation of the genes was validated in the EWAS database, the same as the UALCAN database (Figures 6I–L). Finally, we performed a survival analysis of the promoter methylation levels of the different genes (Figures 6M–P), showing that the survival rate of 148 samples with CSTL1 methylation levels greater than or equal to 0.863 was significantly higher than that of 143 samples with methylation levels less than 0.863. However, according to the hypomethylation of CSTL1 in the tumor, which was contrary to the survival curve, this gene was not considered a biomarker of colorectal cancer liver metastasis.
[image: Figure 6]FIGURE 6 | DNA methylation levels of prognostic genes. (A–D) Promoter methylation levels of CSTL1, FJX1, KLHL35, and IER5L in colorectal cancer. (E–H) Promoter methylation levels of CSTL1, FJX1, KLHL35, and IER5L in colorectal cancer with different TP53 mutation status. (I–L) DNA methylation of the genes was validated in the EWAS database, the same as the UALCAN database. (M–P) Survival analysis of the promoter methylation levels of different genes.
FJX1-Related Biological Pathways
By analyzing the correlation between CSTL1, FJX1, IER5L, and KLHL35 genes and clinical manifestations, FJX1 was the most clinically relevant prognostic gene, so follow-up analyses were performed to explore the pathways and biological functions affected by FJX1. First, single gene enrichment analysis was performed and FJX1 downstream target genes were obtained by mock knockout or overexpression of FJX1. Then, GO/KEGG was performed on these downstream differential genes, and 122 GO pathway-enriched biological entries and 6 KGEE pathway-enriched biological entries were obtained (Figures 7A–C). The biological processes involved mainly included nucleosome organization, chromatin assembly, and nucleosome assembly. The cellular composition mainly included the protein-DNA complex, DNA packaging complex, and the nucleus. The molecular function involves nucleosome DNA binding, taste receptor activity, and bitter taste receptor activity. The results of the KEGG enrichment analysis were mainly systemic lupus erythematosus, alcoholism, and taste transduction. Based on the enrichment analysis, the logFC corresponding to the extracted molecules was used to calculate the z-score corresponding to each entry. The z-scores for these entries were all negative, implying that these pathways may be inhibited (Figures 7D–G). Meanwhile, enrichment analysis of the GSEA gene set showed that the expression of FJX1 significantly inhibited the functions of ten biological pathways (Figures 8A–F), including chromogenic modifying enzymes (NES = -1.735, p = 0.043), Notch signaling (NES = -1.545, p = 0.043), Tcf-dependent signaling response to WNT (NES = -1.551, p = 0.043), G2-M checkpoint (NES = -1.841, p = 0.043), Cell senescence (NES = -1.893, p = 0.043), Esr-mediated signal transduction (NES = -1.614, p = 0.043), Ub-specific processing protease (NES = -1.533, p = 0.043), DNA double-strand break repair (NES = -1.698, p = 0.043), Hcmv infection (NES = -2.013, p = 0.043), and estrogen-dependent gene expression (NES = -1.974, p = 0.043).
[image: Figure 7]FIGURE 7 | FJX1-related biological pathways. (A–C) GO pathway-enriched biological entries and KEGG pathway-enriched biological entries were obtained. (D–G) The z-scores for these entries were all negative, implying that these pathways may be inhibited.
[image: Figure 8]FIGURE 8 | Gene set enrichment analysis. (A–E) Top 10 items of GSEA. (F) Ridge plot of GSEA with NES, P. adj, FDR.
Analysis of the Tumor Microenvironment
Differences in the immune-infiltrating microenvironment of primary and metastatic cancers based on data from TCGA-COAD revealed a positive correlation between FJX1 and the level of infiltration of most immune cells. As the transcription level of FJX1 increases, so does the level of immune cell infiltration (Supplementary Figure S5). Cellular heterogeneity in the tumor microenvironment is an emerging area of research. xCell was used to perform cell-type enrichment analysis of the gene expression data from 64 immune and stromal cell types, revealing no significant differences in most immune or stromal cells in the six primary and six metastatic samples. Interestingly, the ImmuneScore was significantly increased in metastatic cancers and was almost absent in primary cancers. In addition, the B-cell infiltration score was also significantly increased as was the ImmuneScore, which was similar to the MicroenvironmentScore, suggesting that the co-elevation of the microenvironment and ImmuneScore in metastatic cancer was caused by a marked elevation of B cells. B cells are the main immune cells of humoral immunity and the expression of FJX1 was proportional to the infiltration level of B cells. Furthermore, cDCs, iDCs, class-switched memory B cells, and memory B cells were all significantly increased in metastatic cancers compared to primary cancers, whereas the infiltration of MEPs and osteoblasts was significantly reduced. The ImmuneScore in TCGA was calculated using an estimation algorithm showing that the expression levels of the ImmuneScore and FJX1 were also positively correlated. Ten possible cancer ecotypes in each sample were calculated and five CE values were found to be consistent with our sample: CE1, CE2, CE6, CE9, and CE10. It can be seen that the cancer ecotypes of primary cancer are CE6 and CE10, while the cancer ecotypes of metastatic cancer are CE1, CE2, and CE9 (Supplementary Figures S6, S7).
DISCUSSION
Colorectal cancer is one of the most common cancers, with a high rate of morbidity and mortality (Brody, 2015; Castells, 2016; Nasseri and Langenfeld, 2017). Each year, more than 1.4 million new cases of colorectal cancer are diagnosed, resulting in around 700,000 deaths (Jin et al., 2020). Colorectal cancer can only be cured through surgical excision of the lesion but the current therapy benefit for advanced metastatic colorectal cancer is modest (Roncucci and Mariani, 2015). The liver is the most prevalent site of colorectal cancer metastatic spread and although simultaneous liver resection can help to delay the progression of colorectal cancer, the prognosis for this group of patients is still dismal (Chakedis and Schmidt, 2018). The lack of early indicators to assess colorectal cancer liver metastases is of concern.
We screened the differentially expressed genes with the Lasso prognostic model after analyzing the metastatic and primary data of colon cancer and found five genes with non-zero variables. Prognosis data for CTAG1A was missing, so it was excluded from the subsequent prognosis analysis. The survival curves of the remaining four genes were then verified, and all of them exhibited considerable predictive value. HR > 1 also suggested that they were risk factors for three prognosis groups of patients. The association between factors in the prediction model and the accuracy of the prognosis model was depicted by nomograms and calibration charts. The elevated expression of four genes in tumors was confirmed in both the unpaired and paired samples in TCGA. FJX1 protein levels in the tumor were higher than in normal tissue, while KLHL35 protein levels were undetectable in both tumor and normal tissues, and no immunohistochemistry data for the remaining two genes were available.
Regarding the methylation data of the four prognostic genes, except for the CSTL1 promoter area, the degree of methylation of the remaining three genes dramatically increased. Simultaneously, when CSTL1 was divided into subgroups based on the degree of methylation, the hypermethylation subgroup had a worse prognosis despite two major databases showing that the degree of methylation in the normal group was higher, so CSTL1 was also eliminated. Then, the univariate/multivariate Cox regression revealed that only the FJX1 subgroup was significant among the four prognostic genes, with the low expression group serving as the control, and the HR was 1.904, indicating that FJX1 expression was an important hazard factor for patients. Clinical analysis revealed the highest correlation between FJX1 and clinical factors, nevertheless, FJX1 was more significantly expressed in metastatic liver cancer than in the original colon cancer from GEO. The logFC in the volcanic diagram is greater than 1, indicating that FJX1 is most likely the determining factor in tumor spread. FJX1 was found to be localized in vesicles, indicating that it is likely to release cells along with the vesicles. In addition, FJX1 expression is directly proportional to the level of infiltration of most immune cells, and the lmmuneScore increased with high FJX1 expression, suggesting that an elevation in FJX1 could trigger an inflammatory response that accelerates tumor growth. The infiltration scores and alterations of 64 types of immune cells were calculated using xCell analysis of GSE64595 expression profile data. The immunological score and the microenvironment score both increased dramatically according to the heat map. Th2 cells were inversely proportional to FJX1 expression in metastatic cancer, according to TCGA data. Surprisingly, the heat map also revealed that as FJX1 expression increased, the number of infiltrating Th2 cells decreased. Furthermore, early cancer carcinoma ecotypes include CE6 and CE10, whereas metastatic cancer ecotypes have CE1, CE2, and CE9, indicating that the tumor immune milieu becomes more complicated as FJX1 expression increases. CE1, CE2, and fibroblasts are microenvironmental cells that play a role in the establishment of the immune microenvironment in metastatic cancer. However, xCell shows that in metastatic cancer, there are more infiltrating fibroblasts. To summarize, these findings suggest that FJX1 stimulates the formation of tumor fibroblasts and is critical in the progression of metastatic cancer. FJX1 mRNA and protein are upregulated in human colorectal tumor epithelium compared to rectal adenomas, and high expression of FJX1 is linked to a poor patient prognosis (Al-Greene et al., 2013), in line with our observations. FJX1 is an angiogenesis regulator whose expression levels are elevated in a variety of cancers. FJX1 protein levels in the endometrium of women without endometriosis do not fluctuate during the menstrual cycle, however, during normal endometrial secretion, FJX1 levels in women with endometriosis were considerably greater than in those without endometriosis, implying that elevated FJX1 protein levels may play a role in endometriosis etiology (Chang et al., 2018).
The tumor microenvironment and colorectal cancer liver metastases are inextricably linked. Hepatic fibroblast function changes increase the establishment of metastatic foci of colorectal cancer cells in the liver, and high production of microRNA-10a in the tumor microenvironment can block the activation of hepatic fibroblasts, preventing colorectal cancer liver metastasis (Wang et al., 2021). Exosomes have a key role in the establishment of the pre-metastatic microenvironment and tumor cell-derived exosomes can boost the pre-metastatic microenvironment by stimulating the pre-metastatic microenvironment in mice models of pancreatic cancer liver metastasis and melanoma lung metastasis. Exosomes speed up tumor metastasis, and exosomes from intestinal cancer cells might stimulate the establishment of a pre-metastatic milieu in liver tissue, speeding up tumor spread (Lai et al., 2020). Also, hypoxic and acidic microenvironments are both linked to colorectal cancer liver metastasis (Larionova et al., 2020).
CONCLUSION
In conclusion, FJX1 may not only be a cause of colorectal cancer but also a risk factor for liver metastasis as a prognostic biomarker.
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Background: 7-Methylguanosine(m7G) contributes greatly to its pathogenesis and progression in colorectal cancer. We proposed building a prognostic model of m7G-related LncRNAs. Our prognostic model was used to identify differences between hot and cold tumors.
Methods: The study included 647 colorectal cancer patients (51 cancer-free patients and 647 cancer patients) from The Cancer Genome Atlas (TCGA). We identified m7G-related prognostic lncRNAs by employing the univariate Cox regression method. Assessments were conducted using univariate Cox regression, multivariate Cox regression, receiver operating characteristics (ROC), nomogram, calibration curves, and Kaplan-Meier analysis. All of these procedures were used with the aim of confirming the validity and stability of the model. Besides these two analyses, we also conducted half-maximal inhibitory concentration (IC50), immune analysis, principal component analysis (PCA), and gene set enrichment analysis (GSEA). The entire set of m7G-related (lncRNAs) with respect to cold and hot tumors has been divided into two clusters for further discussion of immunotherapy.
Results: The risk model was constructed with 17 m7G-related lncRNAs. A good correlation was found between the calibration plots and the prognosis prediction in the model. By assessing IC50 in a significant way across risk groups, systemic treatment can be guided. By using clusters, it may be possible to distinguish hot and cold tumors effectively and to aid in specific therapeutic interventions. Cluster 1 was identified as having the highest response to immunotherapy drugs and thus was identified as the hot tumor.
Conclusion: This study shows that 17 m7G-related lncRNA can be used in clinical settings to predict prognosis and use them to determine whether a tumor is cold or hot in colorectal cancer and improve the individualization of treatment.
Keywords: colorectal cancer, N7-methylguanosine, lncRNAs, hot tumors, cold tumors, TCGA
INTRODUCTION
Colorectal cancer (CRC), a significant public health danger worldwide, remains a significant burden (Siegel et al., 2021). The majority of CRC patients have been treated with surgery, radiation therapy, and chemotherapy (Brenner et al., 2014), which are insufficient to prevent colorectal cancer. There has been some advancement in immunotherapy for colorectal cancer (Ganesh et al., 2019), but resistance to immunotherapy still occurs at times (Galon and Bruni, 2019). As such, it is imperative to investigate how to enhance immunotherapy in CRC.
An extensive body of evidence suggests that RNA modification is crucial in regulating gene expression both during and after transcription (Boccaletto et al., 2018; Mathlin et al., 2020). The modification of RNA by all living organisms has been reported to be 163 in number (Courtney et al., 2019; Chen et al., 2021). It is an RNA modification of N7-methylguanosine (m7G), a methyl group is added to the seventh nucleotide of RNA. mRNA is more stable with m7G modification (Furuichi et al., 1977; Shimotohno et al., 1977). M7G is also thought to regulate cell differentiation (Lin et al., 2018). Aside from mRNA, the m7G modification can also be found on tRNAs, rRNAs, and miRNAs (Guy and Phizicky, 2014; Sloan et al., 2017; Pandolfini et al., 2019). The AGO gene and CYFIP1 has been reported and plays an important role in the development of colorectal cancer (Kim et al., 2010; Liu et al., 2018; Yan et al., 2019; Kennedy et al., 2020). The methylation complexes involved in m7G methylation include METTL1 and WDR4 (11).
It is estimated that approximately 16,000 of these genes were lncRNAs, accounting for about one quarter of the total number of human genes. In contrast to miRNA and snRNA, lncRNAs are longer and have a lower protein-coding potential (Rinn and Chang, 2012). In the past, researchers have suggested lncRNAs play a crucial role in regulating transcription and post-translational regulation, as well as chromatin modification (Wang et al., 2018). In studies published recently, aberrant lncRNA expression in tumors was examined as a diagnosis and prognosis marker (Poursheikhani et al., 2020). Moreover, Evidence is accumulating that LncRNAs contribute to tumor inflammation as well as assisting malignancies to evade immune destruction (Dragomir et al., 2020). The role of lncRNAs related to m7G as a potential therapeutic target has not been widely explored to date in the treatment of CRC. Consequently, we can gain greater insight into the roles of m7G and lncRNAs in immunotherapy by acquiring more lncRNA-related knowledge.
Immunotherapy will be more effective if cold tumors are transformed into hot tumors. This will lead to a breakthrough in immunotherapy, but at this stage, the mechanisms of RNA modification in CRC remain unclear. Nevertheless, there are still no simple and effective means for identifying cancerous tumors (Galon and Bruni, 2019). lncRNAs have been found to be highly accurate cancer markers, hence we decided that combining patients through m7G-related lncRNAs would improve clinical prediction and diagnosis (Meng et al., 2019; Yuan et al., 2020).
MATERIALS AND METHODS
Colorectal cancer data gathering
The Cancer Genome Atlas TCGA (http://portal.gdc.cancergov/) was used to study 647 colorectal cancer tissues and 51 control tissues. We excluded patients with colorectal cancer with missing overall survival (OS) and overall survival (OS) of less than 30 days from this analysis in order to avoid statistical bias. As a result of collecting pertinent clinical data, we randomly assigned 589 patients to two risk groups: train risk and test risk groups, respectively. Then we utilizing the R packages and caret Strawberry Perl. This proportion was 1:1.
Genes selection and m7G-related lncRNAs
M7G gene set consists of 26 genes and was obtained from GSEA (http://www.gsea-msigdb.org/gsea/index.jsp). Furthermore, based on reports previously on m7G, 29 genes related to m7G have been collected (Supplementary Appendix SAT1). We first performed co-expression analysis of 29 M7g genes and LncRNAs in the colorectal cancer dataset from TCGA (Pearson correlation coefficients >0.4, and p < 0.001). Following this, we performed differential analysis of these LncRNAs (|Log2fold change (FC)| > 1, false discovery rate (FDR) < 0.05, and p < 0.05). We finally obtained the m7G-related lncRNAs to construct a prognostic model for colorectal cancer.
The risk model establishment and validation
We applied univariate Cox proportional hazard regression analysis on the TCGA m7G-related lncRNAs, in order to identify lncRNAs related to survival (p < 0.05). Afterward, our final decision was made after applying 10-fold cross validation via Lasso regression with a 0.05 p-value for a total of 1,000 times, and then we determined our final result. The random stimulus was presented 1,000 times each to avoid overfitting. The model was developed following the presentation of the random stimulus. The curves for the receiver operating characteristic (ROC) of the model for 3, 1, and 2 years were computed. These are the data points that we used when calculating the risk score: k
[image: image]
the coef (lncRNAn) referred to a short form of the coefficient representing the correlation of lncRNAs with survival, and the expr (lncRNAn) applied to the expression level for lncRNAs. The median risk score was used as a criterion to divide the study participants into subgroups according to risk (Meng et al., 2019; Hong et al., 2020). To determine the prognosis, we utilized the Chi-square test to analyze the relationship between the model and clinical factors.
Independence factors and receiver operating characteristics
The receiver operating characteristic (ROC) analysis was applied to measure the influence of multivariate (multi-Cox) or univariate (uni-Cox) regression on outcomes.
Calibration and nomogram
To demonstrate whether our prediction was being matched with the actual result, we used the risk score, the age of the patient, and the stage of the tumor to construct a nomogram for 1-, 2-, and 3-years OS. To verify the consistency between the predictions and the results, we applied the Hosmer-Lemeshow test.
Gene Set Enrichment Analyses
The gene set enrichment analysis is carried out on the m7G-related gene set (kegg.v7.4.symbols.gmt) with the help of the gene set enrichment analysis (GSEA) program (http://www.gsea-msigdb.org/gsea/login.jsp) software. This program is designed to analyze the statistically (p < 0.01) enriched pathways between the two categories. They are the high and low-risk categories.
Investigating the tumor microenvironment and immune checkpoints
According to the results of the GSEA it was decided to assess immune-cell factors in patients at high risk based on the GSEA. TIMER 2.0 (http://timer.cistrome.org/) was used to compute the immune infiltration status of colorectal cancer patients from the TCGA using TIMER, CIBERSORT, XCELL, QUANTISEQ, MCPcounter, and EPIC algorithms. From the same web, we can obtain the infiltration profiles of all TCGA tumors. To compare the difference in levels of immune cells infiltrating into the body between the two categories, we used the Wilcoxon signed-rank test and the R packages limma and scales, along with the ggplot2 and ggtext packages. Bubble charts were used to present the findings (Hong et al., 2020). With the R package ggpubr, it was possible to compare immunological checkpoint activation between low- and high-risk categories.
Models of clinical reactions to the treatment in an exploratory study
On the basis of the half-maximum inhibitory concentration (IC50) calculate by Genomics of Drug Sensitivity in Cancer (GDSC) (https://www.cancerrxgene.org) each colorectal cancer patient is then tested for the therapeutic response using the R package pRRophetic (Geeleher et al., 2014).
Clusters analysis
Based on the prognostic lncRNA expression in colorectal cancer, we investigated molecular subgroups based on ConsensusClusterPlus (CC) R package (Wilkerson and Hayes, 2010). We used the Rtsne R package to carry out a principal component analysis (PCA), a T-distributed stochastic neighbor embedding (T-SNE), as well as a Kaplan-Meier survival analysis. Furthermore, the GSVA Base and R package pRRophetic were utilized to conduct immunity analysis and drug sensitivity comparisons.
RESULTS
M7G-related LncRNAs in colorectal cancer from TCGA
The study’s flow was shown in Figure 1. We collected 51 colorectal cancer-free samples and 647 colorectal cancer samples from TCGA. Due to the expression of 29 m7G-related genes, as well as lncRNAs that were significantly different in expression (|Log2FC| > 1 and p < 0.05) between normal and tumor samples, we obtained 827 m7G-related lncRNAs (correlation coefficient >0.4 and p < 0.001) (Meng et al., 2019; Shen et al., 2020). 747 of them had an increase in expression, whereas the remaining 80 had a decrease in expression (Figure 2A). Supplementary Appendix SAD1 and Figure 2B demonstrate the network diagram and data between genes involved in m7G, such as EIF4E1B and METTL1.
[image: Figure 1]FIGURE 1 | Study flow chart.
[image: Figure 2]FIGURE 2 | Identification of the m7G-related lncRNAs in patients with colorectal cancer. (A) The volcano plot of 827 differentially expressed m7G-related lncRNAs. (B) The network between m7G genes and lncRNAs (correlation coefficients >0.4 and p < 0.001).
Model construction and validation
We identified 28 m7G-related lncRNAs that showed a statistically significant correlation with overall survival (OS) (all p < 0.05) using univariate Cox (uni-Cox) regression analysis and plotted the results (Figure 3A and Figure 3B). To prevent an overfitting of the prognostic signature, the Lasso regression technique was used. We identified 17 lncRNAs that were associated with m7G in colorectal cancer when the lowest deviation was achieved in Log(λ) for the first rank. (Figures 3C,D). In addition, the Sankey diagram revealed an upregulation of 16 lncRNAs (Figure 3E).
[image: Figure 3]FIGURE 3 | Analysis of the prognostic value of m7G-related lncRNAs in CRC. (A) Identification of prognostic lncRNAs using univariate Cox regression. (B) Prognostic lncRNA expression profiles of 28 genes. (C) Cross-validation of the LASSO model for variable selection in a 10-fold cross-validation procedure. (D) M7G-related lncRNAs LASSO coefficient profiles. (E) The Sankey diagram of lncRNAs related to m7G genes.
The formula we used for calculating risk score: riskscore = AL161729.4 × (0.0382) + AL137782.1 × (-0.3841) + ZFHX2-AS1 × (0.7618) + AP001619.1 × (0.6377) + AC008760.1 × (0.2205) + AC007991.4 × (0.2908) + ALMS1-IT1 × (0.5570) + AC012313.5 × (-0.7829) + FGF14-AS2 × (0.1546) + AP006621.2 × (0.0097) + AC245100.7 × (0.0587) + AL031985.3 × (-0.3110) + AC083900.1 × (0.3899) + AC007728.3×(-0.9178) + AC099850.4 × (-0.0122) + NSMCE1-DT × (0.8168) + LINC02381 × (0.3508).
As a comparative study of low- and high-risk populations. Utilizing the algorithm to compare the distribution of risk scores, survival statuses, and survival times as well as expression criteria for these lncRNAs in the train sets, test sets, and entire sets. According to all of these indicators, there was a poor prognosis for the high-risk populations (Figure 4A–L). As well as typical clinicopathological parameters (Figure 4M–R).
[image: Figure 4]FIGURE 4 | A high prognostic value is predicted for each of the 17 m7G-lncRNAs. (A–C) Display of the m7G-related lncRNAs based on tests, test results, and the complete set of m7G-related lncRNAs. (D–F) Comparison of the survival times and survival status in the train, test, and entire sets, respectively, for low- and high-risk groups. (G–I) The following is a heat map of the expression of 17 lncRNAs in the train set, test set, and entire sets. (J–L) For the train, test, and entire set sets of patients in low-risk and high-risk groups, respectively, Kaplan-Meier survival curves were generated for OS (survival probability). (M–R) Stratified by age, gender, or stages, Kaplan-Meier survival curves show OS (survival probability) for low-risk and high-risk groups in the entire sample.
Nomogram construction
In univariate Cox regression (HR = 1.174, 95% confidence interval (CI) = 1.129–1.221; p < 0.001) and in multivariate Cox regression (HR = 1.134, 95% confidence interval (CI) = 1.089–1.182; p < 0.001) (Figure 5A,B). Additionally, we detected two additional independent predictive variables: age (HR = 1.050 and 95% confidence interval (CI) = 1.030–1.070; p < 0.001) and stage (HR = 2.300 and 95% confidence interval (CI) = 1.842–2.900; p < 0.001). For CRC patients, our calculations were a nomogram based on three independent prognostic factors that can be used to predict their 1-, 2-, and 3-years survival: risk score (p < 0.001), age (p < 0.001), and stage (p < 0.001) in multi-Cox (Figure 5C). Furthermore, the first, second, and third-year calibration plots showed that the nomogram closely approximated predicting 1-, 2-, and 3-years OS. (Figure 5D).
[image: Figure 5]FIGURE 5 | Assessment of the risk model and a detailed analysis of the nomogram. (A,B) Analysis of clinical factors and OS risk score using uni- and multi-cox models. (C) A nomogram incorporating the risk score, age, and stage of the tumor predicted the likelihood of survival at 1, 2, and 3-years intervals. (D) Calibration curves for the 1-, 2-, and 3-years OS. (E–G) The 1-, 2-, and 3-years ROC curves for the train, the test, and the entire set, respectively. (H) The 3-years ROC curves of risk score, and clinical characteristics.
The risk model evaluation
The prognostic models were carried out with time-dependent receiver operating characteristics (ROC). Furthermore, the results are presented using the area under the ROC curve (AUC). The results of the ROC analysis were also illustrated with an area under the ROC curve (AUC). The 1-, 2-, and 3-years AUC of the train set were 0.721, 0.804, and 0.805, of the test set were 0.714, 0.692, and 0.660, and of the entire set were 0.712, 0.745, and 0.738, respectively. (Figures 5E–G). In an analysis of the 3-years ROC curve, the risk model, clinical factors, and nomogram total score, the risk model (0.712) demonstrated the highest predictive capability of the data (Figure 5H).
GSEA
Using GSEA software, in order to determine whether there were differences in biological functions in the high-risk patients, we performed an analysis on the KEGG pathway for the high-risk patients (Supplementary Fig 3). Among high-risk patients, in the top 10 pathway list, eight of them had a significant correlation with tumor invasion, whereas the others, such as “cytokine receptor interaction,” had a significant association with immunity (all p < 0.01; |NES| > 1.5) (Figure 6A) (Shen et al., 2020). Due to this, we attempted to analyze the model based on immunity.
[image: Figure 6]FIGURE 6 | Research on tumor immune factors and immunotherapy. (A) A significant enrichment of GSEA was discovered in the high-risk group for the pathways that were identified in the top ten pathways. (B) Immune cell bubbles in risk groups. (C–E) Comparing immunity scores in low- and high-risk groups. (F) Different expressions of 15 checkpoints in risk groups.
Studying immunity factors and clinical strategies for high-risk groups
On several platforms, such as T cell CD4+ memory, Macrophage M1 at XCELL, T cell CD8+, Macrophage at TIMER, Macrophage M1 at QUANTISEQ, and cancer-associated fibroblast at MCPcounter and EPIC, showed strong associations with high-risk patients. (all p < 0.05) (Figure 6B) (Supplementary Appendix SAD2). The majority of immune cells were also more activated among high-risk patients. According to these findings, the high-risk patients displayed a higher level of immunological infiltration (all p < 0.05) (Figure 6C–E). Almost all immune checkpoints were activated in the high-risk group (Figure 6F), which means that colorectal cancer patients can be treated with immune checkpoint inhibitors based on the risk model (Johdi and Sukor, 2020). Additionally, we discovered that 16 chemical or targeted medicines (all p < 0.001) (Supplementary Fig 1), including Shikonin.
Identifying cold and hot tumors and medicine
Previously published reporters have demonstrated that there are different types and subtypes of clusters that are usually associated with different immune microenvironments, resulting in various immunotherapeutic effects (DeBerardinis, 2020; Shen et al., 2020). Two clusters of patients were derived based on 17 m7G-related lncRNAs using the ConsensusClusterPlus (CC) R package (Figure 7A) and Supplementary Fig 4 (27). As a result of the T-distributed stochastic neighbor embedding (t-SNE), we have been able to discern two clusters (Figure 7B). Additionally, we carried out Principal Component Analysis (PCA) to check that the PCA values for clusters were different (Figure 7C). Further, A better OS was identified in cluster 2 (p = 0.046) in the Kaplan-Meier analysis (Figure 7D). Also, a chart was made to verify its relationship with risk. Cluster 1 were significantly associated with high risk, whereas cluster 2 were significantly associated with low risk (p < 0.001) (Figure 7E). These results from Cluster 1 below can provide important insights into how to treat patients in high-risk groups. Cluster 1 was significantly infiltrated by immune cells, as determined by the analysis of the different platforms (Figure 7J) (Supplementary Appendix SAD3). There was a significant association between cluster 1 and a high ESTIMATE score and immune score over cluster 2, indicating that this is a distinct TME (Figures 7F–H). In cluster 1, almost all immune checkpoints, such as CD27, LAG3, and TNFRSF18, displayed higher activity (Figure 7I). The CD8+ T cells, the inflammation-promoting function, the high immunity score, the activation of CD27, LAG3, and TNFRSF18, played a critical role in the hot tumour. Therefore, clusters 1 and clusters 2 may be considered hot and cold tumors, respectively (Galon and Bruni, 2019; Zheng et al., 2021). Different immunotherapeutic responses may result from it (Zeng et al., 2019; DeBerardinis, 2020). Cluster 1 was considered more susceptible to immunotherapy in view of the concept of cold and hot tumors. Our findings showed that 17 compounds that were effective as systemic treatments for CRC that were effective as individualized treatments for CRC. (Supplementary Fig 2) (Boulos et al., 2019; Li et al., 2020). Based on clusters derived from these lncRNAs, we may be able to investigate immunotherapy responses and enhance the efficiency of specific therapy in patients with CRC.
[image: Figure 7]FIGURE 7 | Identifying cold and hot tumors and predicting their response to immunotherapy. (A) The Consensus Cluster Plus algorithm divides patients into two clusters. (B) Two clusters of t-SNE. (C) PCA of clusters. (D) Based on Kaplan-Meier survival curves, OS survival curves for clusters of patients. (E) Cluster analysis of risk groups. (F–H) Scores in immune-related categories between clusters 1 and 2 are compared. (I) The difference between 32 checkpoint expressions in clusters. (J) Clusters of immune cells on a heat map.
DISCUSSION
Immunotherapy may be beneficial as a result of TME immunosuppressive properties, a situation which is frequently associated with treatment failure. However, there is no panacea for all diseases. Some patients have had poor results following immunotherapy (Tang et al., 2020). In order to improve the effectiveness of immunotherapy, we developed the concept of cold and hot tumors to distinguish between cancer and immune-based tumor classification. Infiltration rates and immune scores of tumors are generally considered hot and cold, respectively, depending on their infiltration rate and immune score. Another characteristic of a hot tumor is the higher activity of checkpoint proteins as well as its more aggressive nature, such as PDCD1, which is another sign of a hot tumor. Patients who are suffering from a hot tumor can be treated with immunotherapies targeting CD8+ T cells, microbiome modulation, or other immunotherapeutic therapies. However, because cold tumors do not release any immunity through low-level T cells, they are often very difficult to battle. Enhanced immune therapy via the PD-1/PD-L1 pathway can kill cancer cells and break tolerance, which in turn boosts anti-tumor immunity through the release of CD8+ T cells. Rather than merely administering other treatments to a cold tumor, it is prudent to turn it into a hot tumor.
According to our study, we synthesized 17 m7G-related lncRNAs and attempted to determine whether cold or hot tumors. After re-grouping patients, some analyses were conducted, based on the model, such as GSEA analysis. However, a risk group-based analysis could not determine the hot tumor, suggesting that prognosis and treatment can be predicted using risk groups. Recent studies have demonstrated that tumor immunity suppression and microenvironments are associated with molecular subtypes, also called clusters (Ajani et al., 2017). Accordingly, each subtype has a different immune system and TME score, which results in different prognoses and responses to immunotherapy (DeBerardinis, 2020). Using these lncRNAs, we divided patients into two clusters based on their expression (Wilkerson and Hayes, 2010). We found that the immune microenvironments of the two groups differed. The immune microenvironment of cluster 2 was immunosuppressive. It is possible to classify the hot tumors in cluster 1 as having more PD-L1 (4, 31). Cluster 1 was also more sensitive to immunotherapeutic drugs than cluster 1. In addition to predicting prognosis, m7G-related lncRNAs can also applied to guide individual treatment. In contrast to a mass cytometry or other means of a tumor biopsy, the lncRNAs can be used as liquid biopsies for detecting different tumor types (Duan et al., 2020).
A number of cancer researchers are exploring the possibility of using long noncoding RNAs as prognostic biomarkers. Among the 17 lncRNAs related to m7G identified in our study, only AL137782.1, AC012313.5, AL031985.3, AC007728.3 and AC099850.4 are protective factors, but the other lncRNAs were risk factors. Consistent with our results, Previous reports have shown that AC133540.1, AL137782.1, AP001619.1, AC013652.1, AC008760.1, ALMS1-IT1, AC012313.5, FGF14-AS2, AP006621.2, LINC00702, LINC02550 and AC083900.1 are associated with poor prognosis in CRC patients (Huang and Pan, 2019; Hou et al., 2020; Yu et al., 2020; Xu et al., 2021a; Li et al., 2021; Li et al., 2022), whereas AC007991.4, LINC02381, AL031985.3 and AC099850.4 were reported in the other cancer patients with poor prognosis (Jafarzadeh and Soltani, 2020; Zhang et al., 2020; Zhao et al., 2020; Wu et al., 2021). The other lncRNAs were initially discovered. We may be able to develop a better understanding of how m7G-related lncRNAs contribute to CRC via novel biochemical mechanisms, resulting in new therapeutic advances.
Even after utilizing many methods to asset our model, there were still some shortcomings and deficiencies. A retrospective study is prone to biases inherent in the paradigm for which it was undertaken, since it was carried out (Jiang et al., 2016). We were unable to compare IC50s for corresponding checkpoint inhibitors, for instance PD-1 inhibitors, because insufficient data on GDSC existed, despite significant differences between risk groups and clusters in checkpoint activation. Verifying the prognoses was carried out internally by examining the tests and entire sets of data in the model, however external validation proved to be problematic. The bubble and heat map of immune cells showed external validation from multiple platforms (Hong et al., 2020; Xu et al., 2021b). Our plan is to gather more clinical datasets in order to better establish their usefulness in the research field of m7G-related lncRNAs. Additionally, we verified the relationship between the m7G gene and the related lncRNAs in the m7Ghub (Song et al., 2020) and came up with inconsistent results. There was a lack of molecular mechanism research in our study. Identifying which m7G-related lncRNAs could regulate colorectal cancer survival is just the beginning. We will explore the specific mechanism of the screened lncRNAs that affected CRC progression in our next work.
Our findings indicate that m7G-related lncRNAs are strongly associated with colorectal cancer, and that our model of 17 m7G-associated lncRNA constructs has potential as an independent prognostic molecular signature to distinguish between hot and cold tumors in colorectal cancer. Besides making progress in immunotherapy, it will also contribute to cancer research.
CONCLUSION
We would make a huge leap in improving patients’ prognoses and making great progress in individualized treatment if we could identify cold and hot tumors and tailor a therapeutic approach based on m7G-related long noncoding RNAs. A central concept of m7G and lncRNA development allowing immunotherapy to expand has been demonstrated in that they have the capability of overriding the failures associated with systemic treatments. In order to fully investigate and validate the relationships between m7G, lncRNA, immunity, and CRC, the mechanisms underlying these relationships need to be fully described and validated.
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5-methylcytosine (m5C) modification is involved in tumor progression. However, the lncRNAs associated with m5C in lung squamous cell carcinoma (LUSC) have not been elucidated. The Cancer Genome Atlas database was used to get the open-accessed transcriptional profiling and clinical information of LUSC patients. All the statistical analyses were performed based on R software v 4.0.0 and SPSS13.0. First, there were 614 m5C-related lncRNAs identified under the criterion of |R|>0.4 and p < 0.001 with m5C genes. Next, a prognosis model based on ERICD, AL021068.1, LINC01341, AC254562.3, and AP002360.1 was established, which showed good prediction efficiency in both the training and validation cohorts. Next, a nomogram plot was established by combining the risk score and clinical features for a better application in clinical settings. Pathway enrichment analysis showed that the pathways of angiogenesis, TGF-β signaling, IL6-JAK-STAT3 signaling, protein secretion, androgen response, interferon-α response, and unfolded protein response were significantly enriched in the high-risk patients. Immune infiltration analysis showed that the risk score was positively correlated with neutrophils, resting CD4+ memory T cells, and M2 macrophages, yet negatively correlated with follicular helper T cells, CD8+ T cells, and activated NK cells. Moreover, we found that high-risk patients might be more sensitive to immunotherapy, imatinib, yet resistant to erlotinib, gefitinib, and vinorelbine. In summary, our prognosis model is an effective tool that could robustly predict LUSC patient prognosis, which had the potential for clinical guidance.
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INTRODUCTION
Worldwide, lung cancer has caused 2.2 million new cases and 1.8 million deaths in 2020, making it the leading cause of death from cancer (Sung et al., 2021). Among these, lung adenocarcinomas (LUAD) and squamous cell carcinomas (LUSC) are the two predominant pathological subtypes (Nooreldeen and Bach, 2021). Locally, advanced lung cancer is still treated with surgery as the preferred treatment option. However, a considerable proportion of patients suffer from disease recurrence and distant metastasis, resulting in poor prognosis (Yan et al., 2017). Therefore, identifying novel biomarkers of lung cancer might contribute to the diagnosis and treatment of lung cancer patients.
Epigenetic modifications, including DNA and RNA methylation, genomic imprinting, gene silencing, and non-coding RNA modification, can affect gene expression without changing the DNA sequence, which exerts an important role in tumor development (Kanwal et al., 2015). N6-methyladenine (m6A) has been proven to be widely involved in the progression process of the tumor. Researchers have observed RNA m5C modifications at mRNA and non-coding RNA along with the advances in high-throughput sequencing (Hu et al., 2021). For instance, Mei et al. found that through repression of p57 Kip2, NSUN2 could facilitate gastric cancer growth, which is m5C-dependent (Mei et al., 2020). Sun et al. (2020) indicated that the aberrant NSUN2-mediated m5C modification of H19 lncRNA is associated with poor differentiation of hepatocellular carcinoma. Mostly, m5C modification was catalyzed by methyltransferase complex, comprising three enzymes, including methyltransferase “Writer”, demethylase “Erase”, and m5C binding protein “Reader” (Chellamuthu and Gray, 2020). Meanwhile, m5C modification sites are also widely distributed in long non-coding RNAs (lncRNAs) (Squires et al., 2012). Previous studies have investigated the specific lncRNAs in cancers. Liu et al. (2021) developed a novel immune-related lncRNA signature, which might be a prognostic classifier for endometrial carcinoma. In liver cancer, Pan et al. (2022) identified 13 m5C-related lncRNAs, which are significantly associated with patient prognosis. However, there is little research focused on the relationship between lncRNA and m5C modification in LUSC.
In this study, we identified m5C-related lncRNAs based on the data downloaded from The Cancer Genome Atlas (TCGA)-LUSC project. Finally, five m5C-related lncRNAs such as ERICD, AL021068.1, LINC01341, AC254562.3, and AP002360.1 were identified for model construction, which demonstrated good prediction efficiency in both the training and validation cohorts. Next, pathway enrichment and immune infiltration analyses were performed to explore the underlying biological difference between high- and low-risk patients. Moreover, we found that high-risk patients might be more sensitive to immunotherapy, imatinib, yet resistant to erlotinib, gefitinib, and vinorelbine.
METHODS
Public Data Acquisition
The transcriptome profile and clinical information of LUSC patients were obtained from the TCGA database (https://www.cancer.gov/tcga, accessed in 2022-06-02), which was collated using the author’s code. First, a total of 501 patients have the clinical information and expression profile data and therefore enrolled in our study. Six patients were then removed for their unknown survival time. The Homo_sapiens.GRCh38.106.chr.gtf reference file downloaded from the Ensembl website (http://asia.ensembl.org/index.html) was used for gene annotation. The tumor mutation burden (TMB) and microsatellite instability (MSI) were obtained from the TCGA database. Tumor stemness (mRNAsi) was calculated based on the expression profile using the one-class logistic regression (OCLR) machine learning algorithm (Malta et al., 2018). Before analysis, all the data were standardized and processed, including probe annotation, missing value completion, and data standardization.
Identification of m5C-Related lncRNAs
Based on the previous studies, m5C regulators were obtained, including YBX1, ALYREF, DNMT1, NSUN4, TRDMT1, TET2, NSUN7, NSUN6, NSUN5, NSUN3, NSUN2, DNMT3A, and DNMT3B (Nombela et al., 2021). Then, Pearson’s correlation analysis was performed to identify the m5C-related lncRNAs with the criteria |R|>0.4 and p < 0.001. Next, univariate Cox regression analysis was performed to screen the lncRNAs remarkably associated with patient prognosis (p < 0.05).
Construction of the Prognosis Model
All the patients were randomly divided into training and validation cohorts according to the 1:1 ratio. Based on the prognosis-related lncRNAs identified by the univariate Cox regression analysis, LASSO regression and multivariate Cox regression analysis were then performed for model construction (Tibshirani, 1997). The predictive model was constructed with the formula of “Riskscore = ∑exp(lncRNAs) ∗ β”, in which “β” represents the coefficient of each lncRNAs from Cox analysis. The Kaplan–Meier survival curve and receiver operating characteristic (ROC) curve were used to evaluate the prediction efficiency of our prognosis model.
Nomogram and Calibration Curve
A nomogram plot was constructed with the combination of risk score and clinical features for a better application in the clinic (Pan X. et al., 2021). Calibration curves were used to compare the fit between the nomogram-predicted survival and actual survival (Van Calster et al., 2016).
Pathway Enrichment Analysis
To further explore the underlying biological differences between the high- and low-risk groups, pathway enrichment analysis was performed based on the Gene Set Enrichment Analysis (GSEA) algorithm, which is a useful tool for genomic study (Subramanian et al., 2005). The GSEA algorithm can evaluate the microarray data at the gene set level, and the gene set used was defined based on the previous biological knowledge. The reference enrichment file was the Hallmark gene set.
Immune Infiltration Analysis
The tumor microenvironment is a key factor affecting the progression of cancer. The CIBERSORT algorithm was used to perform immune infiltration analysis, which could quantify the relative proportions of 22 types of infiltrating immune cells (Chen et al., 2018).
Immunotherapy and Chemotherapy Sensitivity Analysis
Tumor Immune Dysfunction and Exclusion (TIDE) and submap algorithm were used to evaluate the difference in the immunotherapy response rate between the high- and low-risk groups (Fu et al., 2020). The Genomics of Drug Sensitivity in Cancer (GDSC) database was used to assess the chemotherapy sensitivity, which was performed using the pRRophetic package (Yang et al., 2013).
Statistical Analysis
R software v4.0.0 and SPSS 13.0 were used for statistical analysis. p-value was two-sided and less than 0.05 was considered as statistically significant. Student’s t-test and Wilcoxon rank-sum test were used for the continuous variables.
RESULTS
Identification of m5C-Related lncRNAs
The baseline information of enrolled patients is shown in Table 1. With the criterion of |R|>0.4 and p < 0.001, a total of 614 m5C-related lncRNAs were identified (Figure 1A). After that, the univariate Cox analysis was performed to screen the prognosis-related lncRNAs. The results showed that the lncRNAs SREBF2-AS1, SNHG21, AL021068.1, AC004069.1, AP002360.1, AL355802.2, ERICD, LINC01341, LINC02001, AP001469.3, and AC254562.3 were significantly associated with patient prognosis (Figure 1B). The expression difference of these prognosis-related lncRNAs is shown in Figure 1C.
TABLE 1 | Baseline data of the enrolled patients.
[image: Table 1][image: Figure 1]FIGURE 1 | Identification of the m5C-related lncRNAs. (A) Co-expression network of m5C genes and the m5C-related lncRNAs; (B) Univariate Cox regression analysis was performed to identify the prognosis-related lncRNAs; (C) Expression level of SREBF2-AS1, SNHG21, AL021068.1, AC004069.1, AP002360.1, AL355802.2, ERICD, LINC01341, LINC02001, AP001469.3, and AC254562.3 in normal and tumor tissue.
Prognosis Model Construction and Validation
Based on these prognosis-related lncRNAs, LASSO regression was then performed for dimensionality reduction (Figure 2A). Multivariate Cox analysis was then performed for model construction, and the lncRNAs ERICD, AL021068.1, LINC01341, AC254562.3, and AP002360.1 were identified (Figure 2B). In the training group, a higher proportion of dead cases was observed in the high-risk groups (Figure 2C).The Kaplan–Meier survival curve showed that the patients in the high-risk group tend to have a worse prognosis compared with those in the low-risk group (Figure 2D). The ROC curve indicated a great prediction efficiency of our model in 1-, 3-, and 5-years (Figures 2E–G, 1-year AUC = 0.712). In the validation cohorts, the same trend was also observed (Figure 3A). The Kaplan–Meier survival curve indicated that the high-risk patients might have a shorter overall survival (OS) than the low-risk patients (Figure 3B). Also, the ROC curve showed a good prediction efficiency in patients prognosis (Figures 3C–E, 1-year AUC = 0.673, 3-years AUC = 0.729, and 5-years AUC = 0.796). Univariate and multivariate analysis showed that our model was a prognosis biomarker independent of other clinical features (Figures 3F,G, univariate, HR = 1.84, p < 0.01; multivariate, HR = 1.81, p < 0.01).
[image: Figure 2]FIGURE 2 | Construction of the prognosis model. (A) LASSO regression analysis was used for dimension reduction; (B) ERICD, AL021068.1, LINC01341, AC254562.3, and AP002360.1 were identified for prognosis model construction; (C) Overview of our model in the training cohort; (D) Kaplan–Meier survival curve was performed to indicate the prognosis difference between high- and low-risk groups; (E–G) ROC curve of 1-, 3-, and 5-years.
[image: Figure 3]FIGURE 3 | Validation of the prognosis model. (A) Overview of our model in the validation cohort; (B–E) Kaplan–Meier survival and ROC curves in the validation cohorts; (F–G) Univariate and multivariate analysis of our model.
Nomogram and Clinical Correlation
Next, a nomogram plot was established by combining the risk score and clinical features (Figure 4A). The calibration curves demonstrated a high goodness-of-fit between the nomogram-predicted survival and actual survival (Figures 4B–D). The DCA curve showed that the clinical features could improve the prediction efficiency of our model (Figure 4E). Clinical correlation analysis showed that the risk score was correlated with worse clinical features, including age, clinical-stage, and T classification (Figures 4F–I); the older patients might have a higher AL021068.1 but a lower AP002360.1 expression (Figure 4F); the progressive clinical-stage patients might have a lower LINC01341 and AC254562.3 expression (Figure 4G); the progressive N classification might have a lower AC254562.3 expression (Figure 4I).
[image: Figure 4]FIGURE 4 | Nomogram and clinical correlation analysis. (A) Nomogram was constructed by combining the risk score and clinical features; (B–D) Calibration curves of the nomogram; (E) DCA curve of the nomogram; (F) Expression of model lncRNAs and risk score in different age groups; (G) Expression of model lncRNAs and risk score in different clinical stage groups; (H) Expression of model lncRNAs and risk score in different T classifications groups; (I) Expression of model lncRNAs and risk score in different N classifications groups.
Pathway Enrichment and Immune Infiltration Analysis
The underlying biological pathway and immune microenvironment difference might lead to prognosis difference between the high- and low-risk groups. Pathway enrichment analysis showed that in the high-risk group, the pathways of angiogenesis, TGF-β signaling, IL6-JAK-STAT3 signaling, protein secretion, androgen response, interferon-α response, and unfolded protein response were significantly enriched (Figure 5A). The GO and KEGG analysis showed that the terms of platelet degranulation (GO:0002576), platelet alpha granule (GO:0031091), and neuroactive ligand-receptor interaction (hsa04080) were significantly upregulated in high-risk patients (Figures 5B,C). Immune infiltration analysis indicated that the risk score was positively correlated with neutrophils, resting CD4+ memory T cells, and M2 macrophages, yet negatively correlated with follicular helper T cells, CD8+ T cells, and activated NK cells (Figure 6A). We further explored the differences in key immune checkpoints between the high- and low-risk patients, including PD-L1, PD-1, CTLA4, and PD-L2. The results showed that PD-1, CTLA4, and PD-L2 were significantly upregulated in the high-risk patients, but not in PD-L1 (Figures 6B–E).
[image: Figure 5]FIGURE 5 | Pathway enrichment analysis of our model. (A) GSEA analysis of the model based on the Hallmark gene set; (B) GO analysis of our model; (C) KEGG analysis of our model.
[image: Figure 6]FIGURE 6 | Immune infiltration analysis. (A) Immune infiltration analysis was performed using the CIBERSORT algorithm; (B–E) Expression of level of PD-L1, PD-1, CTLA4, and PD-L2 in the high- and low-risk groups.
Immunotherapy and Chemotherapy Sensitivity
Next, the genomic TMB, MSI, and mRNAsi differences were explored between the high- and low-risk patients. No significant differences were observed in TMB and MSI between high- and low-risk patients (Figures 7A,B). However, we found a higher mRNAsi in the high-risk patients (Figure 7C). Immunotherapy is an important therapy option for lung cancer. Therefore, we explored the immunotherapy response rate between high- and low-risk patients. According to the TIDE analysis, the TIDE score <0 was defined as responders (Figure 7D). Meanwhile, we found that the high-risk patients have a lower TIDE score and a higher proportion of responders (Figures 7E,F). Submap analysis showed that the high-risk patients might be more sensitive to both PD-1 and CTLA4 therapy (Figure 7G). Furthermore, we explored the chemotherapy sensitivity differences of common drugs in lung cancer between high- and low-risk patients. The results showed that the high-risk patients might be more sensitive to imatinib, yet resistant to erlotinib, gefitinib, and vinorelbine (Figure 7H).
[image: Figure 7]FIGURE 7 | Immunotherapy and drug sensitivity analysis. (A–C) TMB, MSI, and mRNAsi differences between high- and low-risk patients; (D) TIDE analysis was performed to evaluate the immunotherapy response of patients, among which TIDE >0 was defined as non-responders and <0 was defined as responders; (E) Difference of TIDE score between the high- and low-risk groups; (F) High-risk group had a higher percentage of immunotherapy responders; (G) Submap algorithm was performed to explore the specific immunotherapy options; (H) Chemosensitivity difference between the high- and low-risk patients.
DISCUSSION
Lung cancer is a common tumor all over the world (Brody, 2014). Along with the change of lifestyle, the morbidity of lung cancer increased gradually (Brody, 2014). Though surgery could lead to a good prognosis for the most lung cancer patients, however, for those advanced patients, the prognosis is still unsatisfactory.
In our study, we identified the m5C-related lncRNAs based on the TCGA data. Then, a prognosis model based on ERCID, AL021068.1, LINC01341, AC254562.3, and AP002360.1 was established, which had good prediction efficiency in both the training and validation cohorts. Univariate and multivariate analysis showed that the risk score is an independent prognosis factor. A nomogram plot was then constructed for a better clinical application. Pathway enrichment and immune infiltration analysis were performed to explore the underlying biological differences between high- and low-risk patients. Moreover, we found that the high-risk patients might be more sensitive to immunotherapy. Meanwhile, we also found a significant sensitivity difference of imatinib, erlotinib, gefitinib, and vinorelbine between the high- and low-risk patients.
Our study established a prognosis model consisting of five m5C-related lncRNAs, ERCID, AL021068.1, LINC01341, AC254562.3, and AP002360.1. In LUSC, prognosis models based on different molecules have been established. Pan et al. (2021b) revealed that the prognosis model based on NSUN3 and NUSN4 could indicate patient survival. However, the AUC of 3-year ROC curves was only 0.561 and 0.629 in the training and validation cohorts, respectively. Pan et al. (2021a) also explored the role of m5C-related lncRNAs in LUAD. They found that the expression level of 14 m5C-related lncRNAs can robustly predict patient prognosis. To the best of our knowledge, this is the first study focused on the role of m5C-related lncRNAs in LUSC. Our model can not only effectively predict the prognosis of LUSC patients but also indicate the immunotherapy sensibility of patients, which has the potential for clinical applications.
Epigenetic regulation plays an important role in the tumor progression process (Garcia-Martinez et al., 2021). Recently, m5C modifications have gradually attracted the attention of researchers. Wang et al. found that the PKM2 m5C modification regulated by the HIF-1α/ALYREF/PKM2 axis could facilitate bladder cancer progression through the glucose metabolism manner (Wang et al., 2021). Yang et al. (2021) revealed that the RNA methyltransferase NSUN6 could hamper pancreatic cancer development by regulating cell proliferation. Su et al. (2021) demonstrated that NSUN2-mediated m5C modification could facilitate esophageal squamous cell carcinoma development through LIN28B-dependent GRB2 mRNA stabilization. Moreover, Ma et al. (2022) established a database with a comprehensive collection and annotation of RNA 5-methylcytosine, named m5C-Atlas. The modification of m5C in diseases is gradually attracting attention. Our study identified the lncRNAs associated with m5C genes, which might be the underlying prognosis and therapeutic targets of LUSC.
Pathway enrichment analysis showed that the pathways of angiogenesis, TGF-β signaling, IL6-JAK-STAT3 signaling, protein secretion, androgen response, interferon-α response, and unfolded protein response were activated in high-risk patients. Angiogenesis is essential for tumor progression and distant metastasis (Viallard and Larrivée, 2017). The pro-angiogenic secreted by tumor cells contribute to the formation of a complex and immature vessel network, leading to a poor perfusion and a hypoxic microenvironment in cancer (Viallard and Larrivée, 2017). Also, in lung cancer, Wang et al. found that the circular RNA hsa_circ_0008305 (circPTK2) could hamper the TGF-β-induced epithelial–mesenchymal transition and metastasis by controlling TIF1γ in lung cancer (Wang et al., 2018). Shen et al. (2019) demonstrated that the inhibition of ATM could decrease the metastatic potential of cisplatin-resistant lung cancer cells through the JAK/STAT3/PD-L1 pathway. Meanwhile, lanatoside C could induce tumor proliferation and G2/M cell cycle arrest by attenuating the JAK/STAT signaling pathway (Reddy et al., 2019).
Immune infiltration analysis showed that the risk score was positively correlated with neutrophils, resting CD4+ memory T cells, and M2 macrophages, yet negatively correlated with follicular helper T cells, CD8+ T cells and activated NK cells. Faget et al. (2017) found that the neutrophils and snail could orchestrate the establishment of a pro-tumor microenvironment in lung cancer. Also, Ancey et al. (2021) found that the GLUT1 expressed in tumor-associated neutrophils could promote lung cancer growth and resistance to radiotherapy. M2 macrophages generally act as a cancer-promoting factor in solid tumors, including lung cancer (Locati et al., 2020). Activated NK cells and CD8+ T cells can kill cancer cells, which are important for cancer immunotherapy (Myers and Miller, 2021). Meanwhile, some novel therapy option based on these has achieved encouraging results (Lin et al., 2020). Immunotherapy and chemotherapy are two important therapy choices for lung cancer patients (Steven et al., 2016). Our results showed that the high-risk patients might be more sensitive to immunotherapy, imatinib, yet resistant to erlotinib, gefitinib, and vinorelbine, indicating our model has the underlying ability to guide clinical treatment.
Some limitations should be noticed. First, the population included in our study was predominantly Western populations. Given the underlying biological difference between different races, it would bring race bias to the application of our model in other populations. Second, some clinical features of patients are still hard to obtain. For example, the M classification of most patients is unknown, which was removed from our analysis. Therefore, if most clinical features can be downloaded, our conclusion might be more stable.
CONCLUSION
In all, our study comprehensively explored the role of m5C-related lncRNAs in LUSC. Our results indicated that the prognosis model based on ERICD, AL021068.1, LINC01341, AC254562.3, and AP002360.1 might be an effective tool that could robustly predict LUSC patient prognosis and immunotherapy sensibility, which had the potential for clinical guidance.
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Costimulatory molecules (CMGs) play essential roles in multiple cancers. However, lncRNAs regulating costimulatory molecules have not been fully explored in gastric cancer (GC). Public data of GC patients were obtained from The Cancer Genome Atlas database. R software v4.1.1, SPSS v13.0, and GraphPad Prism 8 were used to perform all the analyses. The Limma package was used for differential expression analysis. The survival package was used for patient prognosis analysis. The gene set enrichment analysis (GSEA), gene ontology (GO), and the Kyoto encyclopedia of genes and genomes (KEGG) analysis were used for pathway enrichment analysis. qRT-PCR was used to detect the RNA level of target lncRNA. CCK-8 and colony formation assay were used to assess the proliferation ability of GC cells. The transwell assay was used to evaluate the invasion and migration ability of GC cells. We first identified CMG-related lncRNAs (CMLs) through co-expression analysis. Then, an eight-CML-based signature was constructed to predict patient overall survival (OS), which showed satisfactory predictive efficiency (the training cohort: 1-year AUC = 0.764, 3-year AUC = 0.810, 5-year AUC = 0.840; the validation cohort: 1-year AUC = 0.661, 3-year AUC = 0.718, 5-year AUC = 0.822). The patients in the high-risk group tend to have a worse prognosis. GSEA showed that epithelial–mesenchymal transition, KRAS signaling, and angiogenesis were aberrantly activated in high-risk patients. GO and KEGG analyses indicated that the biological difference between high- and low-risk patients was mainly enriched in the extracellular matrix. Immune infiltration analysis showed that macrophages (M1 and M2), dendritic cells, monocytes, Tregs, and T regulatory cells were positively correlated with the risk scores, partly responsible for the worsening OS of high-risk patients. Finally, lncRNA AP000695.2 was selected for further experiments. The result showed that AP000695.2 was upregulated in GC cell lines and could facilitate the proliferation, invasion, and migration of GC cells. In summary, this study established an effective prognosis model based on eight CMLs, which would be helpful for further therapy options for cancer. Also, we found that AP000695.2 could promote GC cell malignant phenotype, making it an underlying therapy target in GC.
Keywords: costimulatory molecule, lncRNAs, AP000695.2, gastric, cancer
INTRODUCTION
Gastric cancer (GC) is the fourth most common malignant tumor globally, resulting in over 1.2 million new cases and 900,000 cancer-related deaths per year (Smyth et al., 2020). Epidemiological research results demonstrated that the incidence of GC in young people is gradually increasing, with the characteristics of high morbidity, metastasis, and mortality (Sitarz et al., 2018). Meanwhile, due to the lack of specific signs of early GC, most patients have already developed advanced GC with poor prognosis at their first diagnosis (Song et al., 2017). Recently, the combined application of chemotherapy and targeted therapy has significantly prolonged the overall survival of patients with advanced GC (Stewart et al., 2020). Since the GC has specific precancerous lesions, early screening and monitoring of patients with these lesions can significantly reduce the incidence and mortality of GC, especially in the countries with high incidence like Japan and South Korea (Wei et al., 2020). Some mechanisms of GC have been explored, leading to the application of primary and secondary prevention, including a healthy lifestyle and the eradication of Helicobacter pylori (Correa, 2013). Therefore, it is still urgent to explore early diagnosis markers to improve the early diagnosis rate and extend the survival time of GC patients.
Costimulatory molecules are cell surface molecules and their ligands that provide costimulatory signals for the complete activation of T cells or B cells (Podojil and Miller, 2009). T lymphocytes express CD28, and antigen-presenting cells express CD80 and B7-2 CD86 (Pasquini et al., 1997). A previous study has discovered the potential application of the cell costimulatory molecule OX40 and its homologous ligand OX40L in autoimmune diseases and cancer immunotherapy (Karimi et al., 2013). In addition, when combined with other therapy, including anti-PD-1, anti-CTLA-4 therapy, cytokines, chemotherapy, or radiotherapy, the antitumor activity of anti-OX40 treatment will be further enhanced (Wei et al., 2018). With the rapid development in cancer biology, many molecular targeted drugs have demonstrated significant antitumor activity in various tumors (Tamada and Chen, 2000). Immunotherapy, as a new type of anticancer therapy, is applied to identify and eliminate malignant tumors by using immune monitoring to inhibit the development of tumors (Mueller, 2000). The success of immune checkpoint inhibitors might depend on the deep understanding of immunosuppressive conditions in the human immune system (Schietinger and Greenberg, 2014). The naive T cells need two signals to be active. The first signal is the recognition of T cell receptors to a specific antigen, and the second is the unspecific costimulatory signal, which was essential for T cell attack (Bluestone, 1995). Costimulatory molecules are classified as B7-CD28 and TNF family members. Long noncoding RNA (lncRNA) can perform diverse biological functions with more than 200 nucleotides (Ferrè et al., 2016). Some studies have investigated the role of lncRNAs in regulating costimulatory molecules. For example, Zhao et al. (2019) revealed that lncRNA SNHG14 could regulate the PD-1/PD-L1 checkpoint through a positive feedback loop miR-5590-3p/ZEB1 axis, further promoting diffuse large B cell lymphoma progression and immune evasion. Also, Zhang et al. (2020) showed that lncRNA GATA3-AS1 could facilitate tumor progression and immune escape in triple-negative breast cancer through destabilization of GATA3 but stabilization of PD-L1. Therefore, there is a need for full-scale investigations of lncRNAs participating in regulating costimulatory molecules in GC.
Nowadays, the rapid development of bioinformatics technology brings great convenience for researchers. This study identified eight prognosis-related CMLs AC027117.2, AC016737.1, LINC01614, AC147067.2, AP000695.2, LINC01094, HAGLR, and AL365181.3, which might play an important role in GC. Based on these CMLs, an effective prognosis model was constructed to predict GC patient prognosis, which showed satisfactory prediction efficiency. Following this, we performed pathway enrichment and immune infiltration analysis to explore the biological difference between high- and low-risk patients. Finally, CML AP000695.2 was selected for further analysis for its correlation with T and N stages. In vitro experiments indicated that AP000695.2 was upregulated in GC cells and could promote GC progression.
MATERIALS AND METHODS
Data Acquisition and Preprocessing
The Cancer Genome Atlas database, (TCGA, https://portal.gdc.cancer.gov/), a project supervised by the National Cancer Institute and the National Human Genome Research Institute, aims to apply the high-throughput genome analysis technology and help people obtain a better understanding of cancer, thereby improving the abilities of cancer prevention, diagnosis, and treatment. In this study, the transcriptome data of GC patients (TCGA-STAD) and their clinical information were downloaded from the TCGA dataset, which involved 32 normal samples and 375 tumor samples. In addition, 59 costimulatory molecules (CMGs) were finally identified based on previous studies (Croft et al., 2013; Schildberg et al., 2016). The Homo_sapiens.GRCh38.gtf reference file was used for probe annotation. Based on the co-expression analysis, CMG-related lncRNAs (CMLs) were identified, meeting the Pearson correlation coefficient (|cor| > 0.30, p < 0.05) with the costimulatory molecules. The limma package in R software was applied to perform the differential expression analysis on GC samples compared with normal samples.
Construction and Validation of the Prognostic Costimulatory Molecule Risk-Scoring Model
In addition, to further establish and verify the CML-based prognosis prediction model, GC patients with complete follow-up information in TCGA-STAD are randomly divided into training and validation cohorts. Next, the survival package in R software was applied in univariate Cox regression to identify prognosis-related CMLs. The Lasso regression analysis was used to reduce the influence of collinearity. We finally constructed the CMG-based prognostic prediction model by performing multivariate Cox regression. The risk score of each patient was calculated with the formula of “Risk score = CoefA * GeneA + CoefB * GeneB + … + CoefN * GeneN”. The Kaplan–Meier survival analysis and receiver operating characteristic (ROC) curves were used to evaluate the stability of the prognostic model. The area under the ROC curve (AUC) value > 0.65 was considered to have a good predictive value, and > 0.8 was regarded to have an excellent predictive value.
Clinical Correlation and Pathway Enrichment
The clinical data of GC patients, including age, gender, tumor grade, and pathological stage, were downloaded from the TCGA database. Then, the relationship between prognosis-related lncRNAs, risk score, and clinical characteristics was evaluated by a box plot. We also performed univariate and multivariate Cox regression analyses to explore whether the prognostic model is independent of other traditional clinical features. In addition, the nomogram, which involved the clinical features and risk scores, was constructed based on TCGA-STAD cohorts. The calibration plot was drawn to evaluate the predicted probability and fitness of the nomogram. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed by ClusterProfiler packages in R software to explore the underlying biological difference between high- and low-risk patients (Yu et al., 2012). Gene set enrichment analysis (GSEA) was used to explore the correlation between risk scores and cancer pathways and the reference gene set was the “Hallmark” (Subramanian et al., 2005).
The Immune Infiltration Analysis
The CIBERSORT algorithm was applied to analyze the RNA-seq data of GC patients to evaluate the relative proportions of 22 immune infiltrating cells in low- and high-risk groups (Chen et al., 2018). The Spearman correlation analysis was performed on gene expression and immune cell distribution, and p < 0.05 was considered statistically different. ESTIMATE in R software was used to estimate the proportion of the cells in the tumor microenvironment, shown in ImmuneScore, StromalScore, and EstimateScore forms.
Immunotherapy and Drug Sensitivity Analyses
Tumor Immune Dysfunction and Exclusion (TIDE) analysis was performed to explore the underlying response rate difference of GC patients on immunotherapy (Jiang et al., 2018). The drug sensitivity analysis was conducted based on the Genomics of Drug Sensitivity in Cancer (GDSC) database (Yang et al., 2013).
Cell Lines and Quantitative Real-Time PCR
Human normal gastric mucosal cells (GES-1) and gastric cancer cells (MGC-803, BGC-823, AGS, HGC-27) were laboratory stock. Total RNA was extracted using a RNA simple total RNA kit (Invitrogen). The SYBR Green PCR system was used to perform Quantitative Real-Time PCR (qRT-PCR). The shRNA sequences targeting for the human ENSG00000233818 (AP000695.2) longest transcript were designed with Invitrogen online design software (BLOCK-iTTM RNAi Designer). The primers used were as follows: AP000695.2, forward primer: 5′-ACC​CAG​CCA​ACT​TGT​CAT​GT-3′, reverse primer: 5′-ACA​TCT​TCC​TGC​ACT​GCC​AA-3′, GAPDH: 5′-GGA​GCG​AGA​TCC​CTC​CAA​AAT-3′, reverse primer: 5′-GGC​TGT​TGT​CAT​ACT​TCT​CAT​GG-3′.
Cell Transfection
Cell transfection was performed using Lipofectamine 2000 following the standard process (AGS and HGC-27 cells). The shRNA primers used were as follows:
Cell Proliferation Assay
CCK-8 and colony formation assays were used to evaluate the proliferation ability of GC cells. Briefly, for the CCK-8 assay, cells were seeded into a 96-well plate and added with the CCK-8 reagent according to the manufacturer’s instructions. At the set time (0, 24, 48, and 72 h), cell proliferation ability was detected by measuring the absorbance at 460 nm. For the colony formation assay, cells were seeded into a six-plates well with 800 cells per well. Then, the cells were cultured routinely for 14 days (the medium was replaced every 4 days). Finally, cell clones were fixed and stained with crystal violet.
Transwell Assay
Transwell assay was performed to assess the invasion and migration ability of GC cells using 24-well transwell chambers. Briefly, cells with the serum-free medium were added into the upper chambers with or without Matrigel. Lower chambers were added with a medium (600 μl) containing 10% serum. After 24 h, cells were fixed and stained.
Data Analysis
All the analyses were performed in R software v4.1.1, SPSS v13.0, and GraphPad Prism 8. The p-value was two-sided and < 0.05 was regarded as statistically significant. Student’s t-test was used to compare the difference between the two groups. The workflow is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Flowchart of the whole study.
RESULTS
Identification of CMG-Related lncRNAs and Differential Expression Analysis
The workflow of the whole study is shown in Figure 1. We first performed the co-expression analysis to identify CMLs with the Pearson correlation coefficient of |cor| > 0.3 and p < 0.05 with CMGs (Figure 2A). Based on these CMLs, we performed a differentially expressed analysis between normal and GC tissues. A total of 279 and 224 differentially expressed lncRNAs were identified from all GC samples and paired GC samples compared with normal samples, respectively (Figures 2B,C). As is shown in Figure 2D, 205 CMLs were differentially expressed in GC samples and paired GC samples compared with normal samples, which were selected for further analysis.
[image: Figure 2]FIGURE 2 | Identification of costimulatory molecule–related lncRNAs. (A): Overview of CMGs in the TCGA cohort; Co-expression analysis was performed to identify costimulatory molecule–related lncRNAs with the Pearson correlation coefficient of |cor| > 0.3 and p < 0.05 with CMGs; (B): Differential CML analysis between all normal and GC tissues; (C): Differential CML analysis between paired normal and GC tissues; (D): Venn diagrams showed that 205 CMLs were differentially expressed in GC samples and paired GC samples compared with normal samples.
Construction and Validation of the CMGs-Related lncRNAs Based Prognostic Model
A total of 47 prognosis-related CMLs were identified by using the univariate cox regression analysis for their significant association with the overall survival (OS) of GC patients (Table 1). Furthermore, we performed the LASSO Cox regression analysis based on the aforementioned prognostic-related genes, and the optimal model was constructed with the least parameters when the lambda was minimum (Figures 3A,B). Finally, eight CMLs AC027117.2, AC016737.1, LINC01614, AC147067.2, AP000695.2, LINC01094, HAGLR, and AL365181.3 were identified to construct a prognostic model through multivariate Cox regression (Figure 3C). Each patient was assigned a risk score with the formula of “Risk score = 0.037 * AC027117.2 + 0.198 * AC016737.1 + 0.077 * LINC01614 + 0.303 * AC147067.2 + 0.221 * AP000695.2 + 0.292 * LINC01094 + 0.111 * HAGLR + −0.048 * AL365181.3”. The patients were then randomly divided into training and validation cohorts at the ratio of 1:1. According to the median cutoff, patients were divided into low-risk and high risk groups. The result revealed that GC patients in the high-risk group had a higher overall mortality rate than the low-risk group (Figures 3D,E). Meanwhile, the Kaplan–Meier survival analysis demonstrated that patients in the low-risk group had a longer survival time compared with the high-risk group in the training cohort (Figure 3F). The ROC curve showed that our model had a satisfactory prediction efficiency (Figure 3G; 1-year AUC = 0.764, 3-year AUC = 0.810, 5-year AUC = 0.840). Similar conclusions were also observed in the validation cohort (Figures 2H,I; 1-year AUC = 0.661, 3-year AUC = 0.718, 5-year AUC = 0.822).
TABLE 1 | Prognosis-related CMLs identified by the univariate Cox regression analysis.
[image: Table 1][image: Figure 3]FIGURE 3 | Construction and validation of the CML-based prognosis model. (A,B): Lasso regression analysis was performed to conduct dimension reduction; (C): Multivariate Cox regression analysis was performed to construct a prognostic model with p < 0.05 and the model genes include AC027117.2, AC016737.1, LINC01614, AC147067.2, AP000695.2, LINC01094, HA,GLR and AL365181.3; (D): Riskplot of patients in the training cohort; (E): Riskplot of patients in the validation cohort; (F,G): Kaplan–Meier survival and ROC curves in the training cohort; (H,I): Kaplan–Meier survival and ROC curves in the validation cohort.
Association of Eight Prognosis-Related CMG-Related lncRNAs With the Clinicopathological Features
Next, we evaluated the correlation between eight prognosis-related CMLs and the clinicopathological features (gender, grade, stage, and the TNM stage). As shown in Figure 4, the percentage of risk scores in grade III patients is higher than that of grade I–II patients. In addition, GC patients with higher risk scores are more inclined to be accompanied by higher M and N stages (p < 0.05). However, the risk score is demonstrated to have no significant differences in gender and T stage (p > 0.05). Further analysis showed that some prognosis-related CMLs were associated with the clinicopathological features. All eight CMLs were associated with tumor grade. AP000695.2 had a higher expression pattern in worse T and M stage patients. HAGLR was associated with patient clinical and N stages.
[image: Figure 4]FIGURE 4 | Clinical correlation of risk score and CMLs. (A): Level of risk score and model CMLs in different gender patients; (B): Level of risk score and model CMLs in different grade patients; (C): Level of risk score and model CMLs in different stage patients; (D): Level of risk score and model CMLs in different T stage patients; (E): Level of risk score and model CMLs in different N stage patients; (F): Level of risk score and model CMLs in different M stage patients.
Construction of Prognostic Nomogram and the Independent Prognostic Analysis
We then performed univariate and multivariate analyses to explore whether the association between risk score and patient prognosis is independent of clinical features. The result showed that the risk score exerts its role independently on other clinical features (Figures 5A,B). Next, a nomogram was constructed based on the clinical features and our model to better predict patient prognoses (Figure 5C). In addition, the calibration plots for the survival rate at 1, 3, and 5 years demonstrate good agreements between the nomogram predictions and actual observations (Figure 5D).
[image: Figure 5]FIGURE 5 | Nomogram and calibration plots. (A,B): Univariate (A) and multivariate (B) analyses were performed to explore whether the association between risk core and patients prognosis is independent of clinical features; (C): Nomogram was constructed based on the risk score and clinical features; (D): calibration plot of 1-, 3-, and 5-year survival of nomogram predicted survival.
Pathway Enrichment Analysis
GSEA was performed to explore the biological functions of prognosis-related CMGs. The results showed that the high-risk group was significantly associated with epithelial–mesenchymal transition (EMT), inflammatory response, KRAS signaling, myogenesis, coagulation, pancreas beta cells, and angiogenesis (Figure 6A). The GO enrichment analysis showed that the biological process (BP) was mostly enriched in extracellular structure, extracellular matrix, ossification, platelet degranulation, and collagen fibril organization (Figure 6B). In cellular component (CC), the most enrichment pathway includes collagen-containing extracellular matrix, endoplasmic reticulum lumen, secretory granule lumen, vesicle lumen, and collagen trimer. The most enriched terms in molecular function (MF) include signaling receptor activator activity, receptor–ligand activity, extracellular matrix structural constituent, and glycosaminoglycan binding. The KEGG enrichment analysis was mainly enriched in neuroactive ligand–receptor interaction, focal adhesion, ECM–receptor interaction, protein digestion, absorption, and complement and coagulation cascades.
[image: Figure 6]FIGURE 6 | Pathway enrichment analysis of risk score. (A): GSEA was performed based on the Hallmark gene set; (B): GO and KEGG analyses were performed to explore the biological difference between high- and low-risk patients.
The Risk Score Affect the Immune Microenvironment As Well As the Sensibility of Immunotherapy and Chemotherapy in Gastric Cancer
Here, the CIBERSORT algorithm was applied to evaluate the composition of 22 immune cell types in the high- and low-risk groups. The correlation analysis of these 22 kinds of immune cells and risk score is shown in Figure 7A. The results revealed that macrophages (M1, M2), dendritic cells, monocytes, Tregs, and T regulatory cells were positively correlated with the risk scores. In contrast, the macrophages (M0), B memory cells, dendritic activated cells, CD4+ T cells, and NK cells were negatively correlated with the risk score (Figure 7B). Immuno score, stromal score, and estimate score were then calculated using the estimate package in R software. The results demonstrated that the stromal scores, immune score, and estimate score were positively correlated with the risk scores (Figures 7C,D). We next explored the underlying difference in the sensibility of immunotherapy and chemotherapy between high and low-risk patients. TIDE analysis was performed to assess the immunotherapy response rate of GC patients, in which the TIDE score < 0 was defined as responders and > 0 was defined as non-responders (Figure 8A). Meanwhile, we found that the GC patients in the low-risk group might have a lower TIDE score and a higher percentage of immunotherapy responders (Figures 8B,C). Moreover, we investigated the sensitivity difference in docetaxel, etoposide, gemcitabine, and lapatinib between high- and low-risk patients. The result showed that high-risk patients might be more sensitive to docetaxel (Figure 8D).
[image: Figure 7]FIGURE 7 | Immune infiltration analysis. (A): CIBERSORT algorithm was used to evaluate the relative proportions of 22 immune infiltrating cells in low- and high-risk groups; (B–D): Correlation between risk score and immune score, stromal score, and estimate score.
[image: Figure 8]FIGURE 8 | Risk score is associated with the sensibility of immunotherapy and chemotherapy. (A): According to the TIDE analysis, the patients with the TIDE score < 0 were defined as responders, with the TIDE score > 0 were defined as nonresponders; (B): Patients in a low-risk group might have a lower TIDE score than those in a high-risk group; (C): Patients in a low-risk group might have a higher percentage of immunotherapy responders than those in a high-risk group; (D): GDSC analysis was performed to evaluate the sensibility differences in docetaxel, etoposide, gemcitabine, and lapatinib.
AP000695.2 was Upregulated in Gastric Cancer and Promotes Cell Proliferation, Invasion, and Migration
Clinical correlation showed that AP000695.2 was associated with patients’ T and M stages, indicating that it could affect the biological function of GC. Therefore, lncRNA AP000695.2 was selected for further experiments. qRT-PCR showed that AP000695.2 was upregulated in GC cells compared with normal gastric mucosal cells (Figure 9A). AGS and HGC-27 were selected for AP000695.2 knockdown for their higher AP000695.2 expression. The result showed that shRNA#2 had the best knockdown efficiency, which was chosen for further experiments (Figures 9B,C). CCK-8 and colony formation assays indicated that the knockdown of AP000695.2 could significantly hamper the proliferation ability of GC cells (Figures 9D,E). Moreover, the transwell assay showed that the inhibition of AP000695.2 remarkably reduces the invasion and migration ability of GC cells (Figure 8F). The underlying biological mechanism of AP000695.2 in GC has also been explored (Supplementary Figure S1). The result showed that the pathway of epithelial–mesenchymal transition (EMT), interferon gamma response, TNF-α signaling via NKFB, inflammatory response, angiogenesis, and IL6/JAK/STAT3 signaling were significantly activated in the high AP000695.2 patients, indicating that AP000695.2 might exert its role through these pathways.
[image: Figure 9]FIGURE 9 | AP000695.2 was selected for further in vitro experiments. (A): AP000695.2 was upregulated in GC cells; (B,C): qRT-PCR result showed an satisfactory knockdown efficiency; (D,E): CCK-8 and colony formation assays showed that the knockdown of AC000695.2 significantly inhibited GC cell proliferation; (F): Transwell assay showed that the knockdown of AC000695.2 significantly inhibited GC cell invasion and migration.
DISCUSSION
GC is the second leading cause of cancer-related deaths and the fourth most common cancer globally, which is of strong proliferation, metastasis, and invasion capabilities (Thrift and El-Serag, 2020). In this study, using the comprehensive bioinformatics analysis, we identified eight prognosis-related CMLs related to the progression and prognosis of OS. Meanwhile, our result showed that AP000695.2 could promote GC cell proliferation, invasion, and migration.
Immune checkpoints can induce long-lasting responses in many types of cancer, which encouraged oncologists to explore the potential treatments for the tumor with strong proliferation, metastasis, and invasion (Ross et al., 2009). However, currently, the significant response to immunotherapy is limited to a small number of patients, which highlights the need for more effective and new methods (Kroczek and Hamelmann, 2005). Many preclinical and clinical studies have been exploring the therapeutic potential of negative and positive costimulatory molecules in recent years. An in-depth understanding of the biological effects and molecular mechanisms on costimulatory molecules will undoubtedly help us understand the mechanism of cancer treatments targeting these molecules (Fu et al., 2020). By exploring CMLs in the TCGA-STAD cohort, we performed the differential expression analysis to obtain differentially expressed CMLs. Furthermore, we performed the LASSO Cox regression analysis, and univariate and multivariate Cox regression analyses to screen the prognostic-related CMLs. Considering the high heterogeneity of predictive prognosis with single genes, we constructed a prognostic prediction model with 8 CMLs, including AC027117.2, AC016737.1, LINC01614, AC147067.2, AP000695.2, LINC01094, HAGLR, and AL365181.3, which showed satisfactory predictive performance in the training group Moreover, univariate and multivariate analyses showed that eight CMLs-based risk scores are significantly associated with prognosis, independent with other clinical features. Taken together, these results proved the reliability and usefulness of the eight-CML-based prognostic prediction model. Meanwhile, we also explored the role of AP000695.2 in GC through in vitro experiments, and the result showed that AP000695.2 could promote the proliferation, invasion, and migration ability of GC cells.
Previous studies have identified specific signatures associated with patients’ prognoses in GC. For instance, Jiang et al. (2021) found that the eight ferroptosis-related molecules signature consisting TCFBR1, MYB, NFE2L2, ZFP36, TF, SLC1A5, NF2, and NOX4 could effectively indicate patients’ prognoses. The 1-, 3-, and 5-years AUC values were 0.654, 0.657, and 0.733 and 0.648, 0.623, and 0.629 in training and validation cohorts, respectively. Zhao et al. (2021) established a prognosis model based on 16 necroptosis-related lncRNAs, in which the 1-,2-, and 3-years AUC values were 0.754, 0.824, and 0.819 and 0.709, 0.701, and 0.713 in training and validation cohorts, respectively. In our study, we established a prognosis model consisting of eight prognosis-related CMLs AC027117.2, AC016737.1, LINC01614, AC147067.2, AP000695.2, LINC01094, HAGLR, and AL365181.3, which showed great prediction ability (the training cohort, 1-year AUC = 0.764, 3-year AUC = 0.810, 5-year AUC = 0.840; the validation cohort, 1-year AUC = 0.661, 3-year AUC = 0.718, 5-year AUC = 0.822). Meanwhile, we found that the low-risk patients might be more sensitive to immunotherapy, while high-risk patients might be more sensitive to docetaxel. This indicated that our model has the potential to guide the therapy option for GC patients.
Next, we try to explain the worse prognosis of high-risk patients in the biological mechanism. GSEA showed that EMT, KRAS signaling, and angiogenesis were aberrantly activated in high-risk patients. EMT is a process in which epithelial cells transdifferentiate to motile mesenchymal cells, which is essential for tumor cell movement and metastasis (Galluzzi et al., 2020). Li et al. (2019a) showed that tumor-associated neutrophils could induce EMT by IL-17a to facilitate migration and invasion in gastric cancer cells. Yue et al. (2019) indicated that ZMYM1 could bind to and mediate the repression of E-cadherin promoter by recruiting the CtBP/LSD1/CoREST complex, further promoting the EMT program and gastric metastasis. Moreover, Yang et al. (2013) revealed that the disorder of KRAS signaling and abnormal chromatin remodeling would lead to a poor prognosis and circulating tumor cell resistance to gastric cancer (Chen et al., 2021). Blood vessels in the tumor microenvironment are a key target for cancer therapeutic management (Viallard and Larrivée, 2017). Generally, angiogenesis plays an important role in tumor growth and metastasis. Unterleuthner et al. (2020) indicated that WNT2, derived from cancer-associated fibroblast, could increase tumor angiogenesis of colon cancer by upregulating ANG-2, IL-6, G-CSF, and PGF molecules, further resulting in the increased invasion and metastasis.
We further discovered that M2 macrophages, dendritic cells, monocytes, Tregs, and T regulatory cells were involved in the high-risk group, compared with the low-risk group. M2 macrophages have been reported to facilitate tumor progression in multiple cancers (Mantovani et al., 2002). Cao et al. (2019) showed that lncRNA MM2P could induce M2 macrophage polarization in a STAT6 phosphorylation-depend way, further promoting tumorigenesis, tumor growth, and angiogenesis. In gastric cancer, Li et al. (2019b) revealed that gastric cancer–derived mesenchymal stromal cells trigger M2 macrophage polarization that facilitates metastasis and EMT. Studies have shown that low levels of endogenous IL23 produced by tumor-associated macrophages, dendritic cells, or tumor cells may promote inflammation, which is conducive to the occurrence and progression of early tumors (Neurath, 2019). In addition, our analysis found that high immune scores are associated with low OS, which indicates that favorable factors such as certain cytokines, chemokines, and immune cell subunits play an essential role in tumor immunity.
In summary, this study evaluated the role of CMLs in GC and constructed a CML-based prognostic predictive model, which showed satisfactory prediction efficiency. Univariate and multivariate independent prognostic analyses showed that eight CML-based risk scores are significantly and independently associated with prognosis. Meanwhile, some oncogenic signaling pathways were abnormally activated in high-risk patients, including EMT, KRAS signaling, and angiogenesis. Moreover, we also found a significant difference in the immune microenvironment between high- and low-risk patients. Finally, lncRNA AP000659.2 was selected for further experiments. In vitro results showed that AP000695.2 promotes GC proliferation, invasion, and migration.
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Immune checkpoint blockade (ICB) has become a promising therapy for multiple cancers. However, only a small proportion of patients display a limited antitumor response. The present study aimed to classify distinct immune subtypes and investigate the tumor microenvironment (TME) of urothelial carcinoma, which may help to understand treatment failure and improve the immunotherapy response. RNA-seq data and clinical parameters were obtained from TCGA-BLCA, E-MTAB-4321, and IMVigor210 datasets. A consensus cluster method was used to distinguish different immune subtypes of patients. Infiltrating immune cells, TME signatures, immune checkpoints, and immunogenic cell death modulators were evaluated in distinct immune subtypes. Dimension reduction analysis was performed to visualize the immune status of urothelial carcinoma based on graph learning. Weighted gene co-expression network analysis (WGCNA) was performed to obtain hub genes to predict responses after immunotherapy. Patients with urothelial carcinoma were classified into four distinct immune subtypes (C1, C2, C3 and C4) with various types of molecular expression, immune cell infiltration, and clinical characteristics. Patients with the C3 immune subtype displayed abundant immune cell infiltrations in the tumor microenvironment and were typically identified as “hot” tumor phenotypes, whereas those with the C4 immune subtype with few immune cell infiltrations were identified as “cold” tumor phenotypes. The immune-related and metastasis-related signaling pathways were enriched in the C3 subtype compared to the C4 subtype. In addition, tumor mutation burden, inhibitory immune checkpoints, and immunogenic cell death modulators were highly expressed in the C3 subtype. Furthermore, patients with the C4 subtype had a better probability of overall survival than patients with the C3 subtype in TCGA-BLCA and E-MTAB-4321 cohorts. Patients with the C1 subtype had the best prognosis when undergoing anti-PD-L1 antibody treatment. Finally, the immune landscape of urothelial carcinoma showed the immune status in each patient, and TGFB3 was identified as a potential biomarker for the prediction of immunotherapy resistance after anti-PD-L1 monoclonal antibody treatment. The present study provided a bioinformatics basis for understanding the immune landscape of the tumor microenvironment of urothelial carcinoma.
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Introduction

Urothelial carcinoma (UC) is the main pathological lesion of bladder cancer, which is the second most common urological malignancy in the United States, contributing to 83,730 estimated new cases and 17,200 estimated deaths in 2021 (1). Nonmuscle-invasive bladder cancer (NMIBC) is the predominant UC, and transurethral resection of the bladder tumor with intravesical bacillus calmette–guérin (BCG) vaccine treatment is the standard therapy for patients with NMIBC. For muscle-invasive bladder cancer (MIBC), the combination of radical cystectomy and neoadjuvant chemotherapy has become the standard therapy for MIBC (2). While metastasis and relapse occur, cisplatin-based chemotherapy is the first-line treatment for UC, and immune checkpoint inhibitors (ICIs) are recommended when chemotherapy or BCG fails or is intolerant. Nevertheless, the less than 30% objective response rate (ORR) of immune checkpoint inhibitors leads to limited clinical benefit (3, 4). Therefore, a thorough understanding of the tumor microenvironment (TME) of urothelial carcinoma is required to promote the antitumor response of urothelial carcinoma.

The response to ICI is thought to be based on a preexisting antitumor response, which is limited by adaptive immune resistance involving CD8+ T cells, CD4+, and B cells. The immune landscape of the tumor microenvironment of urothelial carcinoma, including the infiltration level of immune cells, cytokine secretion, and PD-L1 expression, is associated with the ICI-treated response of patients with UC and other cancers (5). Although the tumor microenvironment is classified into three phenotypes (immune-excluded, immune-desert, and immune-inflamed phenotypes) (6), understanding the sensitivity and resistance to ICI as well as elucidating the detailed landscape of the tumor microenvironment are required for comprehending the distinct clinical outcomes of immunotherapy. The immune-inflamed phenotype, also known as a “hot” tumor, is characterized by immune cell infiltration and potential response to immunotherapy (7). Nevertheless, not all patients with a “hot” tumor phenotype based on this classification have a complete response to ICI. Therefore, exploring novel classifications and the mechanisms of cell populations or signaling interactions may provide preferential targets to overcome this resistance.

The purpose of the present study was to characterize the immune landscape of urothelial carcinoma. Regarding the expression profile of immune-related genes, we distinguished four immune subtypes and seven coexpression modules of urothelial carcinoma. Each immune subtype corresponded to different molecular expression levels, immune cell infiltration, and clinical characteristics. Ultimately, the immune landscape of urothelial carcinoma was characterized by the immune status of each patient. Our findings provide an early exploration and bioinformatics basis for understanding the immune landscape of the tumor microenvironment of urothelial carcinoma, providing new knowledge of the ICI-related antitumor response to immunotherapy.



Methods


Expression profiling and data preprocessing

TCGA-BLCA FPKM gene expression data and corresponding clinical information of 408 patients with bladder urothelial carcinoma from UCSC Xena (training cohort, https://xenabrowser.net/datapages), the FPKM gene expression data of 476 patients with nonmuscular invasive bladder urothelial carcinoma from E-MTAB-4321 (8) (validation cohort 1, https://www.ebi.ac.uk/arrayexpress/experiments/E-MTAB-4321), and the gene expression data of 348 patients with metastatic urothelial carcinoma (mUC) from IMVigor210 (validation cohort 2, http://research-pub.gene.com/IMvigor210CoreBiologies) were collected (9). In total, 1793 immune-related genes from the ImmPort database (https://www.immport.org/shared/genelists), including cytokines, cytokine receptors, chemokines, chemokine receptors, TCR signaling pathway, BCR signaling pathway, antigen presentation, natural killer cell cytotoxicity, TGFβ family members, TGFβ receptors, TNF family members, TNF receptors, interferons, interferon receptors, interleukins and interleukin receptors, were obtained.

The transcriptional sequence gene expression data from TCGA-BLCA, E-MTAB-4321, and IMVigor210 were transformed into transcripts per million (TPM) for subsequent analysis. The data of nontransitional cell carcinoma samples from TCGA-BLCA were filtered out. The org.Hs.eg.db package in R was used to map gene names and annotate them into gene symbols. Duplicated tumor samples and patients with missing clinical information were eliminated. Finally, 405 patients with 1725 immune-related genes from TCGA-BLCA, 476 samples with 1320 immune-related genes from E-MTAB-4321, and 348 samples with 1350 immune-related genes from IMVigor210 were obtained. The gene expression data were transformed using log2(TPM+1).



Classification and validation of immune subtypes

After preprocessing the data of immune-related genes, the partitioning around medoids (PAM) clustering algorithm with 1000 bootstraps and the 1-Pearson correlation as a distance metric for clustering were performed using “ConsensusClusterPlus” R package, each containing 80% of patients in the training cohort. Patients were clustered from rank 2 to 9, and the optimal k value was selected by consensus matrix, consensus CDF and delta area. The classification of immune subtypes was subsequently validated in two independent cohorts (E-MTAB-4321 and IMVigor210) with the same parameters. According to sex, race, and tumor stage, the frequency of immune subtypes was calculated. The overlap between the immune subtypes we generated and immune subtypes from the previous report by Thorsson was obtained (10).



Status of tumor mutation burden in each immune subtype

The somatic mutation “maf” file of TCGA-BLCA was downloaded from UCSC Xena (https://xenabrowser.net/) (11). The tumor mutation burden (TMB) in bladder urothelial carcinoma was analyzed by the Maftools package in R. The landscape of TMB was obtained, and the total TMB per megabyte was compared according to distinct immune subtypes.



Distributions of tumor-infiltrating immune cells and tumor microenvironment signatures of immune subtypes

Regarding the four immune subtypes, the relationships of tumor-infiltrating immune cells, molecular signatures, immune checkpoints (ICPs), and immunogenic cell death (ICD) modulators were assessed. The scores of 29 types of tumor-infiltrating immune cells and 29 tumor microenvironment signatures in bladder urothelial carcinoma were calculated by the ssGSEA method (12). Consistent with a previous publication (13), activated CD4+ T cells, activated CD8+ T cells, central memory CD4+ T cells, central memory CD8+ T cells, effector memory CD4+ T cells, effector memory CD8+ T cells, type 1 T helper cells, type 17 T helper cells, activated dendritic cells, CD56bright natural killer cells, natural killer cells, and natural killer T cells were defined as “antitumor immunity”. Regulatory T cells, type 2 T helper cells, CD56dim natural killer cells, immature dendritic cells, macrophages, MDSCs, neutrophils, and plasmacytoid dendritic cells were considered as “protumor suppression”. The correlation between antitumor immunity and protumor suppression was analyzed using the Pearson correlation method

To furtherly validate the enrichment pattern of immune cells in each immune subtype, we chose multiple algorithms to calculate the scores of immune cells. Data were downloaded from Timer2.0, including the estimation results from TIMER, CIBERSORT, quanTIseq, xCell, MCP-counter and EPIC methods (14).



Gene Set Enrichment Analysis

In TCGA-BLCA database, GSEA was then performed to detect the gene sets that were enriched in the gene rank between the C3 and C4 immune subtypes to identify potential Kyoto Encyclopedia of Genes and Genomes (KEGG) signaling pathways of urothelial carcinoma. The c2.cp.kegg.v7.5.symbols.gmt annotation file in the Molecular Signatures Database (MSigDB) was selected in GSEA version 4.1.0. The following parameters were set: 1000 permutations; the collapse/remap to gene symbols was “No_collapse”; and the permutation type was “phenotype”. GSEA was run, and the cutoff criteria were as follows: |normalized enrichment scores (NES)| > 1.0 and nominal p < 0.05. Immunity-related gene sets with significant enrichment are displayed as enrichment plots.



Weighted Correlation Network Analysis

The immune-related gene expression profile of TCGA-BLCA was performed by the WGCNA package in R to identify the gene coexpression modules (15). The relationship between gene coexpression modules and clinical features was calculated by the eigengene module. The clinical features included the status and time of overall survival (OS). The OS-associated modules were functionally annotated, and Gene Ontology (GO) and KEGG pathway enrichment analyses were performed using the clusterProfiler (16) and DOSE packages (17) in R. The hub genes in modules of interest were identified by gene connectivity.



Prediction of immunotherapy response according to hub genes

The hub genes obtained from modules of interest were furtherly evaluated in the IMVigor210 cohort, in which mUC patients have undergone anti-PD-L1 monoclonal antibody. Kaplan-Meier plot was performed to evaluate the prognostic value of hub genes. The expression levels of hub genes between the response group and the non-response group were analyzed. The “anova” method was used to calculate the p-value for statistical analysis.



Characterization of the immune landscape

The Monocle package in R was used to perform dimensionality reduction analysis based on graph learning (18). Dimension reduction was initialized with a tobit distribution and the discriminative dimensionality reduction with trees (DDRTree) algorithm. The maximum number of principal components was selected as two, and the normalized method was set by log. Finally, the trajectory analysis of the Monocle package was utilized to display the distribution of patients with multiple colors corresponding to the classification and status of immune subtypes.




Results


Identification of immune subtypes in urothelial carcinoma

The antitumor immune response is heterogeneous in distinct immune subtypes of bladder urothelial carcinoma responding to immune checkpoint inhibitors. In the present study, consensus clustering analysis was performed, and k=4 was selected to cluster patients with bladder urothelial carcinoma into four stable clusters according to consensus CDF and delta area (Figure 1A-C). We designated these four immune subtypes as C1, C2, C3, and C4. The immune subtype distribution was significantly correlated with sex, race, and tumor stage (Figure 1D and Supplementary materials 1). C3 and C4 subtypes were associated with better overall survival, whereas the C1 subtype was associated with the worst overall survival in TCGA-BLCA cohort (Figure 1E). Furthermore, the immune subtypes were also associated with overall survival in the E-MTAB-4321 and IMVigor210 cohorts, which was inconsistent with the results from the TCGA-BLCA cohort. In early-stage nonmuscular invasive bladder urothelial carcinoma, the C2 and C3 subtypes were associated with poorer progression-free survival, whereas the C1 and C4 subtypes were associated with better progression-free survival (Figure 1F). In the IMVigor210 cohort, patients with metastatic urothelial carcinoma received anti-PD-L1 immunotherapy, and the C1 subtype was associated with better overall survival of patients (Figure 1G).




Figure 1 | Robust classification of distinct immune subtypes of bladder urothelial carcinoma. (A) Consensus clustering analysis of bladder urothelial carcinoma patients. (B) Cumulative distribution function (CDF) curve of the training cohort. (C) CDF delta area curve of the training cohort. (D) Distribution of immune subtypes according to sex, race, and tumor stage. (E) Kaplan plot of overall survival in TCGA-BLCA cohort. (F) Kaplan plot of progression-free survival in the E-MTAB-4321 cohort. (G) Kaplan plot of overall survival in the IMVigor210 cohort. (H) The overlap between our four immune subtypes and Thorsson’s six subtypes.



To validate the reliability of these immune subtypes for bladder urothelial carcinoma, we investigated the overlap between the four immune subtypes we generated and six pancancer subtypes that have been previously reported (C1-C6), of which patients with bladder urothelial carcinoma were clustered into five pancancer subtypes (C1-4 and C6). We observed that the lymphocyte-depleted immune subtype (C4) in Thorsson’s publication mostly overlapped with the C4 subtype in the present study, whereas the IFN-γ immune subtype (C2) in Thorsson’s publication overlapped with the C3 subtype in the present study, which correlated with better overall survival (Figure 1H). The inflammatory immune subtype (C3) in Thorsson’s publication was more enriched in the C2 subtype of the present study (Figure 1H). These findings indicated that the robust classification of immune subtypes could be utilized for predicting survival possibilities in different urothelial carcinoma cohorts.



Tumor mutational burden in different immune subtypes

Tumor mutational burden (TMB) is considered a predictive biomarker for immunotherapeutic efficacy (19, 20). We used the mutect2-processed mutation dataset of TGCA-BLCA cohort to calculate the TMB and compared it to each subtype. The C4 subtype had the lowest TMB in comparison with the other immune subtypes (Figure 2A). The mutation status of the top 10 immune genes with genomic alterations was identified in the four different immune subtypes of bladder urothelial carcinoma, indicating the distribution of the tumor neoantigens in four different immune subtypes of bladder urothelial carcinoma (Figure 2B). The Supplementary Figure 1 also detailedly displayed the different proportions of top10 high mutated genes in each immune subtypes.




Figure 2 | Landscape of tumor mutational burden (TMB) in four different immune subtypes. (A) TMB in four different immune subtypes of bladder urothelial carcinoma. (B) Mutation status of the top 10 immune genes with genomic alterations in the four different immune subtypes of bladder urothelial carcinoma.





TME expression pattern of immune molecules according to immune subtypes

The expression of immune checkpoints (ICPs) and immunogenic cell death (ICD) modulators in the TME affects the activation of the antitumor immune response and may play critical roles in the antigen-presenting process and cytotoxicity (21). We analyzed the expression of ICPs and ICD modulators in four different immune subtypes of bladder urothelial carcinoma. In total, 78 immune checkpoints were detected in the three cohorts with 72 genes in TCGA-BLCA (Figure 3A), 72 genes in E-MTAB-4321 (Figure 3B), and 71 genes in the IMVigor210 cohort (Figure 3C) differentially expressed in the four immune subtypes. Costimulatory checkpoints (such as PD-1, CTLA4, and PD-L1) and coinhibitory checkpoints (such as ICOS, CD28, and 4-1BB) were highly expressed in the C3 subtype but expressed at low levels in the C4 subtype. Immunostimulatory danger-associated molecular patterns (DAMPs) (such as ANXA1, CALR, and HMGB1) and cytokines (such as IFN and CXCL10) were used to evaluate the immunogenicity of cancer cell death. In total, 26 immunogenic cell death modulators were evaluated in the three cohorts with 21 ICD modulators in TCGA-BLCA cohort, 24 ICD modulators in the E-MTAB-4321 cohort, and 20 ICD modulators in the IMVigor210 cohort differentially expressed in the four different immune subtypes. The C3 subtype had high immunogenicity, and the C4 subtype had low immunogenicity in the three cohorts (Figure 3D–F). Taken together, these findings indicated that there were different expression levels of immune checkpoints and ICD modulators in different immune subtypes. Thus, immune subtypes may be effective predictors of immunotherapy response.




Figure 3 | Expression pattern of immune molecules in the TME of bladder urothelial carcinoma according to immune subtypes. (A-C) Differential expression of immune checkpoints in the four immune subtypes in TCGA-BLCA cohort (A), E-MTAB-4321 cohort (B), and IMVigor210 cohort (C). (D-F) ICD expression in the four immune subtypes in TCGA-BLCA cohort (D), E-MTAB-4321 cohort (E), and IMVigor210 cohort (F). ns, p ≥ 0.05; *p < 0.05; **p < 0.01; ***p < 0.001; and ****p < 0.0001.





Infiltration of immune cells and tumor microenvironment signatures of immune subtypes

The infiltration of immune cells and tumor microenvironment signatures reflect the status of the immune response in the TME and influence the treatment effect of immunotherapy. We further used the ssGSEA method to score 29 tumor-infiltrating immune cells and characterize the immune cell components in the four distinct immune subtypes. Antitumor immunity was involved in 17 types of immune cells, such as activated CD4+ T cells and activated CD8+ T cells, whereas protumor suppression was involved in 8 types of immune cells, such as MDSCs and regulatory T cells. The highest percentage of immune cell infiltration occurred in the C3 subtype, but the lowest percentage of immune cell infiltration occurred in the C4 subtype according to the three independent cohorts. Moderate infiltration of immune cells occurred in C1 and C2 subtypes (Figures 4A, C, E). The C4 immune subtype had a larger proportion of patients with NMIBC (E-MTAB-4321) than MIBC (TCGA-BLCA) and mUC (IMVigor210). Furthermore, multiple algorithms revealed the same trend of immune cell infiltration in each immune subtype (Supplementary Figure 2).




Figure 4 | Distributions of tumor-infiltrating immune cells and molecular signatures of immune subtypes. (A-F) Heatmap and correlation analysis between immune subtypes and tumor-infiltrating cells in TCGA-BLCA (A, B), E-MTAB-4321 (C, D), and IMvigor210 (E, F). (G) Distribution of 29 immune cells in distinct immune subtypes. (H) Scores of 29 molecular signatures in distinct immune subtypes. ns, **p < 0.01; ***p < 0.001; and ****p < 0.0001.



The correlation analysis indicated that antitumor immunity was positively correlated with protumor suppression (Figures 4B, D, F). Furthermore, the scores of antitumor immunity-related cells (such as activated B cells, activated CD4+ T cells, activated CD8+ T cells, activated dendritic cells, and CD56bright NK cells) and protumor suppression-related cells (such as MDSCs, regulatory T cells, type 2 T helper cells, and neutrophils) were more enriched in the C3 subtype compared to the other immune subtypes, and they were less enriched in the C4 subtype (Figures 4G, H). Therefore, the C3 subtype was considered an immunological “hot” tumor, whereas the C4 subtype was considered an immunological “cold” tumor in TCGA-BLCA cohort, which was consistent with the trends of the E-MTAB-4321 cohort and IMVigor210 cohort (Supplementary Figure 3). In addition, to further distinguish “hot” tumors, we proposed a new concept of “warm” tumors, which ranged between “hot” tumors and “cold” tumors. The C1 and C2 subtypes were identified as “warm” tumors. The robust classification of immune subtypes of bladder urothelial carcinoma will help guide immunotherapy to suitable patients. mUC patients with the C1 immune subtype, belonging to “warm” tumors, showed a significant improvement after anti-PD-L1 immunotherapy. We subsequently observed that the differences in 29 tumor microenvironment signatures were statistically significant in the four ISs. The C3 subtype had the highest scores of antitumor immune infiltration (MHCI, MHCII, costimulatory ligands, costimulatory receptors, T cells, effector cells, effector cell trafficking, NK cells, B cells, M1 signature, Th1 signature, and antitumor cytokines), protumor immune infiltration (Treg, Treg and Th2 traffic, neutrophil signature, granulocyte traffic, immune suppression by myeloid cells, macrophages, DC traffic, Th2 signature, and protumor cytokines), angiogenesis, and fibroblasts (CAFs, matrix, and matrix remodeling), thereby presenting the “hot” immune phenomenon, whereas the C4 subtype had the lowest scores of these signatures, thereby displaying the “cold” immune phenomenon. Furthermore, there was also heterogeneity between the C1 and C2 subtypes. Compared to the C2 subtype, the C1 subtype had more trends of antitumor cytokines, checkpoint molecules, effector cell traffic, effector cells, M1 signature, MHCI, NK cells, Th1 signature, Treg/Th2 traffic, and tumor proliferation rate. Thus, these findings suggested that the C1 subtype indicates patients suitable for anti-PD-L1 monoclonal antibody (mAb) immunotherapy.



Signaling pathway enrichment using GSEA

The expression matrix of the C3 and C4 immune subtypes was analyzed by the GSEA method. In total, 60 signaling pathways were enriched in the C3 immune subtype, including metastasis-related signaling pathways and immunity-related signaling pathways, such as “T cell receptor signaling pathway”, “chemokine signaling pathway”, “B cell receptor signaling pathway”, “FC gamma R mediated phagocytosis”, “natural killer cell-mediated cytotoxicity”, “antigen processing and presentation”, “leukocyte transendothelial migration”, and “intestinal immune network for IgA production”, whereas 15 metabolism-related signaling pathways were enriched in the C4 immune subtype, including “metabolism of xenobiotics by cytochrome P450”, “glycosylphosphatidylinositol GPI anchor biosynthesis”, “pentose and glucuronate interconversions”, “retinol metabolism”, “glycerophospholipid metabolism”, “porphyrin and chlorophyll metabolism”, “fatty acid metabolism”, and “drug metabolism cytochrome P450” (Figure 5).




Figure 5 | Enriched KEGG signaling pathways in the C3 and C4 immune subtypes using the GSEA method. NES, normalized enrichment score; NOM P-val, nominal p value; KEGG, Kyoto Encyclopedia of Genes and Genomes; and GSEA, Gene Set Enrichment Analysis.





Further screening of suitable patients for immunotherapy

According to the expression of immune-related genes, the immune landscape of bladder urothelial carcinoma was further characterized and visualized to expand the screen of suitable patients for immunotherapy (Figure 6A). Principal component 1 (PCA1) was positively correlated with all 29 types of immune cells, while the correlation between principal component 2 (PCA2) and immune cells had more diversity (Figure 6B). PCA2 was positively correlated with activated CD4+ T cells, activated CD8+ T cells, activated dendritic cells, cancer-associated fibroblasts, CD56bright natural killer cells, central memory CD4+ T cells, central memory CD8+ T cells, effector memory CD56bright cells, gamma delta T cells, immature dendritic cells, macrophages, MDSCs, natural killer cells, natural killer T cells, neutrophils, plasmacytoid dendritic cells, regulatory T cells, T follicular helper cells, type 1 T helper cells, type 2 T helper cells, and type 17 T helper cells, but PCA2 was negatively correlated with monocytes (Figure 6B). Further clustering analysis indicated that there were 5 subgroups in the C1 subtype, 4 subgroups in the C2 subtype, 3 subgroups in the C3 subtype, and 4 subgroups in the C4 subtype (Figure 6C). However, survival analysis of these subgroups in each immune subtype indicated no significant difference in prognosis in each immune subtype (Figures 6D–G). The immune cell infiltration and tumor microenvironment signature analysis indicated the heterogeneity in each immune subtype, of which C14 and C21 in the “warm” tumor immune subtype and C31 in the “hot” tumor immune subtype may be the second priority of potential patients for immunotherapy (Supplementary Figure 4).




Figure 6 | Immune gene-related landscape of bladder urothelial carcinoma. (A) Distribution of patients after reduced dimension. (B) Correlations between principal component analysis and immune cells. (C) Distribution of patients representing the status of each immune subtype. (D–G) Stratification analysis of immune subtypes. (D) Prognostic value and immune cell components in different subgroups of the C1 subtype. (E) Prognostic value and immune cell components in different subgroups of the C2 subtype. (F) Prognostic value and immune cell components in different subgroups of the C3 subtype. (G) Prognostic value and immune cell components in different subgroups of the C4 subtype. , ns, p ≥ 0.05; *p < 0.05; **p < 0.01; ***p < 0.001; and ****p < 0.0001.





Identification of biomarkers for evaluating the effectiveness of immunotherapy

WGCNA was utilized to identify immune-related gene coexpression modules based on immune-related gene expression profiles, and the sample clustering is displayed in Figure 7A. We found that a soft threshold of 4 was good for the scale-free topology model, and the expression matrix was transformed into an adjacency matrix (Figures 7B, C). The cutreeDynamic function was then used to identify modules with the setting of at least 30 genes. After calculation of module eigengenes, we set the threshold of module eigengene dissection as 0.30, and 7 coexpression modules were finally obtained for further analysis (Figure 7D). We compared the module eigengenes of the four immune subtypes, and there were significant differences in the blue, black, green, pink, red, and turquoise modules (Figure 7E). The C3 subtype had the highest module eigengenes in the blue module, whereas the C4 subtype had the highest module eigengenes in the green, pink, and red modules. The C1 subtype, which may benefit from immunotherapy, showed the highest module eigengenes in the black module.




Figure 7 | Exploration of coexpression modules of immune-related genes. (A) Clustering of patients with bladder urothelial carcinoma based on the expression profile of immune-related genes. (B) Scale-free topology model for the identification of multiple soft thresholds. (C) Mean connectivity for multiple soft thresholds. (D) Cluster dendrogram and module colors. (E) Module eigengenes of seven modules in the immune subtypes of bladder urothelial carcinoma ns, p ≥ 0.05; and ****p < 0.0001.



Regarding the module eigengenes, survival analysis indicated that the black module was significantly associated with the status of overall survival, while the red and pink modules were associated with the time of overall survival (Figures 8A, B). High scores of black and pink module eigengenes were correlated with a poor prognosis, whereas a low score of red module eigengenes was correlated with a poor prognosis (Figures 8C–E). Furthermore, GO analysis revealed that the black module with genes enriched in the following biological processes was positively correlated with PCA1 (Figure 8F): positive regulation of locomotion, positive regulation of cell migration, angiogenesis, epithelial cell proliferation, and extracellular matrix organization. Similarly, the pink module with genes enriched in the following biological processes was negatively correlated with PCA1 (Figure 8G): angiogenesis, positive regulation of cell motility, regulation of epithelial cell proliferation, regulation of endothelial cell proliferation, and endothelial cell proliferation. The red module with genes enriched in myeloid leukocyte migration, granulocyte migration, and neutrophil migration was negatively correlated with PCA1 (Figure 8H). The cellular components and molecular functions of the GO and KEGG signaling pathways are displayed in Supplementary Figure 5. The C1 immune subtype had the best improvement in overall survival after immunotherapy, while the black and pink modules had high module eigengene scores in the C1 subtype. Therefore, hub genes in the black and pink modules may be a potential feature to consider patients with bladder urothelial carcinoma for immunotherapy. Subsequently, we obtained three hub genes with more than 20% gene significance and 80% intramodular connectivity in the black module: fibroblast growth factor receptor 1 (FGFR1), annexin A6 (ANXA6), and transforming growth factor beta-3 (TGFB3). These three genes were furtherly identified as potential biomarkers for the prediction of antitumor immune response. According to response evaluation criteria in solid tumors (RECIST) (22), patients were divided into two groups: stable disease (SD)/progressive disease (PD), and complete response (CR)/partial response (PR). We found that high expression of TGFB3, which displayed in the SD/PD group, was associated with a poor prognosis of metastatic UC undergoing anti-PD-L1 monoclonal antibody treatment (Supplementary Figure 6).




Figure 8 | Identification of hub genes of bladder urothelial carcinoma based on immune genes. (A) Forest plot of univariate Cox analysis of seven modules of bladder urothelial carcinoma. (B) The degree of correlation between different modules and survival information is shown. (C) Prognostic value of the black modules with the median as a cutoff. (D) Prognostic value of the pink modules with the median as a cutoff. (E) Prognostic value of the red modules with the median as a cutoff. (F) Dot plot of the top 10 biological processes in terms of the black module. Correlation between the black module and principal component 1. (G) Dot plot of the top 10 biological processes in terms of the pink module. Correlation between the pink module and principal component 1. (H) Dot plot of the top 10 biological processes in terms of the red module. Correlation between the red module and principal component 1.






Discussion

Previous studies have classified patients with bladder cancer into different subtypes using different methods. Tang et al. revealed that the highest immune cell infiltration was positively associated with good overall survival (23). Wang et al. also indicated that the immune-hot phenotype may benefit from immunotherapy (24). However, only some patients with an immune-hot phenotype respond to immunotherapy. Elucidation of the heterogeneity of the tumor microenvironment in the immune-hot phenotype is required for more understanding.

In the present study, four distinct immune subtypes were identified based on the expression profile of immune-related genes. Based on TCGA-BLCA cohort, patients with C4 and C3 subtypes had better overall survival than those with C1 and C2 subtypes, suggesting that this robust classification is a good biomarker for bladder urothelial carcinoma. The frequency reduction of the C3 and C4 subtypes with a good prognosis was followed by improved tumor staging. Thorsson et al. classified 6 immune clusters of 33 pancancers and suggested that they are relevant to prognosis (10). The distribution of 5 immune clusters, except for C5, was observed in bladder urothelial carcinoma. The C1 (wound healing) and C2 (IFN-γ) subtypes with a good prognosis were overlapped in the C3 subtype. Additionally, our classification was also robust and prognostically relevant in patients with nonmuscular invasive bladder urothelial carcinoma and patients with metastatic urothelial carcinoma undergoing anti-PD-L1 mAb immunotherapy. Our results revealed that bladder urothelial carcinoma is associated with this classification, which was different from previous immune subtypes (25). This classification provided more information for selecting suitable patients for immunotherapy.

Regarding the high tumor mutation burden of bladder urothelial carcinoma, bladder cancer is a type of malignant tumor suitable for immunity-based therapy, such as intravesical BCG and ICI. Thus, patients with bladder urothelial carcinoma have different immune responses to ICIs due to tumor heterogeneity and dynamic alterations in the immune signature in the tumor microenvironment. Our classification of immune subtypes revealed that the C4 subtype was a “cold” phenotype, which was infiltrated with CD56bright natural killer cells and CD56dim natural killer cells in urothelial carcinoma, representing a noninflammatory tumor microenvironment. The C3 subtype was an inflammatory phenotype with the highest infiltration level of antitumor immune cells (e.g., activated CD4+ T cells and activated CD8+ T cells) and suppressive immune cells (e.g., Tregs, MDSCs, and neutrophils). Interestingly, the C4 immune subtype had better overall survival than the C3 immune subtype in TCGA-BLCA cohort. Previous studies have found that the cluster with the lowest immune and stromal scores has a good prognosis, which may be explained by the high immune infiltration of naive CD4+ T cells (25). Another study has reported a cluster with the lowest immune cell infiltration, and the best prognosis of this cluster tends to be younger with low TNM Classification of Malignant Tumors (TNM) and clinicopathological stage (26). GSEA found that there were immunity-related signaling pathways, cancer-related pathways, and metastatic pathways in the C3 immune subtype that may be associated with a poor prognosis, whereas metabolism-related pathways were enriched in the C4 subtype (Supplementary materials 2). Furthermore, metabolism-related pathways and DNA repair-related pathways were enriched in the C1 subtype, and immunity-related signaling pathways and metastatic pathways were enriched in the C2 subtype (Supplementary Materials 3). Moreover, we defined the C1 and C2 subtypes as “warm” phenotypes, displaying limited immune cell infiltration between the “cold” phenotype and the “hot” phenotype, of which the C1 subtype has a more effective immune response for anti-PD-L1 mAb than the C2 subtype.

Furthermore, the differential expression of ICPs and ICD modulators affects the immune status of the tumor microenvironment. There were different potential mechanisms of immune evasion in the four distinct immune subtypes in the present study, which may require different therapeutic treatments. A cancer vaccine may be suitable for the recruitment of more lymphocytes to the tumor microenvironment in the C4 immune subtype. Patients with C2 and C3 immune subtypes may benefit from combination immunotherapy therapy due to the high expression levels of coinhibitory checkpoints (such as PD-L1, PD1, and CTLA4) and immunosuppressive cytokines (such as IL6, IL10, and TGFβ). Patients with C2 and C3 subtypes were considered suitable for anti-TGFβ monoclonal antibody therapy. Patients with the C1 subtype had antitumor signatures, such as antitumor cytokines, effector cell traffic, M1 signature, MHCI, NK cells, and Th1 signature, resulting in a better prognosis after anti-PD-L1 mAb immunotherapy compared to patients with the C2 immune subtype. Branching trajectory analysis further identified the different suppressive phenotypes and the infiltration of immune cells in the tumor microenvironment by the Monocle package in R. The intragroup heterogeneity displayed no significant differences in overall survival, but there were significant differences in immune cell components and the tumor microenvironment signature in the four immune subtypes. Thus, the characterization of the immune landscape is critical for the prediction of the immune response to immunotherapy.

Previous studies have discovered that combinatorial biomarkers (ARID1A mutation plus CXCL13 expression) may improve prediction capability for urothelial carcinoma patients receiving immune checkpoint inhibitors (27), and IL6 may be the most promising predictive biomarker of peptide vaccines for colorectal cancer (28). In the present study, the WGCNA indicated that highly expressed genes in the black and pink modules were a responsive signature for immunotherapy, and three genes (FGFR1, ANXA6, and TGFB3) may be potential biomarkers for screening patients who are suitable for immunotherapy. Furthermore, a low expression level of TGFB3 was associated with complete or partial response to anti-PD-L1 monoclonal antibody treatment in urothelial carcinoma, resulting in a good prognosis. Inhibition of the TGF-β signaling pathway overcomes resistance to PD-1/PD-L1 blockade in cancer (29). The inhibition of TGFB3 in urothelial carcinoma may be a potential target to overcome immunotherapy resistance. In addition, although we characterized the immune landscape of the tumor microenvironment, more experiments and clinical exploration are still required for further validation.



Conclusions

In summary, immunotherapy may be beneficial for patients with the C1 subtype. Hence, the present study provided a bioinformatics basis for understanding the immune landscape of the tumor microenvironment of urothelial carcinoma.
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Purpose: To assess the prognostic value of copper-dependent genes, copper-dependent-related genes (CDRG), and CDRG-associated immune-infiltrating cells (CIC) for pancreatic cancer.
Methods: CDRG were obtained by single-cell analysis of the GSE156405 dataset in the Gene Expression Omnibus (GEO) database. In a ratio of 7:3, we randomly divided the Cancer Genome Atlas (TCGA) cohort into a training cohort and a test cohort. Tumor samples from the GSE62452 dataset were used as the validation cohort. CIBERSORT was used to obtain the immune cell infiltration. We identified the prognostic CDRG and CIC by Cox regression and the least absolute selection operator (LASSO) method. The clinical significance of these prognostic models was assessed using survival analysis, immunological microenvironment analysis, and drug sensitivity analysis.
Results: 536 CDRG were obtained by single-cell sequencing analysis. We discovered that elevated LIPT1 expression was associated with a worse prognosis in pancreatic cancer patients. EPS8, CASC8, TATDN1, NT5E, and LDHA comprised the CDRG-based prognostic model. High infiltration of Macrophages.M2 in pancreatic cancer patients results in poor survival. The combined prognostic model showed great predictive performance, with the area under the curve (AUC) values being basically between 0.7 and 0.9 in all three cohorts.
Conclusion: We found a cohort of CDRG and CIC in patients with pancreatic cancer. The combined prognostic model provided new insights into the prognosis and treatment of pancreatic cancer.
Keywords: copper-dependent genes, pancreatic cancer, immune infiltration, prognosis, bioinformatics
INTRODUCTION
Pancreatic cancer has a high mortality rate (Wei and Hackert, 2021). The number of new cases and deaths from pancreatic cancer is approximately the same in 2020 (Sung et al., 2021). Pancreatic cancer has the characteristics of high heterogeneity, difficult early diagnosis, limited efficacy, and poor prognosis (Park et al., 2021). Patients with pancreatic cancer are already at an advanced stage when diagnosing (Kamisawa et al., 2016). Surgery is still the most effective way to treat pancreatic cancer (Vincent et al., 2011). Despite improvements in treatment, pancreatic cancer has a 5-years survival rate of less than 10% (Rawla et al., 2019). Many patients eventually relapse after surgery (Siegel et al., 2014). Emerging evidence suggests that targeted therapy based on genetic testing may provide a viable treatment option for overcoming the limitations of pancreatic cancer treatment (Dókus et al., 2020). However, the clinical application of targeted therapy based on genetic testing is very limited due to tumor heterogeneity and its complex molecular subtypes (Hosein et al., 2020; Wang et al., 2021a; Giuliani et al., 2021). Therefore, new prognostic biomarkers and therapeutic targets are urgently needed. This will help clinicians to timely and accurately predict patient prognosis and develop personalized treatment plans.
Multiple cells in pancreatic cancer now can be studied accurately due to the advances in single-cell sequencing, which is a strong method for characterizing diverse cell types and has been used to study a variety of cancers (Treutlein et al., 2016; Ziegenhain et al., 2017). At the same time, through cell clustering and annotation, we can better understand the cellular differentiation and immune mechanisms of pancreatic cancer (Hwang et al., 2021).
Defects in the execution of cell death by tumor cells are one of the main reasons for their resistance to therapy (Hassannia et al., 2019). As a form of regulated cell death, copper-dependent death occurs through the direct binding of copper to fatty acylation components of the tricarboxylic acid cycle (Tsvetkov et al., 2022). Copper has two roles in carcinogenesis: it promotes tumor development while also causing redox stress in cancer cells (Maung et al., 2021). Copper is also used to treat cancer as a medication component and as a regulator of drug sensitivity and absorption (Maung et al., 2021). The study by Yu et al. confirmed that copper deficiency may be a novel approach to the treatment of pancreatic cancer (Yu et al., 2019a).
Tumor cells make up a minor portion of pancreatic cancer tissue, with the extracellular matrix accounting for the majority of the rest (Sherman et al., 2014). Pancreatic cancer has a broad immunosuppressive microenvironment that promotes cancer cell proliferation by directly suppressing antitumor immunity or evading immune surveillance (Ren et al., 2018; Zhang et al., 2021). Though in pancreatic cancer patients, a variety of immunotherapies have been explored, the majority of them have not been satisfactory (Looi et al., 2019; Leinwand and Miller, 2020).
Herein, we first identified CDRG in pancreatic cancer by single-cell sequencing analysis. Based on these CDRG, we also identified CIC in pancreatic cancer patients. Based on the above analysis results, we constructed a combined predictive model for pancreatic cancer patients that can effectively predict their prognosis. This study informed the treatment strategy for pancreatic cancer.
MATERIAL AND METHODS
Data collection
The TCGA database (TCGA-PAAD; URL: https://portal.gdc.cancer.gov/) was used to get the transcriptome and clinical data. The workflow type we used was Counts. The GEO database (https://www.ncbi.nlm.nih.gov/geo/) was used to obtain the pancreatic cancer single-cell sequencing dataset GSE156405. We screened the data from 4 patients. We also downloaded a microarray gene expression profile dataset GSE62452. All data were log2 transformed. 10 copper-dependent genes (Negative hits: MTF1, GLS, CDKN2A; Positive hits: FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB) were obtained from the study by Tsvetkov et al. (Tsvetkov et al., 2022).
Data processing of the GSE156405
First, we performed quality control on the data. The data of 4 patients were obtained from it. Cells with less than 1% of mitochondrial genes, ribosomal genes, and erythrocyte genes and cells with between 500 and 4,000 total genes were retained. Genes expressed in at least 3 cells were kept. We identified the 6,000 most fluctuating genes based on their degrees of fluctuation across all samples. The “CellCycleScoring” function was used to judge the selected cell cycle, and the “ScaleData” function was used to remove the influence created by the cell cycle. The LogNormalize method was used to normalize and integrate the samples. After the data was corrected, principal component analysis was used for dimensionality reduction of the data, and TSNE was used for cluster analysis. We used the “SingleR” package to annotate cell kinds. We download the singler database, import “ref Human all.Rdata” into the environment, then use the singler method to define cell subsets. The “PercentageFeatureSet” function was used to calculate the proportion of copper-dependent genes in each cell after importing them. We classified the cells as low_cuproptosis or high_cuproptosis based on the median ratio of copper-dependent genes. Then, we use the “FindMarkers” function to identify the genes that differ between low_cuproptosis and high_cuproptosis cells, and we selected the genes to screen out the genes whose p-value is less than 0.05. These genes were classified as copper-dependent-related genes (CDRG).
Data processing of the cancer genome atlas
First, the data downloaded were preprocessed and combined using the Perl language to access the count file. The gene symbol was also transformed with Perl. Then, the corresponding gene expression was acquired by matching the transcriptome data from TCGA with CDRG. We excluded patients with incomplete clinical data and those with 0 days of follow-up. We matched the CDRG expression data to the survival data, ran a univariate COX analysis, and filtered out prognostically significant genes with a p-value less than 0.05. We used the “caret” package to randomly split the matched cohort into a training cohort and a test cohort in a 7:3 ratio.
Data processing of the GSE62452
GSE62452 includes 69 tumor samples and 61 non-tumor samples. After excluding non-tumor samples. We used this dataset as a validation cohort.
Weighted Co-Expression network analysis
WGCNA analysis is a systems biology approach for characterizing patterns of genetic association between different samples (Langfelder and Horvath, 2008). It can be used to identify highly covalent gene sets and to identify candidate biomarker genes or therapeutic targets based on the interconnection of each gene set and the association between the gene set and the phenotype. We used the “WGCAN” package to generate the CDRG module. From there, we selected the modules that were relevant to survival time and survival status for subsequent analysis.
Prognostic model based on copper-dependent-related genes
First, we matched GRCD expression data to survival data and performed the univariate COX analysis (p < 0.01). The prognostic genes were shown in the forest diagram. Then, we further selected GRCD with prognostic significance using the LASSO regression method. The prognostic model was built and the risk score of each patient was calculated. We divided BC patients into high- and low-risk groups based on median score. Between the two, we used clinical correlation heat maps to analyze differences in clinical characteristics and to examine differences in patient prognosis. The survival differences were then verified. Univariate and multivariate cox analyses were then performed to analyze risk scores and different clinical information.
Validation and evaluation of the copper-dependent-related genes-based prognostic model.
The risk score for each sample in the test cohort was calculated using the model formula. After that, in training and test cohorts, survival analyses were carried out to see if there were any variations in prognosis between the two groups. Simultaneously, we plotted the distributions of samples between the two groups to determine the effectiveness of differentiating patients based on risk values. The expression of model genes was compared using heatmaps. Subsequently, we plotted the time-dependent receiver operating characteristic (ROC) plots and calculated the area under the curve (AUC) to validate the predictive power of the constructed prognostic model. In the validation cohort, we calculated the risk score for each patient. Next, survival analyses were performed. The model’s accuracy was assessed by the ROC curve.
Functional enrichment analysis
We performed the Gene Ontology (GO) analysis and the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis by the “clusterProfiler” package and the results were kept if the p-value < 0.05. The bar charts were used to represent the results of the analysis.
Immunoassay analysis
To explore if there’s a link between our model and the level of tumor infiltration, we devised two ways to visualize our data: the immune infiltration heatmap and the correlation map. The tumor infiltration methods we used were CIBERSORT and XCELL (Newman et al., 2015; Aran et al., 2017). We found a list of immune checkpoint-related genes in the literature. The analysis results were displayed using boxplots.
Identify copper-dependent genes associated with prognosis
We matched transcriptome data from TCGA to copper-dependent genes to obtain corresponding gene expression and excluded patients with incomplete clinical data and 0-days follow-up. Then, We matched copper-dependent gene expression data with survival data and performed the univariate COX analysis (p < 0.05) to obtain prognostic copper-dependent genes.
Identification of copper-dependent-related genes-associated immune-infiltrating cells (CIC)
The composition of 22 immune cells in pancreatic cancer was obtained by CIBERSORT analysis (Newman et al., 2015). Rainbow graphs were used to show the proportion of different immune cells in pancreatic cancer in each sample. Box plots were used to show variations in immune cell infiltration between high and low-risk groups. Immune cells with p less than 0.05 were defined as CDRG-associated immune cells. We matched CDRG-dependent immune cell infiltration results with survival data for further selection by LASSO regression. The screened cells are used for subsequent analysis.
Combined prognostic model construction and validation
Multivariate Cox regression was applied to build the combined prognostic model in the training cohort from the risk score, the expression of the selected copper-dependent genes, and the infiltration results of CIC. Correlation coefficients were calculated by using multivariate Cox regression. To test the clinical impact of the combined model in the three cohorts, we drew survival curves and ROC curves.
Drug sensitivity analysis
We used the expression matrix and drug processing information from the Cancer Genome Project (CGP, https://www.cancerrxgene.org/) to obtain the drugs associated with the combined model using the “pRROpheticPredict” function (Geeleher et al., 2014).
RESULTS
Analysis of the gene expression omnibus dataset
The gene expression levels of each cell in the 4 samples ranged from 500 to 4,000, with a relatively uniform distribution. At the same time, we found that the percentage of mitochondrial genes was less than 1%, and the percentage of erythrocyte genes was basically less than 0.1% (Supplementary Figure S1A). Cells were evenly distributed among the 4 samples. The number of genes and their expression levels are positively correlated with a correlation coefficient of 0.91 (Supplementary Figure S1B). From all genes, we chose 3,000 hypervariable genes, which were highlighted in red and we also marked the top 10 genes (Supplementary Figure S1C). Then we integrated the 4 samples. The results showed that the integration could be used for subsequent analysis. After PCA dimensionality reduction, using the TSNE clustering technique, we divided all cells into 14 groups (Figure 1A). Then after using the “PercentageFeatureSet” function to input 10 copper-dependent genes, the proportion of them in each cell was obtained. According to the median ratio of copper-dependent genes, we divided the cells into low_cuproptosis and high_cuproptosis cells. The distribution of low_cuproptosis cells and high_cuproptosis cells in each cell cluster was relatively uniform (Figure 1B). Finally, between the two groups, we analyzed the differentially expressed genes and identified 536 CDRG.
[image: Figure 1]FIGURE 1 | Single-cell sequencing analysis. (A) Integration and cluster analysis. We can find the distribution of these 14 clusters (B) Distribution of low-copper-dependent cells and high-copper-dependent cells. We found that the distribution of low_cuproptosis cells and high_cuproptosis cells in each cell cluster was relatively uniform. (C) WGCNA showed MEgrey was linked to the survival status.
Weighted Co-Expression network analysis
WGCNA analysis of samples from the TCGA cohort identified gene modules related to clinical characteristics. We obtained 12 non-grey modules and screened out gene modules with p < 0.05 (Figure 1C). WGCNA analysis showed MEgrey was linked to the survival status. We selected it for subsequent analysis.
Construction and evaluation of the copper-dependent-related genes-based prognostic model
After matching transcriptomic data from TCGA and CDRG, we matched CDRG expression data with survival data and performed independent prognostic analysis, resulting in 13 genes with prognostic significance in the training cohort. Figure 2A showed the CDRG associated with prognosis. Then we performed Lasso regression analysis and screened 5 CDRG genes finally (Figures 2B,C). Based on these results, we constructed the prognostic model. The prognostic model was calculated as follows: risk score = EPS8*0.21942004 + CASC8*0.30361292 + TATDN1*0.16143689 + NT5E*0.14433129 + LDHA*0.03993997. At the same time, we calculated and recorded the risk score for each patient.
[image: Figure 2]FIGURE 2 | CDRG-based prognostic model construction. (A) Univariate COX analysis. There are 13 high-risk CDRGs, including KRT7, EPS8, LAMC2, CASC8, GAPDH, TATDN1, NT5E, LDHA, ASPH, ARMC10, DERA, S100A2, and FAM83A. (B,C) LASSO regression analysis. We performed LASSO regression analysis on these 13 genes. We finally obtained 5 modeling genes, which were EPS8, CASC8, TATDN1, NT5E, and LDHA. Risk score = EPS8*0.21942004 + CASC8*0.30361292 + TATDN1*0.16143689 + NT5E*0.14433129 + LDHA*0.03993997. We then divided the sample into high-risk groups and low-risk values based on the median risk score.
We then analyzed the distribution of gene expression and patient survival in the models between the high—and low-risk groups in training and test cohorts (Figures 3A,B). We found that with the increase in risk value, the proportion of BC patients who died increased (Figures 3C,D). Moreover, we found that genes EPS8, CASC8, TATDN1, NT5E, and LDHA were highly expressed in the low-risk group(Figures 3E,F). Survival analysis showed a significantly poorer prognosis for patients in the high-risk group (Figures 4A,B). At 1, 2, 3, 4, and 5 years, the AUC values for the training cohort were 0.823, 0.691, 0.657, 0.606, and 0.606, respectively (Figure 4C). At 1, 2, 3, 4, and 5 years, the AUC values for the test cohort were 0.670, 0.624, 0.627, 0.627, and 0.642, respectively (Figure 4D).
[image: Figure 3]FIGURE 3 | Evaluation of CDRG-based prognostic model. (A,B) We analyzed the distribution of gene expression and patient survival in the models between the high—and low-risk groups in training and test cohorts. (C,D) We found that with the increase in risk value, the proportion of BC patients who died increased. (E,F) Moreover, we found that genes EPS8, CASC8, TATDN1, NT5E, and LDHA were highly expressed in the low-risk group.
[image: Figure 4]FIGURE 4 | Evaluation of CDRG-based prognostic model. (A,B) We found that patients in the high-risk group had a poorer prognosis in both the training (A) and test (B) cohorts (p < 0.05). (C,D) We found that the AUC in both cohorts was basically between 0.6 and 0.7. (E,F) In the validation cohort, the high-risk patients had a worse prognosis and the AUC was between 0.6 and 0.7.
In the validation cohort, the survival analysis revealed the model successfully stratified the patients (Figure 4E). At 1, 2, 3, 4, and 5 years, the AUC values were 0.694, 0.729, 0.658, 0.620, and 0.825, respectively (Figure 4F).
Enrichment analysis
Then, we performed the enrichment analysis. The results of GO enrichment analysis showed that these genes were mainly related to protein processing and maturation (Figure 5A). The results of the KEGG enrichment analysis showed that these genes were mainly related to glycolysis and sugar metabolism and protein processing, and transport (Figure 5B).
[image: Figure 5]FIGURE 5 | GO enrichment analysis (A) and KEGG enrichment analysis (B) of CDRG. (A) The results of GO enrichment analysis showed that these genes were mainly related to protein processing and maturation (B) The results of the KEGG enrichment analysis showed that these genes were mainly related to glycolysis and sugar metabolism and protein processing, and transport.
Immunoassay analysis
In tumor development, the immunological microenvironment is critical. Immunocorrelation analysis showed Myeloid dendritic cell activated, T cell CD4+ naive, T cell CD8+, T cell CD8+ central memory, Common lymphoid progenitor, Myeloid dendritic cell, Endothelial cell, Cancer associated fibroblast, Macrophage M2, B cell memory were significantly related to risk score (Figure 6A). To further understand the differences in immune microenvironments to guide immunotherapy, the immunological function of high-risk and low-risk populations was discussed. Figures 6B,C showed that between the two groups there were significant differences in immune function and the expression of immunological checkpoint genes.
[image: Figure 6]FIGURE 6 | Immunoassay analysis. (A) Immune cell infiltration distribution. The distribution of immune cells was significantly different between the high- and low-risk groups. (B) Immune-related functions. (C) The expression of immune checkpoint-related genes.
Identify copper-dependent genes associated with prognosis
After matching transcriptomic data from TCGA and the copper-dependent genes, we matched the copper-dependent gene expression data with survival data and performed independent prognostic analysis, resulting in only the LIPT1 with prognostic significance.
Identification of the CIC
We obtained 22 immune cells by CIBERSORT analysis (Figures 7A,B). Only the immune cells linked to CDRG were kept. B cells, NK cells, and Macrophages were significantly different between high-risk and low-risk groups. These cells were identified as CDRG-associated immune-infiltrating cells. We then matched immune-infiltrating cell data with survival data for further screening by LASSO regression analysis. T cells regulatory Tregs, Macrophages.M2, Mast.cells.activated, and Eosinophils were screened out. We retained Macrophages.M2.
[image: Figure 7]FIGURE 7 | Immune infiltration analysis. (A) The proportion of different immune cells in tumors. (B) Differences in immune cells between high and low-risk groups. We found differences in B cells, NK cells, and Macrophages between high and low-risk groups. We then performed a LASSO regression analysis and T cells regulatory Tregs, Macrophages.M2, Mast.cells.activated, and Eosinophils were screened out. We retained Macrophages.M2.
Construction and evaluation of the combined prognostic model
According to the expression of LIPT1, the risk score, and the immune infiltration of Macrophages.M2, a combined model of prognosis prediction was established. The combined model was calculated as follows: combined score = risk score*0.09297–LIPT1*1.29283–Macrophages.M2*2.51248. Survival analysis showed a significantly poorer prognosis for patients in the high-risk group (Figures 8A–C). At 1, 2, 3, 4, and 5 years, the AUC for the training cohort were 0.718, 0.645, 0.679, 0.776, and 0.776, respectively (Figure 8D). At 1, 2, 3, 4, and 5 years, the AUC for the test cohort were 0.810, 0.763, 0.817, 0.833, and 0.868, respectively (Figure 8E). At 1, 2, 3, 4, and 5 years, the AUC for the validation cohort were 0.740, 0.667, 0.714, 0.783, and 0.819, respectively (Figure 8F). The AUC in three cohorts was basically between 0.7 and 0.9, demonstrating that the combined prognostic model was accurate and stable and better than the CDRG-based prognostic model.
[image: Figure 8]FIGURE 8 | Evaluation of the combined prognostic model. (A–C) In training, test, and validation cohorts, The high-risk patients had a worse prognosis (D–F) The AUC in t training, test, and validation cohorts was basically between 0.7 and 0.9.
Drug sensitivity analysis
To target treatment, in the high-risk group, drug sensitivity tests were carried out in order to identify medications that were more effective. The results illustrated that Lapatinib, Paclitaxel, Refametinib, and Afatinib had lower IC50, meaning that they were more susceptible to the medications (Figure 9).
[image: Figure 9]FIGURE 9 | Drug sensitivity analysis. The candidates are Lapatinib (A), Paclitaxel (B), Refametinib (C), and Afatinib (D).
DISCUSSION
Extensive bioinformatics analysis was performed in this study to investigate the significance of copper-dependent genes, CDRG, and immune cell infiltration in pancreatic cancer. Using the GEO and TCGA datasets, this study effectively builds a combined model based on copper-dependent genes, CDRGs, and immune cell infiltration, which can effectively stratify the risk of pancreatic cancer patients and predict their performance in training cohorts, testing Time to live in the queue and validation queue. Furthermore, we found the combined model’s predictive performance was superior to that of the CDRG-based prognostic model alone. We also confirmed that the roles of CDRGs in the immune microenvironment differ significantly among them, which may provide new predictors for immunotherapy in pancreatic cancer patients. Drug sensitivity analysis identifies more sensitive drugs for high-risk groups, which is valuable for the stratified treatment of pancreatic cancer.
Programmed cell death has received increasing attention in tumor therapy and immune microenvironment research (Wang et al., 2021b; Niu et al., 2022). Copper-dependent death is a newly proposed concept that occurs through the direct binding of copper to fatty acylated components of the Krebs cycle (Wang et al., 2021a). Copper acts as a cofactor for mitochondrial cytochrome c oxidase and meets the energy needs of rapidly dividing cells. Therefore, tumor cells require more copper than non-dividing cells (Lopez et al., 2019). Ge et al. (2022) also showed that more of this metal nutrient, such as copper, is required during tumor development and metastasis. Copper concentrations have been shown to be elevated in serum or tumors of many cancer patients, such as colorectal, breast, gallbladder, or thyroid cancers (Basu et al., 2013; Pavithra et al., 2015; Baltaci et al., 2017; Stepien et al., 2017). Studies have shown that the copper-dependent enzyme Lysyl oxidase-like 2 (LOXL2) can remodel tumor cells and promote tumor cell metastasis (Zhan et al., 2019; Lin et al., 2020; Yun et al., 2022). Safi et al. (2014) suggest the copper signaling axis as a new target for prostate cancer therapy. In addition, Bulatov et al. (2018) reported that a copper-based metal complex, the Isatin-Schiff base-copper (II) complex, can activate p53 protein, inhibit tumor cell proliferation and induce apoptosis. However, studies of genes related to copper dependence in pancreatic cancer are lacking. For the first time, we provide the prognostic features of pancreatic cancer copper-dependent genes and CDRG, which have crucial consequences for pancreatic cancer prognosis.
Six genes in the combined prognostic model have been initially elucidated in the pathogenesis and progression of the disease. LIPT1 encodes an enzyme involved in mitochondrial lipoate synthesis (Habarou et al., 2017). Chen et al. (2021) found that LIPT1 is an important survival-related gene in prostate cancer. Eps8 has been originally discovered to be a substrate for EGFR kinase activity, enhancing EGF responsiveness (Luo et al., 2021). Eps8 enhances the ability of cancer cells to migrate (Chen et al., 2010; Chu et al., 2012). Studies had confirmed that CASC8 was a tumor susceptibility gene (Cui et al., 2018). The study by Yu et al. (2019b) showed that TATDN1 upregulates NOVA1 expression by adsorbing microRNA-140–3p and promotes the proliferative potential of breast cancer cells. NT5E encodes CD73, a key enzyme for AMP hydrolysis in adenosine synthesis (Ghalamfarsa et al., 2019). Alam et al. (2022) built a 13-gene prognostic model to evaluate the prognosis of lung adenocarcinoma, in which NT5E is a key molecule. LDHA is a gene encoding a key glycolytic enzyme (Tang et al., 2022). Reyna-Hernández et al. found increased expression of LDAH in invasive cervical cancer (Reyna-Hernández et al., 2022). Our research, which combined these six genes to create a predictive model, could help us better understand tumor cells.
Immunotherapy has a significant effect on many malignant tumors (Motzer et al., 2015; Robert et al., 2015; Sharma et al., 2016). However, Checkpoint blockade has little effect on pancreatic cancer (Royal et al., 2010; Brahmer et al., 2012). Whole-cell therapeutic vaccines have similarly failed to show any effect in late-stage trials (Le et al., 2019). Pancreatic cancer is one of the most immunotolerant tumor types (Bear et al., 2020). Although advances in the pancreatic cancer genome and immune landscape have facilitated the development of targeted therapies, they are only available for a small proportion of pancreatic cancer patients (Nevala-Plagemann et al., 2020). Ultimately, the 5-years overall survival rate for pancreatic cancer patients is less than 10%, highlighting the need for alternative treatment options (Vincent et al., 2011). Our study found that immune cell infiltration and immune checkpoint gene expression were significantly different between high-risk and low-risk groups, which will provide a reference for guiding immunotherapy for pancreatic cancer.
For immune checkpoint genes that did not show significant differences, we think it might be due to cellular communication between tumor cells and immune cells (Liu et al., 2021). The complex immune microenvironment of pancreatic cancer also makes single-agent immunotherapy for pancreatic cancer often unsuccessful (Wu et al., 2019). Understanding the complex interactions of tumor cells with the tumor stroma and the use of targeted drugs in combination with immunomodulatory therapy has shown promising results (Goel et al., 2017; Schaer et al., 2018). Inhibition of the tumor microenvironment combined with immune checkpoint inhibitor therapy can promote effective tumor control (Knudsen et al., 2021).
The study by Gajewski et al. (2013) indicated that cancer must evade anti-tumor immune responses in order to grow gradually. Tumor immune evasion is identified as a characteristic of tumor progression (Batlle and Massagué, 2019). The main immunosuppressive cells in the tumor microenvironment are macrophages, and their infiltration is associated with poor prognosis (Malla et al., 2022). Yan et al. (2022) found that inhibition of Macrophages.M2 polarization inhibited cervical cancer progression. In our study, we explored the difference of Macrophages.M2 infiltration between high-risk and low-risk groups, which had implications for our further targeted therapy in pancreatic cancer.
Drug-resistant treatment is a major challenge in the current treatment of pancreatic cancer (Hennig et al., 2022). Resistance to chemotherapy drugs is also a major cause of poor prognosis in pancreatic cancer patients (Zhu et al., 2022). Our study selected drug candidates relevant to prognostic models, which had implications for our further pancreatic cancer treatment.
However, our study has some limitations. Firstly, the research data comes from the TCGA and GEO public databases. In the future, in vivo or in vitro basic experiments will be performed to confirm our findings, and we will further refine them in the future. Secondly, Our study is a retrospective study based on previous data. Prospective clinical validation is needed henceforth, which we will improve in the future. Finally, The copper-dependent-related genes defined in this study require further experimental validation.
This is the first combined prognostic model to our knowledge to be constructed using copper-dependent genes, copper-dependent-related genes, and immune cell infiltration profiles. It provides information for the study of programmed death in pancreatic cancer and contributes to the treatment of pancreatic cancer patients.
CONCLUSION
Based on copper-dependent genes, copper-dependent-related genes, and immune cell infiltration profiles, the combined prognostic model was built for pancreatic cancer. We can accurately estimate the prognosis and immunological microenvironment of pancreatic cancer patients using this model. In addition, Our findings might lead to new approaches to pancreatic cancer therapy.
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Amino acid metabolization is verified to be a part in the progression of cancer. However, genes related to the amino acid metabolism have not been identified in colon adenocarcinoma (COAD). A systematic prognostic model of COAD becomes a pressing need. Among genes related to the amino acid metabolism, RIMKLB, ASPG, TH, MTAP, AZIN2, PSMB2, HDC, ACMSD, and PSMA8 were identified to construct a risk model. Kaplan–Meier (K–M) analyses demonstrated that the high-risk group achieved a poor prognosis. Area under the respective ROC (AUC) values indicated the robustness of the model. To highlight its clinical value, multivariate Cox was used to obtain the optimal variables to construct a nomogram. A higher tumor mutation burden was observed in the high-risk group. However, the low-risk group had a stronger immune infiltration. Seven molecular subtypes were found by consensus cluster. Twenty-two hub genes were identified related to the ESTIMATE score using WGCNA. In brief, our research constructed a stable prognostic model related to the amino acid metabolism in COAD, revealing its connection to the immune microenvironment. The model guided the outcome of COAD and the direction of immunotherapy.
Keywords: amino acid metabolism-related genes, colon adenocarcinoma, LASSO analysis, prognosis, immune infiltration
INTRODUCTION
Colorectal cancer (CRC) is one of the most prevalent carcinomas and is the third cause of cancer-related death globally. Annually, more than 1.85 million occurring cases of colorectal carcinoma increase, among which 850000 end in death (Biller and Schrag, 2021). The incidence of colorectal cancer varies widely between different geographic regions owing to various risk factors, screening modalities, and access to health care (Favoriti et al., 2016). COAD, the main type of colorectal cancer, shows a younger trend recently (Siegel et al., 2020). The prognosis of COAD has been improved significantly as breakthroughs in surgical technique and adjuvant treatment emerged (Jahanafrooz et al., 2020). However, the 5-year overall survival (OS) is still less than 40% in colon cancer with advanced stage, which is to blame for the postoperative recurrence and metastasis (Mejri et al., 2018). Recognized as the prognostic indicator, the American Joint Committee on Cancer (AJCC) TNM staging system is updated continually, while patients with analogous clinicopathologic features share different prognoses (Lino-Silva et al., 2020). Thence, the discovery of new prognostic markers in colon cancer has become a key point.
The recoding of energy metabolism has been considered a hallmark of cancer (Hanahan and Weinberg, 2011). Proliferation, invasion, and metastasis of cancer are tied to a series of biological processes, in which energy metabolic reprogramming plays a critical role (Boroughs and DeBerardinis, 2015). Amino acid and its metabolism not only participate in protein synthesis but are also involved in metabolic reprogramming to regulate the proliferation of cancer by variable pathways (Li and Zhang, 2016). For example, asparagine synthetase (ASNS) is involved in the synthesis of aspartic acid to asparagine. The silence of ASNS has been verified as an origin of tumor-specific auxotrophy (Vettore et al., 2020). In addition, BCAT1 catalyzes the transamination of branched-chain amino acids (BCAAs) to α-ketoglutarate (α-KG), and it is confirmed to have a positive correlation with a high expression of c-Myc, thereby supporting cell invasion (Zhou et al., 2013). Moreover, glutamine synthetase (GS) synthesizes glutamine using glutamate and NH4+, which is of great importance to continued tumor proliferation, especially when glutamine may be limiting (Tardito et al., 2015). All these results verify that amino acid metabolism is of vital importance in the metabolism reprogramming of carcinoma.
Amino acid metabolism closely participates in the development of colon cancer with variable pathways. For instance, this study proves that SNX10 controls mTOR activation in CRC by controlling the amino acid metabolism depending on CMA (Le et al., 2018). Furthermore, it is universally known that aspartate turns into asparagine through ASNS. CRC cells with mutated KRAS are capable of becoming accustomed to glutamine consumption by the overexpression of ASNS (Toda et al., 2016). Similarly, SLC25A22, a gene inducing intracellular synthesis of aspartate, can promote proliferation in KRAS-mutant CRC cells (Wong et al., 2016). As is shown earlier, the glutamine metabolism plays an outstanding role in colorectal cancer. In addition, other amino acid metabolism pathways also play a part that cannot be underestimated. CircMYH9 promotes the growth of CRC by regulating the metabolism of serine/glycine and reactive oxygen species (ROS) in a p53-dependent way (Liu X. et al., 2021). Thus, targets for the metabolism of COAD patients are under exploration. A recent study shows that a combination of blockade of EGFR and glutamine metabolism shows a new direction of therapy for advanced metastatic COAD (Cohen et al., 2020). Recently, plenty of studies have been focused on the immune microenvironment of colon carcinoma (Li et al., 2020; Geng et al., 2021; Yan et al., 2021). In addition to TNM staging, the assessment of colon cancer recurrence and mortality also needs to include the degree of immune cell infiltration (Galon et al., 2006; Mlecnik et al., 2011). The regulation of immune microenvironment to tumor cells can even determine the outcome of tumor (Yuan et al., 2021). However, based on the importance of the amino acid metabolism, a lack of the evaluation model for amino acid metabolism-related gene signatures on the prognosis of colon carcinoma still exists, whose connection with the immune microenvironment of colon carcinoma has not been confirmed.
MATERIALS AND METHODS
Datasets
Gene expression quantification data (FPKM and counts format) for TCGA-COAD and corresponding statistics on survival and clinical outcomes were obtained from the UCSC Xena browser (http://xena.ucsc.edu/), from which 453 cases of COAD tumor tissues and 41 cases of normal tissues were extracted. Among them, HTSeq-FPKM of 430 COAD samples with survival data were converted to log2(FPKM+1) formation for subsequent analysis. HTSeq-counts were utilized for differential expression profiling. GSE17538 datasets along with clinical data obtained from https://www.ncbi.nlm.nih.gov/geo/ were used as the external validation set, which included 232 tumor samples with OS.
A total of 374 genes related to amino acid metabolic processes were obtained from the MSigDB team (REACTOME_METABOLISM_OF_AMINO_ACIDS_AND_DERIVATIVES): http://software.broadinstitute.org/gsea/index.jsp (Subramanian et al., 2005). The entire process was conducted by R (version 4.1.1).
Gene Ontology Analysis of the Differentially Expressed Genes in the Normal and Tumor Tissue Samples
Gene expression fold-change between tumor and healthy tissues was accessed for each gene using the “Desq2” R package. Adjusted p-value < 0.05 and FC > 1.5 were the screening criteria of genes enrolled for further analysis. The “clusterProfiler” R package was carried out to perform GO analyses on DEGs, which is to describe the roles that genes and proteins play inside cells. The p-value along with the q-value <0.05 was believed as a statistical significance. The “GOplot” R package was utilized to achieve the results.
Construction and Verification of a Prognostic Gene Model
The training and test sets were TCGA-COAD and GSE17538, respectively. In the training set, univariate Cox regression analyses were first implemented with a criterion of “p < 0.05.” Multivariable Cox regression using stepwise selection modeling was also applied to further select predictive genes. All Cox regression models were established by the “survival” R package. The “glmnet” R package was for LASSO analysis, which ultimately obtained the most useful predictive genes and their coefficients. The risk score of each sample based on genes screened was reckoned utilizing the following formula:
[image: image]
“Coef” was referred to the regression coefficient derived from the LASSO analysis, and “ExpGene” represented the expression of the selected genes. In TCGA-COAD, we obtained the risk score of each sample and divided the cohort into two groups according to the median risk score. Each group contains 215 patients. K–M curves using the log-rank test were applied to compare the survival probability of patients between the two groups. The time-dependent ROC was drawn employing the “timeROC” R package to appraise the accuracy of the prognostic model. In GSE17538, the formula was applied to distinguish between high (n = 111) and low (n = 121) groups. K–M plots were implemented to further validate previous results. Finally, the applicability of the model was confirmed to be valid in the external validation set.
Validation of the Prognostic Gene Model in Clinical Subgroups and Univariable and Multivariate Cox Regressions With Clinical Features
Stratified by the clinicopathological index, K–M curves were plotted to explore the feasibility of the model for different subgroups of patients. Patients were divided into two categories based on age >65 years and age ≤65 years, female and male, T1+T2 and T3+T4, N0 and N1+N2, M0 and M1, and Stages I + II and Stages III + IV, respectively. Then the p-value was calculated in K–M curves between the two groups in each category so as to confirm the applicability of risk scores. To better perform Cox regression, samples with missing clinical information have been removed. “Tis” and “Mx” were deleted to acquire a clear stratification. A total of 375 samples were included in the follow-up clinical related analysis.
Development and Evaluation of a Nomogram for Predicting the Overall Survival
A nomogram depending on the result of multivariable regression was drawn. We construct the figure using the “rms” package to calculate the 1-, 3-, and 5-year survival rates of COAD. To assess the discrimination and accuracy of the nomogram, the ROC diagrams and the calibration curves were plotted. The DCA (decision curve analysis) plotted through the “ggDCA” package was performed to assess the suitability of clinical application and help guide clinicians in decision-making. We use the “ggalluvial” R package to draw an alluvial plot to better reveal the flow of each patient with different clinicopathological features.
Functional and Pathway Enrichment Analysis
DEGs in low- and high-risk groups were achieved using the “DESeq2” R package with the standard of FDR <0.05 and log2 fold change ≥1. The GO analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis were conducted with the “clusterProfiler” package. To further analyze gene set differences between the two groups, we conducted gene set enrichment analysis (GSEA) with p < 0.05, FDR <0.25, and NES value >1.
Estimation of the Immune Cell Infiltration
The association between risk grouping and the infiltration of immune cells was in estimation. We performed three methods: ESTIMATE, CIBERSORT, and ssGSEA, utilizing R package “estimate,” “GSVA.” ESTIMATE shows the immune and stromal scores of the specimen through RNA-seq data based on ssGSEA. CIBERSORT is a deconvolution algorithm that uses gene expression profiling data to count the abundance of 22 types of immune cells. In every sample, the total of 22 immune cell type fractions was 100%. Single sample gene set enrichment analysis (ssGSEA) was performed to quantify the tumor-infiltrating immune cell subgroups and immune function between the two groups, among which 28 types of immune cells were quantified.
TMB Analysis, Protein–Protein Interaction Network, and Consensus Clustering of the Screened Nine Genes
TMB was calculated as mutations per megabase (mut/Mb), which leads a unique role in mediating antitumor immunity. A total of 399 samples with mutation information were classified into two groups in line with the prognostic model. The “maftools” R package was utilized to perform TMB analysis. The PPI network between the nine genes was performed on GeneMANIA (https://genemania.org). Consensus unsupervised clustering was performed according to the expression of the nine genes, and different molecular subtypes were obtained using the R package “ConsensusClusterPlus.”
Drug Sensitivity Analysis
To explore the clinical value of chemotherapeutic drugs, the “pRRophetic” package was utilized to calculate semi-inhibitory concentration (IC50) values for common drugs.
Weighted Gene Co-Expression Network Analysis
We conducted WGCNA utilizing the “WGCNA” R package (Langfelder and Horvath, 2008). We selected 2 as the soft power to fit the standard of the scale-free distribution. Five modules were acquired, and their relationship with risk score, stromal score, immune score, ESTIMATE score, and tumor purity was plotted. Twenty-two immune-related hub genes were obtained with appropriate values of module membership (MM) and gene significance (GS).
Statistical Analysis
The Wilcoxon rank-sum test was performed to calculate the difference between the two groups. The Kruskal–Wallis test was performed to compare three or more groups. The Spearman test was used to identify correlations between genes screened. The Kaplan–Meier method was utilized to evaluate the association between the two groups. Univariate and multivariate Cox regressions distinguished whether the risk score, age, gender, stage, T, N, and M can become independent prognostic factors. All of the statistical analyses were conducted using R 4.1.1 (p < 0.05).
RESULTS
Flowchart of the Study
RNA-seq along with clinically relevant data was obtained from the TCGA-COAD dataset. The common genes in the DEGs of TCGA-COAD and genes in GEO17538 were extracted and intersected with the amino acid metabolism gene set enriched by GSEA to obtain 145 related genes. The genes were screened to nine by univariate and multivariate regression models, and finally, a prognostic model based on nine genes was constructed by LASSO regression. First, we utilized these nine genes to analyze the protein-to-protein interaction network, along with the TMB situation, and intend to explore the prognostic value between groups by consensus clustering. Second, the K–M and ROC curves are drawn according to the risk model. Combined with clinically relevant data, the significance of the K–M curve between each group was discussed in groups, and then a nomogram was constructed. We verified it in the GEO database. Finally, GO analysis, KEGG analysis, and GSEA were performed using the risk model. According to the enriched pathways, we chose to perform subsequent immune-related analysis (Figure 1).
[image: Figure 1]FIGURE 1 | All the procedures of this study.
Identification of Common Genes Related to the Metabolism of Amino Acids in Differentially Expressed Genes of TCGA-COAD
First, 453 tumor and 41 normal samples with expression profile (counts format) downloaded from the TCGA-COAD were subjected to differential analysis (FC > 1.5, adjusted p-value <0.05), and 8,514 differentially expressed genes were obtained. Then genes were subjected to the GO enrichment analysis, and the following meaningful metabolic pathways were achieved (p-value<0.05, q-value<0.05) (Supplementary Figure S1A; Supplementary Table S1): amine transport, amino acid transport, amino acid transmembrane transport, amino acid import, and amino acid transmembrane transporter activity. It was revealed that the metabolism of amino acids occupied an important part in the progression of colon cancers. The obtained differentially expressed genes were intersected with the amino acid and derivative metabolism-related genes obtained from the GSEA official website and then combined with all the genes in the validation set GEO17538 expression profile. A total of 145 amino acid metabolism-related genes were intersected (Figure 2A). Second, we eliminated 23 tumor samples without survival data, and the remaining 430 samples were used for the subsequent Cox regression analysis. The screening standard of univariate Cox regression is p < 0.05, and 10 genes with related HR values ​​are obtained (Supplementary Table S2). Then, multivariate Cox regression utilizing the stepwise method was carried out, and gene DUOX1 was deleted (Supplementary Table S2). The final nine genes (RIMKLB, ASPG, TH, MTAP, AZIN2, PSMB2, HDC, ACMSD, and PSMA8) were obtained by LASSO regression. Among them, TH, MTAP, PSMB2, and ACMSD are highly expressed in COAD samples, while RIMKLB, ASPG, AZIN2, HDC, and PSMA8 are on the contrary (Supplementary Figure S1B).
[image: Figure 2]FIGURE 2 | Establishment of a risk model according to amino acid metabolism-related genes in TCGA-COAD and corresponding TMB analysis. (A) Intersection of DEGs of TCGA-COAD and GSE17538 and amino acid metabolism-related genes. (B,C) LASSO analysis to obtain the nine gene signatures and corresponding coefficients to build the risk model. (D,E) TMB of high- and low-risk groups. (F) Comparison of the significant mutation genes between the two groups.
Establishment of a Prognostic Model in the Training Set and TMB Analysis
The risk model was created by the LASSO regression analysis (Figures 2B,C). The risk score of each sample was obtained utilizing the following formula: (0.601934345258193) * RIMKLB + (−1.22749614731757) * ASPG + (0.331574905784151) * TH + (0.440528442325098) * MTAP + (0.665293956039793) * AZIN2 + (−0.559861290284593) * PSMB2 + (−1.19852726039675) * HDC + (0.650942798766232) * ACMSD + (1.99376791470084) * PSMA8. The samples in TCGA-COAD were bisected into two equal groups (n = 215) based on the median risk score, and the optimal cutoff value is 0.5464642. Subsequently, the somatic mutation profiles of the two groups were drawn separately (Figure 2E). Among 197 samples in the high-risk group, 23 (11.68%) were mutated, while only 10 (5.71%) of 175 in the low-risk group were mutated, which demonstrated that the group scoring more had a higher rate of mutation. Among genes screened, ASPG was the gene with the highest mutation frequency in the group scoring higher; however, it had a less mutation rate in the group scoring lower. RIMKLB has a relatively high mutation frequency in both groups, while MTAP had the lowest mutation frequency. Then, the comparison of differentially mutated genes between the two groups was displayed with a forest plot (p < 0.005), and 22 significantly mutated genes are shown in Figure 2F.
Prognostic Evaluation of the Training and Validation Sets
The evaluation of the risk model on the training and validation sets will be carried out in this part. First, we plotted the distribution of risk scores in the two cohorts: TCGA-COAD and GEO17538 (Figures 3A,B). The relationship between the patient’s survival time and survival status is shown in Figures 3C,D so that the survival information of each patient can be observed more intuitively. Subsequently, the expression of nine genes related to the amino acid metabolism in the two divided groups was exhibited with a heatmap. The expression of RIMKLB, HDC, and ASPG was relatively significant in the two groups of the two cohorts (Figures 3E,F). Next, the KM curve of the patients and the ROC at 1, 3, and 5 years were drawn. The distribution of survival curves in both training and validation sets was consistent: the group scoring higher had a poorer prognosis, and the group scoring lower had longer survival (TCGA: HR = 0.41, CI: 0.27–0.64; GEO: HR = 0.57, CI: 0.38–0.87). The two groups exhibited a different OS (TCGA: p < 0.01; GEO: p = 0.008) (Figures 3G,H). The 1-, 3-, and 5-year ROC splines were plotted; as a result of that, the robustness of the prognostic model was further confirmed (AUC of TCGA: 1 year = 0.695, 2 years = 0.703, and 3 years = 0.695; AUC of GEO: 1 year = 0.647, 2 years = 0.595, and 3 years = 0.613) (Figures 3H,I).
[image: Figure 3]FIGURE 3 | Validation of the risk model in TCGA-COAD and GSE17538. (A,B) The distribution of risk score in COAD patients. (C,D) Distribution of survival time in COAD patients. (E,F) Expression of the nine genes between the two groups in two datasets (***p < 0.001, **p < 0.01, *p < 0.05, ns: p ≥ 0.05). (G,H) K–M curves of the two groups in two datasets (TCGA-COAD: p < 0.001, GSE17539: p = 0.008). (I,J) Time ROC of 1, 3, and 5 survival years of COAD patients in the training and validation sets. The area under the curve is the AUC value (AUC of TCGA-COAD: 1 year = 0.695, 3 years = 0.703, and 5 years = 0.695; AUC of GSE17538: 1 year = 0.647, 3 years = 0.595, and 5 years = 0.613).
Associations Between Risk Model and Clinicopathological Variables
The discrepancy of risk scores by age, sex, pathological stage, and TNM stage of malignancy as defined by the AJCC is shown in Supplementary Figures S2A,B. Despite the indistinctive discrepancy in the risk score by age and sex, there were significant correlations in T, N, M, and stage (p-value: T: <0.01, N: <0.01, M: <0.01, stage: <0.01). The risk score increased with TNM and stage. Then, to verify whether the prognostic model would be different in subgroups with different clinical characteristics, KM curves grouped according to clinical information were drawn, including age ≤65 years vs. age>65 years, female vs. male, T1+T2 vs. T3+T4, N0 vs. N1+N2, M0 vs. N1, and Stage I + II vs. Stage III + IV (Figure 4A). Interestingly, no difference in age, M, and stage grouping was observed. In gender, the risk model had a higher accuracy of prediction for the outcome of male COAD patients (p < 0.01). For the T stage, the prognostic model was more suitable in COAD patients with a higher degree of invasion (p < 0.01). In the N stage, the N0 group is more suitable for the application of the prognostic model than the N1+N2 group. In conclusion, this prognostic risk model is more suitable for male COAD patients with a higher degree of local invasion but no lymph node metastasis. We then performed a univariate Cox regression on age, gender, T, N, M, stage, and risk score (Figure 4B), and it showed that gender was not a prognostic risk factor, but risk score along with age, TNM, and stage was qualified with a higher HR value (HR = 2.91, CI: 2.16–3.93, p < 0.01). Through the multivariate Cox analysis, clinically relevant variables were screened to age, T, stage, and risk score. The risk score still had a higher risk fold (HR = 2.18, CI: 1.60–2.95, p < 0.01), drawn by a forest plot (Figure 4C). This illustrated that the calculated score was equal to becoming an independent risk factor.
[image: Figure 4]FIGURE 4 | K–M curves of the risk model classified by clinicopathology features (A), including age (≤65 years and >65 years), gender (female and male), T (T1+T2 and T3+T4), N (N0 and N1+N2), M (M0 and M1), and stages (I + II and III + IV). (B) Univariable Cox regression of the risk score linked with clinicopathology characters (age, gender, T, N, M, stage, and risk score). (C) Multivariable Cox regression of the risk score combined with the screened clinicopathology characters (age, T, stage, and risk score).
Development of a Nomogram for Survival Prediction
Compared with conventional clinical characteristics, the nomogram can directly use the graph to calculate the values of variables and then add them together, finally calculating the survival probability of the individual through the functional transformation relationship between the total points and the probability of the outcome event. Here we built a scoring system for each TCGA-COAD patient, which could calculate the total score according to the variables of age, T, stage, and risk score screened out by multivariate Cox regression, to predict patients’ OS of 1, 3, and 5 years (Figure 5A). In addition, to evaluate the precision of the nomogram predictions, calibration plots (Figure 5B) and ROC curves (Figure 5C) at 1, 3, and 5 years were drawn. The 1-, 3-, and 5-year AUC values all illustrated the credible specificity and sensitivity of the nomogram (AUC: 1 year = 0.831, 3 years = 0.830, and 5 years = 0.803). The alluvial plot visualized the shunting and OS of each COAD patient based on clinical features and group of risk score (Figure 5D). The DCA chart was used to evaluate the net benefit of the nomogram in predicting survival, demonstrating the high clinical efficacy of the constructed nomogram (Supplementary Figure S2C).
[image: Figure 5]FIGURE 5 | Establishment of a nomogram using the screened variable and the validation analysis. (A,B) The constructed nomogram and its correction curves. (C) AUC of the time ROC at 1, 3, and 5 years are 0.831, 0.830, and 0.803, respectively. (D) Alluvial plot shows the outcome of each COAD patient.
The Enrichment of Immune-Related Pathways and the Relationship Between the Prognostic Risk Model and Immune Cell Infiltration
Differential genes between the classified two groups of TCGA-COAD were used for GO analysis, KEGG analysis, and GSEA. GO enriched 505 pathways, including external encapsulating structure organization, mitochondrial inner membrane, tubulin binding most significantly enriched in biological process (BP), cell component (CC), and molecular function (MF) (Supplementary Figure S3A; Supplementary Table S3). Meanwhile, 334 pathways were also enriched in KEGG, of which Herpes simplex virus 1 infection was the most significant (Supplementary Table S4). Interestingly, the group scoring higher was related to the calcium, Ras, Rap1, and TGF-beta signaling pathway (Figure 6A). Subsequently, 667 pathways were enriched by GSEA (|NES| >1, p-value <0.05, q-value <0.25) (Supplementary Table S5). Particularly, the low group was associated with the cell killing risk pathway, production of molecular mediator of immune response pathway, myeloid leukocyte-mediated immunity pathway, leukocyte-mediated immunity pathway, humoral immune response pathway, cell activation involved in the immune response pathway, and antimicrobial humoral immune response mediated by the antimicrobial peptide pathway (Figure 6B). This illustrated that our risk model was tightly linked to the immune of COAD. Then, ESTIMATE was applied to assess the tumor microenvironment (TME). In StromalScore and ESTIMATEScore, the scores between the two risk groups were not significant (p > 0.05). On the contrary, it was relatively significant in ImmuneScore (p = 0.057), with a higher trend seen in the low-risk group (Supplementary Figure S3B). To further estimate the association between the proportion of immune cells and the two groups, we utilized “Cibersort” to calculate tumor immune cell infiltration proportionally. In higher risk samples, the proportion of Macrophages M0 was higher. In lower risk samples, plasma cells, T cells, CD4 memory activated cells, NK cell activated, mast cell resting, eosinophils, and neutrophils are more aggregated (Figure 6C). An immune infiltration rainbow diagram of 430 patients is presented in Supplementary Figure S3C, with the horizontal axis representing samples, the left half representing the low-risk group, and the right half on behalf of the high-risk group. The vertical axis was the proportion of immune cell infiltration. The figure vividly exhibited the aggregation of immune cells in each patient. Meanwhile, the correlation analysis of nine genes related to the amino acid metabolism and 22 types of immune cells was carried out, the results of RILKMB, AZIN2, PSMB2, and HDC were more associated with these immune cells (Figure 6D). ssGSEA showed that compared to samples with a higher risk score, there existed significant differences in the expression of activated CD8 T cells, activated B cells, activated dendritic cells, CD56dim natural killer cell, gamma delta T cell, mast cell, monocyte, neutrophil, and type 17 T helper cell in samples with lower scores (Figure 6E). In conclusion, the group scoring lower showed a stronger immune infiltration response than the group scoring higher. Paclitaxel and Shikonin are common chemotherapeutic drugs screened with significant differences. Paclitaxel has a higher sensitivity in the high-risk group, while Shikonin has a higher sensitivity in the low-risk group (Supplementary Figure S4).
[image: Figure 6]FIGURE 6 | Enrichment analysis using DEGs of the two groups showed an association with immunity. (A) A dot chart of the KEGG. (B) GSEA illustrated that there was a connection between low-risk group and the tumor immunity. (C) The correlation between the nine genes and immune cells. (D,E) CIBERSORT and ssGSEA verified the connection (***p < 0.001, **p < 0.01, *p < 0.05, ns: p ≥ 0.05).
Identification of Molecular Subtypes Employing the Amino Acid Metabolism-Related Nine Genes
This part presented the relationship between the nine amino acid metabolism-related genes and TMB, as well as the connection and interaction between the nine genes, and finally used consensus clustering to determine whether these nine genes could divide patients into different molecular subtypes. First of all, TMB analysis showed that the mutation frequency of RIMKLB, ASPG, PSMA8, and TH was higher than that of the remaining genes in 399 samples. It is worth mentioning that RIMKLB also has a certain degree of correlation with immune cells, which means that this gene may be used as an immune drug target (Figure 7A). The Spearman correlation coefficients of the nine genes are presented in Figure 7B. RIMKLB, HDC, and AZIN share a significant positive correlation (p < 0.001; Figure 7B). Through the PPI network analysis, AZIN2 correlated with four other genes, which may function as a hub gene. Meanwhile, PSMA8 was strongly associated with PSMB2 (Figure 7C). Finally, consensus clustering analyses were performed to form different molecular subtypes. The results suggested considerably seven categories (Figures 7D–F). Based on survival analysis, molecular subtypes exhibited various OS, which well demonstrated the possible biological contribution of molecular subtype classification methods (Figure 7G). The analysis also showed that the selected nine genes have a high potential to be biomarkers for COAD, demonstrating that the amino acid metabolism-related genes may possess a part to play in clinical contribution.
[image: Figure 7]FIGURE 7 | Interrelationships of nine genes involved in the amino acid metabolism. (A) TMB analysis of the nine genes in 399 samples of TCGA-COAD. (B) Spearman correlation analysis of the nine genes (***p < 0.001, **p < 0.01, *p < 0.05). (C) Protein interaction network analysis. (D–F) Consensus cluster analysis divides the gene signature into seven categories. (G) Validation of the seven clusters in the K–M plot.
Hub Genes Associated With Immunity and Amino Acid Metabolism Identified in Weighted Gene Co-Expression Network Analysis
A total of 1283 DEGs were yielded between the two risk groups. The modules related to immune-related score were obtained by WGCNA (Figures 8A–C). Correlation between the Turquoise module and ESTIMATE score (R = 0.64, P = 2E-51), and risk score (R = 0.25, P = 2E-07) is shown in Figure 8C. After that, we obtained 22 hub genes in the Turquoise module (PRELP, PLN, AOC3, COL8A1, MPDZ, STON1, LMOD1, RNF150, MSRB3, CACNA2D1, NAP1L3, BNC2, SGCD, FNDC1, HSPB8, FBN1, CCDC80, TNS1, MYLK, DDR2, MAP1A, and BOC) using a criterion of MM > 0.85 and GS > 0.25.
[image: Figure 8]FIGURE 8 | immune-related genes were identified in WGCNA. (A) Filtering of soft power. (B) Diagram of five modules with different colors. (C) Heatmap of the correlation between modules and immune-related scores. (D) Identification of genes with high GS and MM (GS > 0.25, MM > 0.85).
DISCUSSION
Metabolism reprogramming is considered a hallmark of cancer. This biochemical process is ruled by oncogenic and tumor suppressor genes, which offered energy, reducing equivalents and biosynthetic precursors for tumors (Vander Heiden and DeBerardinis, 2017). Amino acid metabolism, taking part in metabolism reprogramming, proves to participate in the proliferation of cancer (Li and Zhang, 2016; Vettore et al., 2020). Glutamine, serine, and glycine, which are recently being focused on, act as raw materials for protein synthesis as well as metabolic regulators to control cell development (Li and Zhang, 2016). Recoding of the amino acid metabolism also applies to colorectal cancer. In CRC with mutated KRAS, the upregulation of ASNS enables the tumor to adapt to high glutamine demands (Toda et al., 2016). In addition, PKCζ can negatively regulate serine–glycine biosynthesis in colorectal cancer in the absence of glucose, thereby promoting intestinal tumorigenesis in Apcmin mice (Ma et al., 2013). CRC occupies a third in incidence and mortality worldwide. Although its mortality rates are decreasing, the decline has slowed down in recent years (Sung et al., 2021). It is worthy to mention that the 5-year survival rate with distant advanced colon cancer is down to 14%, which indicates that how to evaluate the prognosis of COAD has become one of the key points (Mattiuzzi et al., 2019). Given the valuable potential that the amino acid metabolism demonstrates in COAD, we built a prognosis risk model for assessing COAD patients’ outcomes.
Our study collected RNA-seq expression profiles of TCGA-COAD as well as GEO17538 and corresponding clinical data. Through the GSEA website, we acquired genes related to the amino acid metabolism, applying them to obtain the intersection of three gene sets. Then, univariable and multivariable Cox regressions, as well as LASSO analysis, were applied to select genes concerning prognosis. Finally, nine prognostic related genes were obtained to establish a risk model. Among the nine genes, ribosomal modification protein rimK like family member B (RIMKLB) is a protein-coding gene involved in the glutamine family amino acid metabolic process and cellular protein modification process, which is proved to be associated with prognosis and clinical stage (Li et al., 2021). Asparaginase (ASPG) is known to be related to asparagine degradation. A study discovered that asparaginase is highly noxious to CRC with WNT-activating mutations inhibiting GSK3 (Hinze et al., 2020). Tyrosine hydroxylase (TH), a rate-limiting enzyme in the synthesis of catecholamines, is possible to be down-regulated in COAD, which may affect the neural integrity of the perivascular plexus (Chamary et al., 2000). As the first step of the salvage pathway for methionine, methylthioadenosine phosphorylase (MTAP) accelerates the proliferation and metastasis of CRC through epithelial–mesenchymal transition (EMT) (Chamary et al., 2000). Antizyme inhibitor 2 (AZIN2) takes part in the ornithine metabolic process and is identified to be an element for a poor prognosis in CRC, actuating aggressiveness of cancer cells with morphological characters of EMT (Kaprio et al., 2019). Proteasome 20S subunit alpha 8 (PSMA8) is predicted to participate in the meiotic cell cycle and proteasomal protein catabolic process, and its genetic variants are identified to link with the survival of CRC (Jiao et al., 2018). Histidine decarboxylase (HDC), which plays a role in the process of histidine catabolic, correlates with CRC stage and blood supply (Masini et al., 2005). Moreover, HDC-expressing granulocyte myeloid cell subsets regulate CD8 T cells by the regulation of Tregs and therefore are of vital importance in suppressing tumoricidal immunity (Chen et al., 2017). In summary, our study corroborated again that RIMKLB, TH, MTAP, AZIN2, HDC, and PSMA8 are directly or indirectly associated with the progression and prognosis of CRC. However, research on proteasome 20S subunit beta 2 (PSMB2) and aminocarboxymuconate semi-aldehyde decarboxylase (ACMSD) are waiting to be explored in bowel cancer.
We then utilized the prognostic risk model acquired by the former analysis to divide patients into two groups utilizing the median risk score. The OS of the two groups was evaluated, and as a result of that, the prognosis of the two showed significant discrepancy (p < 0.0001). This difference was verified in GEO17538, which proved that to a certain degree, the amino acid metabolism partakes in the prognosis of COAD patients. With analyses related to clinicopathological features further conducted, we concluded that risk scores derived from genes associated with the amino acid metabolism can become a measure of COAD patient prognosis. The model is suitable for male patients with higher T stage but no metastasis of lymph node (Figure 4A), which is more convincing than using one single gene as a grouping criterion to estimate the outcome. To better evaluate the adaptability and scientificity of the risk model, we compared our research with other prognostic signatures of the amino acid metabolism in different cancers. In hepatocellular carcinoma, the identification of amino acid catabolism-related genes was performed to construct a risk model (Zhao et al., 2021). They applied LASSO analysis, built a nomogram combined with clinical data, put functional enrichment analysis into practice, and added experiments in validating genes’ expression. However, immune cell infiltration analysis they explored had not been conducted more in-depth. In osteosarcoma, Wan et al. created a risk model for osteosarcoma using glutamine metabolism-related genes. While immune microenvironment analysis was still waiting to be verified (Wan et al., 2022), Jiang et al. investigated genes related to branched-chain amino acid (BCAA) metabolism in pancreatic cancer. They constructed the risk model by the univariable Cox regression and LASSO analysis while lacking definite specificity and sensitivity tests and relatively convincing immune cell analysis (Jiang et al., 2022). Therefore, combining the methods and results of these studies, we explored the prospect of our prognostic model in clinical applications, corresponding immune infiltration analysis, which may exhibit the close contact between amino acid metabolism and tumor microenvironment.
Cell proliferation, continued growth, and avoidance of cell death are hallmarks of cancer, which require massive energy (Hanahan and Weinberg, 2011). Growing evidence suggests that interactions between immune cells and metabolites might be significant in regulating immunity and tumor immunoevasion (DePeaux and Delgoffe, 2021). Meanwhile, the screening of immune targets plays a key role in the immunotherapy of MSI-H colorectal cancer (Liu J. et al., 2021; Liu et al., 2022). In our study, the group scoring lower had more immune cell infiltration, the cause of which can be explained as follows. Glutamine acts as a principal amino acid for energy generation and functions as a metabolic intermediate. A study shows that the blockage of glutamine in mice with colon cancer inhibits the metabolic process of tumor cells in oxygen and glucose. Oppositely, effector T cells adapt to glutamine antagonism by altering their oxygen metabolism for a long-live, more activated phenotype (Leone et al., 2019). RIMKLB participates in the glutamine family amino acid metabolic process. The low-risk group had a relatively low expression of RIMKLB but achieved a stronger T-cell infiltration (Figure 6E), which justified the lack of glutamate and the self-adaptation of T cells. In addition, TMB analysis revealed that RIMKLB may have the potential to be an immune target (Figure 7A). MTAP is involved in methionine catabolism. Methionine is required for T-cell differentiation, and a reduction in methionine results in the decrease of the level of epigenetic methyl donor S-adenosyl-l-methionine (Roy et al., 2020). Studies demonstrate that CD8+ T cells isolated from methionine-deficient tumors are also deficient in S-adenosyl-l-methionine, leading to lower expression of STAT5, a signaling pathway that is essential for T cells’ response to IL-7 and IL-15 (Tripathi et al., 2010). Colorectal tumor cells are discovered to contend with T cells for methionine simultaneously in TME (DePeaux and Delgoffe, 2021). Our study revealed that the group scoring higher had more expression of MTAP, which indicated a shortage of methionine. It is consistent with the depletion of methionine due to the massive demand for tumor cells and T cells. Meanwhile, this matches the result of the disruption of the T-cell methionine metabolic pathway by tumor cells (Bian et al., 2020). Furthermore, PSMA8 predicts favorable outcomes in cancer and is associated with immune response signaling, which corresponded with our study (Chiao et al., 2021). In addition, PSMB2 shares the same conclusion with PSMA8. ACMSD ultimately regulates the metabolic outcome of tryptophan (Trp) catabolism. Depletion of Trp and Trp-Kyn-AHR-related metabolism results in cancer immunity evasion (Wang and Zou, 2020), which shares consistency with our study. L-asparaginase (ASPG) is used to treat acute lymphoblastic leukemia (Couturier et al., 2015; Touzart et al., 2019), where a significant up-regulated relationship with the low-risk group is observed. The massive immune infiltration of the low-risk group indicated an association between ASPG and TME, which is worthwhile exploring. In conclusion, our research established that a prognostic marker of amino acid metabolism is closely linked to the tumor immune microenvironment. The signature provides guidance for the evaluation of the survival of patients along with the direction and targets of treatment. PSMB2 and ACMSD were newly identified in COAD as prognostic related genes, the mechanism of which can be further explored.
There are some limitations to our study. First, we used public databases for analysis. Therefore, the genes related to the amino acid metabolism had not been verified in vitro experiments. The underlying mechanisms associated with immune regulation have not been elucidated. In addition, as a retrospective study, there is some potential bias compared to prospective studies. Research with more COAD patients should be conducted for further validation.
CONCLUSION
In summary, we identified nine novel amino acid metabolism-related gene signatures in COAD. Then a risk model was built and combined with clinical features. Furthermore, we discussed the relationship between the model and tumor immunity. While more samples should be included to increase credibility, a deeper mechanism should be explored.
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Background: Extensive research revealed copper and lncRNA can regulate tumor progression. Additionally, cuproptosis has been proven can cause cell death that may affect the development of tumor. However, there is little research focused on the potential prognostic and therapeutic role of cuproptosis-related lncRNA in OSCC patients.
Methods: Data used were for bioinformatics analyses were downloaded from both the TCGA database and GEO database. The R software were used for statistical analysis. Mapping was done using the tool of FigureYa.
Results: The signature consist of 7 cuproptosis-related lncRNA was identified through lasso and Cox regression analysis and a nomogram was developed. In addition, we performed genomic analyses including pathway enrichment analysis and mutation analysis between two groups. It was found that OSCC patients were prone to TP53, TTN, FAT1 and NOTCH1 mutations and a difference of mutation analysis between the two groups was significant. Results of TIDE analysis indicating that patients in low risk group were more susceptible to immunotherapy. Accordingly, results of subclass mapping analysis confirmed our findings, which revealed that patients with low riskscore were more likely to respond to immunotherapy.
Conclusion: We have successfully identified and validated a novel prognostic signature with a strong independent predictive capacity. And we have found that patients with low riskscore were more susceptible to immunotherapy, especially PD-1 inhibitor therapy.
Keywords: oral squamous cell carcinoma, cuproptosis, signature, prognosis, immunotherapy
BACKGROUND
Oral squamous cell carcinoma (OSCC) is one of the most common tumors in head and neck with the highest degree of malignancy, with more than 370,000 new cases diagnosed and 177,000 deaths worldwide (Sung et al., 2021). Epidemiological studies showed that OSCC is more prevalent in men, partly due to factors such as alcoholism and smoking (Warnakulasuriya, 2009). Despite improvements in imaging technologies, surgical methods, radiation treatment, and chemotherapy, there has been no significant improvement in the 5-year survival rate of OSCC patients (Kumar et al., 2016; Zanoni et al., 2019). Worse still, many OSCC patients still battle with the terrible side effects even after receiving treatment, including depression, nutritional deficiencies and damage of the patient’s appearance and ability to complete daily activities (Parke et al., 2022). Currently, histological characteristics are the basis for vast majority of the clinical prediction signatures. Therefore, it is essential to find more effective targets that accurately predict the prognosis of OSCC in order to enhance clinical diagnosis and patient treatment.
Copper (CU), a necessary nutrient for all living organisms, functions as a cofactor in numerous metabolic enzymes and plays an essential role in diverse fundamental biological processes (Grubman and White, 2014). In recent research, it was found that cancer patients had much higher copper levels in their blood and tumor tissues compared to healthy controls (Blockhuys et al., 2017). A recent study proposed a novel form of copper-induced cell death, which is defined cuproptosis, demonstrating that excessive intracellular copper induced proteotoxic stress leading to cell death (Tsvetkov et al., 2022). However, there are few research focused on the cuproptosis and its biological functions in OSCC. Therefore, whether copper-induced cell death is involved in the occurrence and development of OSCC is worthy of our further study. Meanwhile, we noticed the long noncoding RNA (lncRNA), a well-regulated gene regulator, playing a part in various biological and cellular processes, was closely involved in tumorigenesis and progression of various cancers (Fatica and Bozzoni, 2014). Accordingly, a large amount of literature suggested that lncRNA can be used to evaluate cancer prognosis and guide clinical therapies in various tumors including OSCC. For example, lncRNA HOXA11-AS was highly expressed in OSCC tissues and cells compared with healthy controls, which contributes actively to the development of OSCC (Niu et al., 2020). Additionally, in the AKT/mTOR pathway, lncRNA CASC9 helps promote OSCC progression by stimulating cell proliferation and suppressing autophagy-mediated apoptosis (Yang et al., 2019). Moreover, a novel lncRNA ORAOV1-B that can enhance the invasion and metastasis of OSCC by binding to Hsp90 and activating the NF-κB-TNFα signaling loop (Luo et al., 2021). In light of the importance of cuproptosis and lncRNAs, new approaches to predicting the prognosis of OSCC patients may be possible.
In this study, to understand the potential role of cuproptosis-related lncRNA in OSCC, we systematically performed analyses including cox regression analysis, nomogram analysis, pathway enrichment analysis, mutation analysis and immune analysis. Finally, a cuproptosis-related lncRNA based signature was successfully constructed and validated, which could effectively predict prognosis of OSCC patients. Notably, our findings revealed that patients with low riskscore were more susceptible to immunotherapy including PD-1 inhibitor therapy. By taking these results into account, we will be able to better understand the role of cuproptosis-related lncRNA in OSCC and develop personalized treatments for each patient.
METHODS
Data acquisition and preprocessing
RNA-sequencing data (row count files) and corresponding clinical information of patients with head and neck squamous cell carcinoma (HNSC) were downloaded from the TCGA database (https://portal.gdc.cancer.gov) and GEO database (https://www.ncbi.nlm.nih.gov/geo). TCGA data with anatomic neoplasm subdivision were alveolar ridge, base of tongue, buccal mucosa, floor of mouth, hard palate, hypopharynx, lip, oral cavity, oral tongue, oropharynx and tonsil (OSCC) served as the training cohort, and GSE42743 data served as the validation cohort. All the data were preprocessed by the following steps: standardized the mRNA expression data, patients with well-annotated clinical follow-up information including survival status and survival time more 30 days were selected, merged the mRNA expression data with the clinical information. All the cuproptosis-related genes (n = 13) were collected from the known literature (Tang et al., 2022).
Construction of cuproptosis-related lncRNA prognostic signature
After preprocessing RNA-sequencing data and corresponding clinical information, a total of 390 OSCC patients in TCGA database were identified as a training cohort, and a total of 206 data in GEO database were identified as a validation cohort. Pearson’s correlation analysis was performed to determine the correlation coefficient between the expression of cuproptosis-related genes and the lncRNAs. Then, lncRNAs we regarded as cuproptosis-related lncRNAs according to the following criteria: | correlation coefficient | >0.4 and p value less than 0.001 (p < 0.001). Next, the lncRNAs associated with overall survival (OS, the time from registration to death from any cause) time of OSCC patients were identified using univariate Cox regression analysis. These lncRNAs were further screened using the lasso regression analysis based on the “glmnet” R package. Following this, a cuproptosis-related lncRNA prognostic signature was constructed based on the cuproptosis-related lncRNAs which were associated with OS identified by multivariate Cox regression analysis. Importantly, the formula used to calculate the riskscore of OSCC patients as follows:
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In this formula, exp (cuproptosis-related lncRNAi) indicated the expression of these lncRNA, and coef (lncRNAi) indicated the Cox coefficient of the these lncRNAs in the signature.
Verification of the signature and development of the nomogram
First, we used the ‘maxstat’ R package (maximally selected rank statistics with severe p-value approximations version: 0.7–25) to calculate the optimal cut-off value of riskscore in both training and validation cohort. Based on the optimal cut-off value of riskscore, all patients were stratified into high-risk score group and low-risk score group. In order to be close to the clinical situation, patients with survival time less than 10 years were selected for the further analysis. Then, the ‘survival’ R package was used to analyze the differences in prognosis between the two groups, and the significance of prognostic differences between the two groups was evaluated using the log-rank test method. Next, the area under the ROC (AUC) corresponding for 1-, 3-, and 5-years were calculated to estimate the predictive accuracy of the signature. Further, we conducted univariate and multivariate Cox regression analyses to investigate whether the riskscore could serve as an independent prognostic factor for OSCC patients. Finally, a nomogram was established based on the riskscore and different clinical factors (including age, gender, grade and stage), and the calibration curve for 1-, 3-, and 5 years were plotted to assess the utility of the nomogram.
Pathway enrichment analysis and mutation analysis
On the one hand, positive immunotherapy-related signatures were gathered from the known literature, and enrichment scores were quantified using ‘GSVA’ R package (Hu et al., 2021). On the other hand, hallmark gene set (https://www.gsea-msigdb.org/gsea/downloads.jsp) was also selected to employ correlation analysis with riskscore. In addition, gene set enrichment analysis (GSEA) was conducted using the ‘ClusterProfiler’ R package with curated gene sets, ontology gene sets and oncogenic signature gene sets as reference sets. Then, somatic mutation data of all tumors from cBioPortal database (https://www.cbioportal.org/datasets) were gathered to compare differences of tumor mutation burden (TMB) values between OSCC patients and patients with other tumors. Finally, genes with more than 10 mutations and p < 0.05 between the two groups were considered mutation-differential genes, and interaction effect analysis was performed among these mutation-differential genes using ‘maftools’ R package.
Exploration of immune features and prediction for immunotherapy
Based on the expression profile, we used the ‘ssGSEA’ R package to calculate scores of 35 immune infiltrating signatures for each sample. Then, correlation analyses were performed between the expression of each signature lncRNA and 22 immune cells. Immune scores, stromal scores and estimate scores was calculated using ‘estimate’ R package. Further, differential expression analysis of 50 immune-checkpoint–relevant genes was conduct between the two groups. Importantly, immunotherapeutic response was predicted by tumor immune dysfunction and exclusion (TIDE) algorithms, that patients with TIDE score >0 were regarded not be susceptible to immunotherapy, and patients with TIDE score <0 were regarded be susceptible to immunotherapy (Jiang et al., 2018). Moreover, subclass mapping algorithm was applied to determine the appropriateness of patients between two risk groups for CTLA-4 inhibitor therapy or PD-1 inhibitor therapy (Hoshida et al., 2007). Finally, the pharmacy medicine response of subtype samples was also predicted based on the largest public pharmacogenomics database [Pharmaceutical Sensitivity Genomics in Cancer (GDSC), https://www.cancerrxgene.org/].
Statistical analysis
All the R packages used were based on the R software (version 4.0.2). Statistical significance for comparisons between two groups was compared using Wilcox test, and continuous variables were compared using Wilcoxon rank-sum test. All p values were set as two-sided, and a p value < 0.05 was regarded as statistically significant.
RESULTS
Data processing and identification of cuproptosis-related lncRNAs
The flow chart of our study was shown in Figure 1. After normalizing the expression data and excluding clinical data with missing survival information, a total of 390 OSCC patients in TCGA were assigned into the training cohort and 206 OSCC patients in GSE42743 were assigned into the validation cohort. A total of 13 cuproptosis-related genes were collected from the known literature. Finally, based on co-expression analysis using pearson’s correlation algorithm with the criteria |Cor| > 0.5 and p < 0.001, 917 cuproptosis-related lncRNAs were identified and were listed in Supplementary Table S1.
[image: Figure 1]FIGURE 1 | The flow chart of our study.
Cuproptosis-related lncRNA based prognostic signature
Figure 2A showed the results of the co-expression analysis between cuproptosis-related genes and lncRNAs. Then, univariate Cox regression proportional hazards analysis was performed on these cuproptosis-related lncRNAs, among which 24 lncRNAs associated with OS with p < 0.01 were screened (Supplementary Table S2), and Figure 2B showed the 14 lncRNAs with the lowest p value. Furthermore, 24 OS-related lncRNAs extracted were performed lasso cox regression analysis after 1,000 iterations for further selection (Figures 2C,D). As shown in Figure 2E, we constructed a prognostic signature consist of 7 cuproptosis-related lncRNAs in the training cohort including AC090587.2, C6orf99, AL513190.1, AC010894.2, AC099850.4, RPL23AP7, AC098484.2, and coefficients for each signature lncRNA were obtained using multivariate Cox regression analysis (Supplementary Table S3). For each prognostic lncRNA, we also conducted kaplan-meier (K-M) survival analysis to compare the OS time between the groups with high and low expression (Figure 2F).
[image: Figure 2]FIGURE 2 | Identification of cuproptosis-related lncRNA based prognostic signature. Notes: (A) Correlation analysis between the expression of cuproptosis-related genes and the lncRNAs. (B) Univariate cox regression analysis of cuproptosis-related lncRNAs. (C,D) Lasso regression analysis screened 24 cuproptosis-related lncRNAs (E) Forest plot of 7 prognostic lncRNAs identified by multivariate cox regression analysis (F) Kaplan-Meier survival curves of signature lncRNAs in OSCC.
Evaluation and verification of the prognostic signature
Based on the ‘maxstat’ R package (Maximally selected rank statistics with several p-value parity Version: 0.7–25), the optimal cut-off values of riskscore calculated were 1.212793 in training group and 1.23567 in validation group. Based on this, patients were divided into high and low groups, and the ‘Survival’ R package was further used to analyze the difference in prognosis between the two groups. To compare prognosis between groups based on samples, the log-rank test was applied in patients with survival time less than 10 years, and a significant difference in prognosis was finally observed in both training cohort (Figure 3A; HR = 2.38 (1.75–3.24), p = 1.3e−08) and validation cohort (Figure 3B; HR = 1.92, p = 8.6e−e), indicating that riskscore may predict the prognosis of OSCC patients. In tandem with the increase in riskcore, the mortality rate of patients also increased dramatically both in training cohort (Figure 3C) and validation cohort (Figure 3D). Furthermore, the time-dependent AUC values were calculated to assess the predictive sensitivity and specificity of the signature. Results showed that the AUC value corresponding for 1-, 3-, and 5-years were 0.68, 0.69, and 0.69 in the training cohort (Figure 3E) and 0.64, 0.54, and 0.95 in the validation cohort (Figure 3F). In addition, univariate and multivariate Cox regression analyses were performed to investigate whether the riskscore could serve as an independent prognostic factor. Univariate Cox regression showed that stage (p = 7.85e−05) and riskscore (p = 1.21e−13) were associated with the prognosis (Figure 3G). However, the multivariate Cox regression analysis revealed that only the riskscore rather than other clinical factors such as alcoholism and smoking remained being predictive for the prognosis (Figure 3H). More remarkably, we found that no difference in riskscore between patients in the treated and untreated groups, suggesting that riskscore was independent of whether patients have received treatments (Figure 3I).
[image: Figure 3]FIGURE 3 | Identification of cuproptosis-related lncRNA based prognostic signature. Notes: (A,B) Kaplan-Meier curve analysis of the signature between two groups in both training cohort and validation cohort. (C,D) In the risk plot, the mortality rate of patients dramatically increased with an increase in riskcore. (E,F) Time-dependent ROC curve analysis of 1-,3- and 5 years in both training cohort and validation cohort. (G,H) Univariate and multivariate cox regression analysis of between the riskscore and clinical features of the signature. (I) Differential expression analysis of riskscore in patients with different treatments status.
Development of the riskscore based nomogram
Based on ‘rms’ and ‘nomogramEx’ R packages, a riskscore-based nomogram was established with other clinical factors including age, gender, grade, stage (Figure 4A). C-index was calculated using bootstrap method with 1000 resamples to assess the utility of the nomogram, from which we obtained the C-index of the nomogram was 0.635. In addition, calibration curves for predicting the probability of 1-, 3- and 5-years for OSCC patients were plotted (Figures 4B–D).
[image: Figure 4]FIGURE 4 | Development and Validation of a riskscore based nomogram. Notes: (A) A riskscore based nomogram was constructed based on riskscore and clinical characteristics of OSCC. (B–D) Calibration curves of the nomogram for the estimation of survival rates at 1-(B), 3-(C) and 5 years(D).
Pathway enrichment and tumor mutation burden
Each patient was assigned an enrichment score based on the known immunotherapy-related signatures and hallmark gene set using ‘GSVA’ R package. Then the result of correlation analysis between these signatures and riskscore showed that the riskscore was positively correlated with almost all of these immunotherapy-related positive signatures (Figure 5A). To further clarify the roles of biological processes and pathways in OSCC patient prognosis, we choose curated gene sets, ontology gene sets and oncogenic signature gene sets as reference sets to conduct GSEA analysis between two groups (Figures 5B–G). Meanwhile, somatic mutation data of all tumors from TCGA were gathered and we found that level of TMB value in OSCC patients was relatively higher compared with other most tumors (Figure 6A). Furthermore, the mutational landscapes of both high-risk group and low-risk groups were visualized, from which we can observe that patients in both high-risk group and low-risk groups were prone to TP53, TTN, FAT1 and NOTCH1 mutations (Figures 6B,C). Moreover, genes with more than 10 mutations and p < 0.05 between the two groups were considered differentially mutated genes. Analysis of mutation difference between two risk groups was performed, and results revealed that USP34, ASXL3, LRRTM1, TPTE, PIK3CA, ATRX, CACNA1C, DSP and KMT2E were differentially mutated genes in low-risk group while TP53, AJUBA, CDKN2A and NEB were differentially mutated genes in high-risk group (Figure 6D). In addition, interaction effects were observed among mutations of these genes (Figure 6E).
[image: Figure 5]FIGURE 5 | Pathway enrichment analysis of the signature. (A) Correlation analysis between riskscore and the enrichment scores of immunotherapy-predicted pathways as well as hallmark gene signatures. (B,C) Using curated gene sets, GSEA analysis was performed between two risk groups. (D,E) Using ontology gene sets, GSEA analysis was performed between two risk groups. (F, G) Using oncogenic signature gene sets, GSEA analysis was performed between two risk groups.
[image: Figure 6]FIGURE 6 | Tumor mutational analysis of the signature. Notes: (A) Distribution of TMB values of all tumors in TCGA database. (B, C) Mutational landscapes of both high-risk group and low-risk groups. (D, E) Forest plot of differentially mutated genes in patients between two risk groups.
Immunity exploration and immunotherapy response prediction
The ‘ssGSEA’ R package was firstly performed to quantify scores of 35 immune infiltrating signatures including immune cells and immune functions for each patient, from which significant differences were observed between the two groups (Figures 7A,B). Then correlation analyses were also conducted between the expression of each signature lncRNA and 22 immune cells (Figures 7C–I). Meanwhile, the ‘ESTIMATE’ R package was performed to calculate the immune scores, stromal scores and estimate scores for each patient, and we all these scores were higher in patients with low riskscore compared with patients with high riskscore (Figures 8A–C). Given that immune checkpoint inhibitor therapy has shown important clinical advances in different tumors, the distribution of 50 immune-checkpoint–relevant genes between the two groups was presented in Figure 8D. In addition, analysis of correlations revealed that riskscore correlated negatively with CTLA4 and PD-1 expression (Figure 8E). Notably, tumor immune dysfunction and exclusion, a novel algorithm used to predict the likelihood of response to immunotherapy, was performed to explore the association between the risk stratifications and the effect of immunotherapy. The distribution of TIDE scores in OSCC patient was shown in Figure 9A. Following, the results of TIDE analysis showed that patients with low riskscore had a lower TIDE score and Exclusion score, suggesting that patients with low riskscore may be more susceptible to immunotherapy (Figure 9B). And we can see that there were 25.40% patients with low riskscore responded to immunotherapy while only 14.81% patients with high riskscore responded to immunotherapy (Figure 9C). To verify our results, subclass mapping analysis was also performed to determine the appropriateness of patients between two risk groups for immunotherapy. As expected, PD-1 checkpoint therapy has been shown to be more beneficial for patients with low riskscore (Figure 9D). Finally, based on GDSC database, we calculated the IC50 of 179 drugs to identify drugs whose sensitivity differs between two risk groups using R ‘oncoPredict’ package (Supplementary Table S4), and the top eight drugs with the most significant sensitivity differences were shown in Figure 9E.
[image: Figure 7]FIGURE 7 | Immune infiltrating signatures of the signature. Notes: (A,B) Differential expression analysis of immune cells and immune functions between the two groups. (C–I) Correlation analysis between the expression of each signature lncRNA and 22 immune cells.
[image: Figure 8]FIGURE 8 | Significant difference of immunity features between two groups. Notes: (A–C) Patients with low riskscore had higher immune scores, stromal scores and estimate scores compared with patients with high riskscore. (D) Differences in expression of 50 common immune-checkpoint–relevant genes between two the groups. (E) Correlations analysis showed that riskscore negatively correlated with CTLA4 and PD-1 expression.
[image: Figure 9]FIGURE 9 | Immunotherapeutic response prediction and screening of potential drugs. Notes: (A) Distribution of TIDE score of each OSCC patient. (B) Patients in low risk group have a lower level of TIDE score, Dysfunction score and Exclusion score. (C) Immunotherapy has a higher success rate with low-risk patients. (D) The subclass mapping analysis showed that low-risk patients were more likely to benefit from PD-1 inhibitor therapy. (E) The top eight drugs with the maximum log2FC values and the minimum p values in GDSC database.
DISSCUSSION
Globally, well known for the high likelihood of progression and metastasis, head and neck tumors still pose the greatest risk of death from OSCC (Sieviläinen et al., 2019). In one hand, while diagnostic and therapeutic advances have made OSCC more detectable, the 5-year survival rate still remains at about 40–50% (Kumar et al., 2016). In another hand, after surgery, oral squamous cell carcinoma commonly recurs or invades the oral cavity because of its anatomical structure, that seriously affects the clinical outcomes of OSCC patients (Wong and Wiesenfeld, 2018). Recently, research revealed that in addition to dysregulate copper homeostasis triggering cytotoxicity, altered intracellular copper levels may affect cancer development and progression (Babak and Ahn, 2021). Meanwhile, a novel cell death pathway defined as cuproptosis has been proven can cause toxic protein stress and cell death by binding copper with lipoylated components of the tricarboxylic acid (TCA) cycle (Tsvetkov et al., 2022). By constructing the 4NQO oral carcinogenesis model, a research found a significant metabolic transformation characterized by an increase in glycolysis and a shortfall in the TCA cycle (Ge et al., 2021). In addition, accumulating evidence showed that the prognosis in patients with OSCC are significantly correlated with lncRNA molecular subtype. Our study firstly developed and validated a novel cuproptosis-related lncRNA based signature that can effectively indicate the prognosis of OSCC patients and immunotherapy response.
In this study, data from TCGA database was chosen as the training cohort and data from GSE42743 was chosen as the verification group. We first identified 917 cuproptosis-related lncRNAs on the basis of co-expression analysis. Using the univariate cox analysis, 24 cuproptosis-related lncRNAs linked closely to prognoses of OSCC patients were identified. Then a prognostic signature consists of 7 lncRNAs including AC090587.2, C6orf99, AL513190.1, AC010894.2, AC099850.4, RPL23AP7, AC098484.2 was constructed. Accurately predicting HNSCC outcomes and developing new therapeutic targets can be achieved with AC090587.2 and AL513190.1 (Zhou et al., 2022). There is evidence that C6orf99 is involved in diverse biological processes including spermatogenesis and development of spermatogonia that plays a key role in male infertility (Omolaoye et al., 2022). Moreover, the prognostic prediction of patients with HNSCC may also be affected by AC010894.2, which may serve as a potential therapeutic target (Lu et al., 2022). In addition, a study revealed that AC099850.4 may serve an important role in the tumorigenesis and progression of hepatocellular carcinoma (Qu et al., 2022). And there were few literatures has been reported about the other 2 lncRNAs. Based on the optimal cut-off values of riskscore calculated by the ‘maxstat’ R package, all OSCC patients were classified into high-risk group and low-risk group. Furthermore, the results from risk analyses, survival analyses, and 1-, 3-, and 5-year time-dependent ROC analyses between two risk groups well supported the effectiveness of the signature. And univariate and multivariate Cox regression analyses between riskscore and different clinical factors also revealed that the riskscore could serve as an independent prognostic factor for OSCC patients. Next, based on the risk score and other clinical factors, we developed a nomogram for clinicians, and in 3-, 5-, and 8-year calibration analyses, the nomogram could provide individualized, accurate survival prediction results.
Through GSEA and mutation burden analysis, we delved further into the underlying biological difference between the two groups. The results of correlation analysis showed that the riskscore were positively correlated with most immunotherapy-related pathways. In the meantime, we choose curated gene sets, ontology gene sets and oncogenic signature gene sets as reference sets to conduct GSEA analysis, and results suggested that most immune-related pathways were mainly enriched in patients with low riskscore. In addition, we found that patients in both high-risk group and low-risk groups were prone to TP53, TTN, FAT1 and NOTCH1 mutations, and USP34, ASXL3, LRRTM1, TPTE, PIK3CA, ATRX, CACNA1C, DSP and KMT2E were differentially mutated genes in low-risk group while TP53, AJUBA, CDKN2A and NEB were differentially mutated genes in high-risk group.
Importantly, we analyzed the landscape of immune cells and related immune function pathways between two groups, and we found that the expression immune infiltrating signatures were higher in patients with low riskscore. We also analyzed the difference of expression of 50 immune-checkpoint–relevant genes between the two groups. The results showed that patients in low risk group had a higher expression of most checkpoint–relevant genes, including PDCD1 and CTLA4, which has been reported as a predictive biomarker in cancer immunotherapy (Patel and Kurzrock, 2015). In addition, TIDE analysis showed that patients in low risk group were more susceptible to immunotherapy than patients in high risk group. Correspondingly, the same results were confirmed in subclass mapping algorithm, which demonstrated that patients in low risk group rather than in high risk group were more likely to benefit from PD-1 checkpoint therapy.
In the present work, a cuproptosis-related lncRNA based prognostic signature was successfully constructed and validated with superior predictive precision of prognosis and therapy for patients with OSCC. However, there were still several limitations in our research. Firstly, since our study only included individuals from Western populations, our study may have some population and genomic bias. Secondly, our prognostic signature was validated in only GSE42743 data. Though we identified some novel lncRNAs related to cuproptosis that have not been previously reported in OSCC, which may serve as a critical reference for later research, our work is an exploratory analysis for the lack of other external cohorts including the signature lncRNA expression data to validate our findings. Finally, further functional experiments need to be performed to investigate the potential molecular mechanisms between cuproptosis-related lncRNAs and the signature.
CONCLUSION
In conclusion, we systematically performed bioinformatics analysis to explore the biological functions and prognostic value of cuproptosis-related lncRNAs in OSCC patients. We constructed and validated a novel cuproptosis-related lncRNA based prognostic signature, and possible immune-related mechanism underlies this signature were identified. Lastly, and most importantly, all the results in our study indicated that patients with low riskscore were more susceptible to immunotherapy, especially PD-1 inhibitor therapy.
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Background: The relationship between pre-eclampsia (PE) and cervical cancer (CC) has drawn more attention recently, while little is known about the shared pathogenesis of CC and PE. In the present research, we aimed to generate the shared gene network as well as the prognostic model to reveal the development of CC and PE.
Methods: The transcription data of CC and PE patients were obtained and enrolled into weighted gene co-expression network (WGCNA) analysis. Disease-specific modules in CC and PE were determined to discover the shared genes. The expression patterns of genes at protein level were examined by HPA database. Further, LASSO penalty regression and Cox analysis were applied to create a prognostic signature based on the shared genes, with survival curves and ROC plots employed to confirm the predictive capacity. To uncover the function roles and pathways involved in signature, gene set enrichment analysis (GSEA) was conducted. Finally, the immune infiltration status in CC was depicted using CIBERSORT algorithms.
Results: WGCNA determined three hub modules between CC and PE. A total of 117 shared genes were obtained for CC and PE and mainly enriched in cell proliferation, regulation of cell development and neuron differentiation. Then, we created a robust prognostic model based on the 10 shared genes by performing stepwise Cox analyses. Our proposed model presented a favorable ability in prognosis forecast and was correlated with the infiltration of immunocytes including B cells, macrophages and T cells. GSEA disclosed that high-risk group was involved in cancer-related pathways.
Conclusion: The present project identified the shared genes to uncover the pathogenesis of CC and PE and further proposed and validated a prognostic signature to accurately forecast the clinical outcomes of CC patients.
Keywords: pre-eclampsia, cervical cancer, tumor microenvironment, prognosis, WGCNA
INTRODUCTION
Pre-eclampsia (PE) is a severe pregnancy-related multifactorial disorder, which can possibly cause the perinatal mortality of the newborn and the mother. Multiple attempts have been made to reveal the pathogenesis underlying PE (Mol et al., 2016; Coviello et al., 2019). Endothelial dysfunction has been considered as a leading cause of PE (Steegers et al., 2010). A number of angiogenic molecules including vascular endothelial growth factor (VEGF), placental growth factor (PlGF), and VEGFR-1 (Flt-1), platelet-derived growth factor (PDGF), and endothelin were reported to alter the angiogenic balance, and further induce the onset and progression of PE (Venkatesha et al., 2006; Wang et al., 2009). Moreover, oxidate stress, which was characterized by lipid peroxidation accumulation, also plays a crucial role in the pathogenesis of PE. Recently, Fragoso et al. reported that the umbilical cords from PE pregnancies showed higher levels of antioxidants including glutathione peroxidase (GPx) and malondialdehyde (MDA) than pregnancies without PE diagnosis, indicating the defensive mechanism to maintain the oxidative balance (Fragoso et al., 2021). Despite all these efforts, the mechanisms regulating the onset and progression of PE remain largely unknown, making it crucial to explore highly sensitive biomarkers to provide an early and intensive care for patients at risk (Grill et al., 2009).
Cervical cancer (CC) ranks as the fourth most frequently diagnosed malignancy in women worldwide (Siegel et al., 2020). Despite the great efforts to diagnosis and treatment, CC still pose a significant burden on women health, especially on those who live in low- and middle-income countries (Hull et al., 2020). The persistent infection of “high risk” genotypes of Human papillomavirus (HPV) is recognized as the most common cause of CC, among which, the most oncogenic HPV 16 and 18 subtypes are accountable for 70% of CC. Briefly, oncoproteins E6 and E7 downregulate the expression level of tumor suppressor genes p53 and pRb, respectively, resulting in genomic instability and a series of aberrant biological phenotypes, eventually leading to tumor initiation (Mittal and Banks, 2017). Conventional strategies for CC treatment mainly including surgical excision, cryosurgery, chemotherapy, and radiation therapy (Gadducci and Cosio, 2020). However, all these strategies can hardly stop the progression, nor the recurrence of CC in the terminal stages, making a comprehensive understanding of biomarkers for CC is urgently needed to guide the future direction of early detection.
Accumulating evidence has pointed out that HPV infection itself cannot explain the carcinogenesis of CC, indicating there exists other biological events involved in the development of cervical lesions (Coker et al., 2002). In this regard, the exploration of additional contributor to the onset and progression of CC is urgently needed (Kreisel et al., 2021). According to Serrand et al., the occurrence of cervical cancer was associated with PE pregnancy history in early life, reflecting the underlying connection between PE and the cancer development (Serrand et al., 2021). It has been hypothesized that the hormone changes brought by PE may alter the homeostasis in reproductive system, which might subsequently influence the incidence of hormone-dependent cancers (Rana et al., 2019; Song et al., 2021a). However, the underlying interaction between CC and PE remain obscure, making a more precise prognosis-related model urgently needed to reveal the similarity of genes that modulate the onset and progression of both CC and PE.
In our current work, a total of 117 genes were identified as “shared genes” for showing similar expression pattern in CC and PE. Based on the “shared genes”, a protein–protein Interaction (PPI) network was constructed with 10 genes being identified as hub genes. Moreover, a prognostic model was established on the basis of the “shared genes”, and the predictive power of the model was analyzed using chemotherapy sensitivity analysis. Finally, we evaluated the patterns of immune infiltration in CC. Our proposed shared genes network reveals the common pathogenesis of CC and PE for the first time, which sheds lights on a deeper understanding in the intrinsic connection between CC and PE. Collectively, comprehensive analyses focusing on shared functional patterns in CC and PE will provide insights into prediction of prognosis and risks, and guide the future therapeutic targets for both diseases.
METERIALS AND METHODS
Data acquisition
The RNA-seq data and clinical information of CC samples were collected from the TCGA database (https://portal.gdc.cancer.gov/). For PE, GSE60438 containing normalized transcriptome data was downloaded from the GEO website (https://www.ncbi.nlm.nih.gov/geo/) for further investigation.
Weighted gene co-expression network analysis
“WGCNA” analysis was performed to obtain functional collections by clustering gene into several modules (Langfelder and Horvath, 2008). As described before, the adjacency matrix was employed to capture the connection between the gene pairs using the Pearson correlation analysis. The adjacency matrix was then transformed into a topological overlap matrix as well as the corresponding dissimilarity, and a hierarchical clustering tree was subsequently constructed to show different gene clusters in different colors. Finally, the correlation between the module eigengene and clinical traits were combined to build the co-expression network.
Construction of PPI network
The shared genes in PE and CC modules with positive Pearson correlation coefficients were overlapped using venn diagram. After that, the STRING online tool (https://cn.string-db.org/) and Cytoscape were employed to establish and visualize the PPI network, and the cut-off criteria of interaction score was set as 0.4 (Szklarczyk et al., 2019). In the PPI network, the cytoHubba algorithm was utilized to identify the hub genes.
Functional enrichment analyses of shared genes
GO enrichment analysis was utilized to explore the molecular function, cellular component, and biological process based on the shared genes. To predict the signaling pathways involved in diseases development, the KEGG pathway enrichment analysis was conducted using “clusterProfiler” R package (Yu et al., 2012). The p-value <0.05 was considered as the significant term.
Identification and validation of prognostic signature
CC patients were randomly divided into the training group and the test group at a ratio of 1:1. Candidate prognostic genes were first selected in the training set through the univariate regression methods. Subsequently, LASSO penalty analysis was performed to avoid overfitting of the model. Furthermore, we applied multivariate regression to develop a prognostic signature. The risk factor was calculated as follows: [image: image]. The Expi was the expression level of each gene and the coef was the risk coefficient of each gene. All patients were divided into high- and low-risk groups based on the median risk score, before the risk score of each patient being calculated.
Verification of protein expressions of the hub genes
Human Protein Atlas (HPA) is an online tool utilizing transcriptomics and proteomics technologies to examine protein expression in different human tissues and organs at the RNA and protein levels. In the present research, we performed the HPA database to confirm the expression patterns of genes at the protein levels by immunohistochemistry.
Gene set enrichment analysis
The gene expression data and risk groups information were enrolled into GSEA (Subramanian et al., 2005). A specific MSigDB v7.5 (released March 2020) database was further downloaded as the reference gene set. p < 0.05 and FDR <0.25 were considered as significant term to analyze enriched gene sets.
Estimate of immune landscape
CIBERSORT is a powerful tool to characterize cell composition from complex tissues based on their gene expression data (Newman et al., 2015). CIBERSORT algorithms was utilized to depict the relative abundance of 22 types of immunocytes. p < 0.05 was selected as the threshold.
Statistical analysis
All statistical data was analyzed by R version 4.0.5. The Kaplan–Meier survival analysis was next performed to compare the discrepancy in clinical outcomes of CC patients between two risk groups. ROC was employed to evaluate the predictive efficacy of the model. Univariate and multivariate Cox analyses were used to evaluate the independence of the model.
RESULTS
Co-expression modules analysis
We first conducted WGCNA to obtain disease-specific modules with different colors (Figures 1A,B). In the in TCGA dataset, a total of 9 modules were determined and the “turquoise” model was selected as CC present-related module due to its high positive correlation with tumor trait (Figures 1C,E). In terms of the GSE60438 set, we uncovered 8 modules and choose “blue” and “magenta” modules as pre-eclampsia-related modules (Figures 1D,F,G).
[image: Figure 1]FIGURE 1 | determination of the specific modules in PE and CC by WGCNA. (A,B) Cluster plots of co-expressed genes in two diseases. (C,D) Heatmap of module–trait in two diseases. (E) The “turquoise” model was selected as cervical cancer-related module. (F,G) The “blue” and “magenta” modules were selected as pre-eclampsia-related modules.
Identification of the shared genes in cervical cancer and pre-eclampsia
A total of 117 shared genes in CC and PE were extracted from three disease-specific modules, which may be greatly involved in the development of CC and PE (Figure 2A). To achieve a better understanding of the interrelationship of these shared genes, we create a PPI network by STRING online tool (Figure 2B). Moreover, we obtained 10 hub genes (VCL, EFNB2, TPM1, TPM2, TPM4, CDH2, JAG1, SPP1, HEY1 and EPHB4) with high MCC values according to the cytoHubba algorithm (Figure 2C).
[image: Figure 2]FIGURE 2 | Characterization of the shared genes in PE and CC. (A) The Venn plot of overlapped genes. (B) The PPI network of the overlapped genes. (C) The top 10 hub genes of the PPI network. (D) GO function enrichment analysis. (E) KEGG enrichment analysis.
Next, GO analysis was applied to unearth the underlying biological roles of above shared genes in two diseases. As revealed by Figure 2D, these genes were involved in numerous functions such as epidermal cells proliferation, regulation of cell development and neuron differentiation. In addition, KEGG enrichment indicated that the shared genes were activated in cardiac-related pathways, Notch signaling and ECM-receptor interaction (Figure 2E).
Prognostic model development
To set up an optimal signature, all CC cases were randomly divided into training and test sets. In the training set, univariate Cox regression was employed to detect possible prognostic factors based on shared genes in two diseases (Figure 3A). A total of 15 prognostic genes from univariate analysis were then enrolled into LASSO regression (Figures 3B,C). Finally, we collected 10 genes (FAM107A, NT5E, PAEP, LBP, PPFIA4, PTGFRN, CKB, EPHB4, SPP1 and SLC2A1) to create a shared genes-based model by multivariate Cox method. Risk score = (-0.2665 × FAM107A) + (0.1905 × NT5E) + (0.1281 × PAEP) + (0.5798 × LBP) + (0.4434 × PPFIA4) + (0.0103 × PTGFRN) + (-0.1552 × CKB) + (0.3996 × EPHB4) + (0.0468 × SPP1) + (0.0834 × SLC2A1).
[image: Figure 3]FIGURE 3 | Construction of a prognostic model. (A) Univariate Cox regression analysis. (B,C) LASSO coefficients for model. (D) Survival analysis in the training set. (E) ROC curves of the predictive performance of the model in the training set. (F) The distribution of survival status in the training set.
In the training set, each CC sample was assigned a corresponding risk score and all patients were divided into high and low risk group based on the median risk score. Survival curves showed that overall survival (OS) of patients in the high-risk group was lower than that of patients in the low-risk group (Figure 3D). The AUCs for 1, 3 and 5-years survival rate were 0.717, 0824 and 0.855, respectively (Figure 3E). The risk plots of survival status were illustrated in Figure 3F. Then we confirmed the performance of the model in the test set and entire set according to the same analyses and observed the similar results. KM analysis indicated that the clinical outcome of the high-risk group was dismal than that in the low-risk group among the test and entired cohorts (Figures 4A,D). ROC analysis suggested that the AUCs of OS for 5-years survival rate were 0.710 and 0.629 in the test and entired cohorts, respectively (Figures 4B,E).
[image: Figure 4]FIGURE 4 | Validation of the prognostic model. (A,D) Survival analysis in the test and the entire cohorts. (B,E) ROC curves of the prognostic model. (C,F) The distribution of survival status in two verification sets.
Validation of the hub model genes
In order to uncover the expression patterns of model factors at protein level, we conducted HPA tool. The results revealed that the protein levels of six model genes (NT5E, LBP, PPFIA4, PTGFRN, EPHB4 and SLC2A1) were greatly higher in CC tissues compared with normal tissues (Figure 5).
[image: Figure 5]FIGURE 5 | Verification of the hub model genes at protein level by HPA database. (A) EPHB4. (B) LBP. (C) NT5E. (D) PPFIA4. (E) PTGFRN. (F) SLC2A1.
Independent prognostic analysis
We further employed univariate and multivariate Cox analyses to examine the independence of the signature. Univariate analysis showed that stage (p = 0.001) and the risk score (p < 0.001) were meaningful for assessing clinical outcome (Figure 6A). Multivariate Cox analysis showed that risk score (p < 0.001) was independent risk factors for prognosis evaluation in CC (Figure 6B). Additionally, we found that the two risk groups were remarkably correlated with four subgroups of stage, but no significant relationship with age and grade (Figures 6C–E).
[image: Figure 6]FIGURE 6 | Independent prognosis analysis. (A) Univariate Cox regression analysis. (B) Multivariate Cox regression analysis. (C–E) Distribution of clinical subgroups in two risk groups.
Subgroup analysis of the signature
To explore the predictive value of the model in different subgroups of CC, all patients were categorized into three subgroups (age, grade and stage). The results of subgroup analysis suggested that high-risk group presented a dismal outcome compared to low-risk group based on three subgroups (Figure 7).
[image: Figure 7]FIGURE 7 | Subgroup survival analysis. (A) Age subgroup. (B) Grade subgroup. (C) Stage subgroup.
Gene set enrichment analysis
GSEA indicated that five Hallmarks of CC were enriched in high-risk group, including “angiogenesis”, “epithelial-mesenchymal transition”, “glycolysis”, “hypoxia”, and “MTORC1 pathway” (Figure 8A). KEGG analysis suggested patients with high-risk were involved in ECM receptor interaction, focal adhesion and galactose metabolism (Figure 8B).
[image: Figure 8]FIGURE 8 | Gene Set Enrichment Analysis. (A) Hallmark analysis of the two risk groups. (B) KEGG analysis of the two risk groups.
Immunocyte infiltration analysis
To detect the immune cells infiltration status of two groups, CIBERSORT algorithms was conducted to assess the proportion of various immunocytes. The results revealed that naïve B cells, macrophages M1, CD4 memory T cells and CD8 T cells downregulated in low-risk cohort, whereas macrophages M0 and neutrophils were enriched in high-risk cohort (Figure 9).
[image: Figure 9]FIGURE 9 | Immune infiltration analysis. (A) Naïve B cells. (B) Macrophages M0. (C) Macrophages M1. (D) Neutrophils. (E) Activated CD4 memory T cells. (F) CD8 T cells.
Establishment of the RF model for PE
We first generated an RF and SVM model to collect potential indicator from the shared genes to predict the occurrence of PE. To determine the optimal PE model, the residuals of RF and SVM model were compared. We observed that the RF model has minimal residuals, suggesting it could be served as the favorable model to forecast the occurrence of PE (Figures 10A,B). Similarly, ROC curve showed the RF model has higher accuracy than SVM model (Figure 10C). Then, we ranked seven candidate genes based on their importance (Figure 10D).
[image: Figure 10]FIGURE 10 | Establishment of the random forest (RF) Model for pre-eclampsia. (A) Boxplots of residual for RF and SVM model. (B) Reverse cumulative distribution RF and SVM model. (C) ROC curves indicated the accuracy of two models. (D) The importance of the seven hub genes based on the RF model. (E) Construction of a nomogram based on RF model. (F) Calibration curve revealed the predictive ability of the nomogram. (G) Clinical impact curve of the nomogram.
In order to expend the performance of the RF model, a nomogram was constructed according to the seven potential genes to evaluate the prevalence of PE (Figure 10E). Calibration curve revealed the favorable ability of the nomogram (Figure 10F). Also, the clinical impact plot unearthed that the forecasting value of the nomogram was notable (Figure 10G).
DISCUSSION
Despite current preventative, screening, and treatment techniques, CC continues to pose a serious burden on public health for decades (Arbyn et al., 2020). According to the cancer incidence GLOBOCAN 2020 database, CC results in approximately 341,000 new deaths annually, and of note, more than 90% death from CC occurred in low- and middle-income countries, where effective screening and early diagnosis are relatively lacked (Siegel et al., 2018). Therapeutic options, as well as the survival rate of CC patients should benefit from a comprehensive understanding of the pathogenesis of CC.
The incidence of gynecological malignant cancers in pregnant women is increasing, among which, CC is the most frequently diagnosed cancer during pregnancy (Smith et al., 2003; Song et al., 2021b). Considering that gynecological screening is relatively bounded during pregnancy, efforts have been made to explore an effective prognostic model to guide the treatment for CC (McIntyre-Seltman and Lesnock, 2008). PE is a multisystem pregnancy complication characterized by cardiovascular dysfunction, with placental debris substantially released into the maternal circulation. As indicated earlier, there might exist an underlying correlation between the pathogenesis of CC and PE (Serrand et al., 2021). After that, a PPI regulatory network containing 10 hub genes was constructed based on these shared genes. It is worth noting that only limited information is available regarding the properties of most of genes in our regulatory network. For instance, as a core gene in the PPI network, VCL has previously been recognized as an independent factor in predicting the CC prognosis, while its role in PE development has yet been reported before (Sun et al., 2016; You et al., 2021). Further study should focus on validating the biological functions of these genes, as well as their roles in modulating the disease development.
Researches have been conducted to unveil the signaling pathways involved in facilitating development of CC and PE. According to our data, a group of molecular signalings including Epithelial-mesenchymal transition (EMT), hypoxia, mTOR, and glycolysis were identified to play vital roles in regulating the development of both CC and PE. EMT is one of the key steps of the metastatic cascade (Zeng et al., 2019). During EMT process, the loss of epithelial polarization induces multiple phenotypic changes and help cancer cells gain mesenchymal properties to disseminate and migrate quickly (Mathias et al., 2013). Hypoxia is well known as an independent prognostic indicator that is related to unsatisfactory treatment response and subsequent poor clinical outcome for CC patients (Mayer et al., 2013). Imai and his colleagues previously provided the evidence that hypoxia brought proteome changes are directly involved in the acquisition of metastasis behavior by activating EMT pathway, indicating that targeting hypoxia induced EMT may act as a promising strategy to prevent tumor invasion in CC (Imai et al., 2003). The PI3K/AKT/mTOR signaling pathway has been reported to regulate a series of cellular behaviors including cell proliferation, migration, and apoptosis in cancer cells (Saba et al., 2021). Regarding the pathogenesis of CC, researchers have pointed out that the aberrant activity of mTOR signaling plays a crucial role in regulating the crosstalk between HPV virus and host cells (Hoppe-Seyler et al., 2017). As has been pointed out before, the PI3K/AKT/mTOR mediated transcription repression of the viral E6/E7 oncogene can only be observed in hypoxia condition, indicating the connection between the PI3K/AKT/mTOR activity and metabolic transition in cancer cells (Bossler et al., 2019). Energy metabolism is gaining increasing attention in cancer cells recently. Cancer cells mainly rely on glycolysis to obtain sufficient energy regardless of the presence of oxygen, which is called the Warburg effect (Siska et al., 2020). Accumulating evidence shows that E6/E7 oncogene is responsible for the metabolic alteration in CC. In principle, E6 induces the degradation of p53, which in turn promotes glycolysis and restrains the oxidative phosphorylation (OXPHOS) pathways (Itahana and Itahana, 2018). It is worth noting that PI3K/AKT/mTOR cascades and hypoxia signaling are both involved in the glycolytic switch. As a metabolic sensor, mTOR complex responds to nutrient and energy production and render the accumulation of hypoxia-inducible factor 1 (HIF1) (Spangle and Munger, 2010). Other hypoxia related proteins are also found to exert pro-oncogenic effects by remodeling in glucose metabolism pattern. For instance, the hypoxia induced signal transducer and activator 5A (STAT5A) was proven to promote tumor cells growth by interrupting the activity of pyruvate dehydrogenase complex, a gatekeeper enzyme connecting glycolysis and the OXPHOS pathways (Zhang et al., 2021).
Establishment of immune landscape is essential for unveiling intricate relationships among clinical outcome and immune characteristics (Turinetto et al., 2022). It is well documented that recruitment of immunosuppressive cells protects cancer cells from surveillance by effector cells, which nullifies the immunotherapy and consequently promote cancer progression (Kitamura et al., 2015). It has been reported that M1-like macrophages is capable of killing tumor cells by initiating pro-inflammatory pathways within the TME (Mills et al., 2000). Likewise, it has been well established that cytotoxic CD8+ T cells are the most powerful effector cells in the adaptive immune system (Dustin, 2014). Cytotoxic CD8+ T cells are major killers of pathogens and neoplastic cells in TME (Farhood et al., 2019). Briefly, CD8+ T cells identify the MHC-1 molecules on the surface of antigen-presenting cells and neoplastic cells, and subsequently initiate the anticancer immune cascade (van der Leun et al., 2020). According to our data, the infiltration level of M1-like macrophage and anti-tumor CD8+ T cells is positively related to the improved clinical outcome for CC patients. In line with the common view that neutrophils can facilitate tumor proliferation by impairing the host immune system, the neutrophils infiltration is identified as immunosuppressive cells for being negatively correlated with OS of CC patients in our model (Shaul and Fridlender, 2019). Taken together, orchestration of immune characteristics may provide valuable evidence for the immunotherapy and help develop novel therapeutic targets against immunosuppressive environment.
However, there are still numerous shortcomings in our study. First, all data analyzed in this project were collected from public databases. The real world cohort need to be warranted to confirm the predictive ability of our model. In addition, experimental studies need to be conducted to explore the expression patterns and functional roles of the shared genes in CC in future work.
CONCLUSION
The present project determined the shared genes to explore the pathogenesis of CC and PE and developed a shared genes-based signature which can be used as an indicator for clinical outcomes evaluation in CC.
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Backgrounds

Prior investigations of the tumor microenvironment (TME) of diffuse large B-cell lymphoma (DLBCL) have shown that immune and stromal cells are key contributing factors to patients’ outcome. However, challenges remain in finding reliable prognostic biomarkers based on cell infiltration. In this study, we attempted to shed some light on chemokine C–C motif chemokine ligand 8 (CCL8) in DLBCL via interaction with M2 macrophages.



Methods

The Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE) algorithm was applied to evaluate immune and stromal scores from transcriptomic profiles of 443 DLBCL samples from The Cancer Genome Atlas (TCGA) and GSE10846 datasets. Immune cell infiltration (ICI) clusters were obtained based on different immune cell infiltrations of each sample, and gene clusters were derived through differentially expressed genes (DEGs) between the distinct ICI clusters. Five immune-related hub genes related to overall survival (OS) and clinical stages were obtained by COX regression analysis and protein–protein interaction (PPI) network construction then verified by quantitative real-time PCR (qPCR) and immunofluorescence staining in the FFPE tissues. The Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and TIMER websites were employed to explore the biological functions of CCL8-related DEGs. Uni- and multivariable Cox regression analyses were performed to analyze CCL8 as an independent prognostic risk factor in GSE10846 and were verified in other independent GEO cohorts.



Results

A higher stromal score was associated with favorable prognosis in DLBCL. Patients in the ICI B cluster and gene B clusters had a better follow-up status with a higher programmed death ligand 1 (PD-L1) and cytotoxic T-lymphocyte antigen 4 (CTLA4) expression. Most of ICI-related DEGs were enriched for immune-related signaling pathways. Five hub genes with a distinct prognosis association were identified, including CD163, which is a biomarker of M2 macrophages, and CCL8. Abundant M2 macrophages were discovered in the high-CCL8 expression group. The functional analysis indicated that CCL8 is a key component of immune-related processes and secretory granule groups. Cox regression analysis and data from other GSE datasets yielded additional evidence of the prognostic value of CCL8 in DLBCL.



Conclusions

CCL8 has been implicated in macrophage recruitment in several solid tumors, and only a few reports have been published on the role of CCL8 in the pathogenesis of hematological malignancies. This article attempted to find out TME-related genes that associated with the survival in DLBCL patients. CCL8 was identified to be involved in immune activities. Importantly, a series of bioinformatics analysis indicated that CCL8 might become an effective target for DLBCL, which interacts with M2 macrophage and immune checkpoint. The potential related mechanisms need to be further elucidated.





Keywords: Diffuse large B-cell lymphoma, tumor microenvironment, estimate, CIBERSORT, macrophage, C-C motif chemokine ligand 8



Introduction

DLBCL is the most prevalent form of aggressive non-Hodgkin lymphomas (NHLs) and represents a group of heterogenous diseases with varying outcomes that have different properties including clinical features, immune cell infiltration (ICI), and immunity-related gene expression (1). One-third of patients with DLBCL will relapse despite the conventional chemotherapy (2). The mechanistic basis of immune escape in DLBCL is poorly understood and lacks a therapeutic target.

The tumor microenvironment (TME) has become one of the most emerging prospective fields in cancer research (3). Considerable data via gene sequencing and expression profiling technology indicate that the TME, consisting of tumor-related stromal cells, infiltrating immune cells, and other normal epithelial cells, is a key aspect in the prognosis of lymphoma, including DLBCL (4–7). A wide range of studies have shown the role of stromal cells and immune cells on clinical features in solid tumors (8–10). Among them, macrophages are the most plastic type of immune cells and some epigenetic modifications on macrophages accelerate the tumor process (7). Further, cancer cells can functionally modify their TME by secreting various chemokines. In central nervous system lymphoma, gliosis retains tumor cells through secreting CCL19 (11). Inhibitors targeting immune checkpoints such as PD-L1 and CTLA4 represent a promising approach for DLBCL (12, 13). Given the importance of the TME, it is of great interest to construct gene regulatory networks based on immune and stromal components for exploring the biological processes of DLBCL development.

With growing availability of multilevel expression data from tumor tissues, extracting and integrating the large datasets, such as TCGA and Gene Expression Omnibus (GEO), is a new opportunity for providing a more comprehensive understanding of cancers (14). In this study, we used ESTIMATE algorithms to estimate the immune and stromal scores of a series of DLBCL tissues from TCGA and GEO databases and analyzed a stromal-immune score-based hub gene, CCL8, for prognosis stratification in DLBCL with clinical specimen validation (Figure 1). Using this method, we can predict the effects on prognosis and the benefit of immunotherapy in DLBCL patients based on the immune signature.




Figure 1 | Workflow of the study.





Methods


Data collection and preparation

We obtained transcriptome profiling and clinical data of a total of 449 DLBCL cases and from TCGA Data Portal (n = 29) (https://portal.gdc.cancer.gov/) and GEO datasets (GSE10846, n = 420) (https://www.ncbi.nlm.nih.gov/gds/) (Table 1). The transcriptional values in fragments per kilobase of exon per million reads mapped (FPKM) of TCGA data were Log2-transformed into transcripts per kilobase of exon model per million mapped reads (TPM) via the R package “limma” in R 3.6.0. For the ICI cluster and ICI-related gene cluster, we used data from 283 cases from the GSE10846 and TCGA datasets and excluded 166 cases with incomplete clinical information. We used the data of 312 samples for ICI-related DEG analysis and removed 108 samples with missing DEG expression data.


Table 1 | The survey of database.



For the analysis of the clinical biopsies, eight DLBCL samples and four normal lymph node samples were collected from the Second Affiliated Hospital of Soochow University. All the patients did not receive radiotherapy or chemotherapy before surgery. Tissue samples were stored in 10% formalin solution for paraffin embedding. All samples were diagnosed as DLBCL or normal lymph node by two pathologists following the World Health Organization (WHO) guidelines for diagnosis. The project was approved by the ethics committee of the Second Affiliated Hospital of Soochow University (Ethics ID: JD-HG-2022-37).



ESTIMATE algorithm and identification of stromal and immune groups

The stromal and immune scores were derived by standardizing the expression matrix using ESTIMATE algorithms based on the expression of two independent sets including 141 genes that represent the degree of tumor stromal and immune cell infiltrations (15). The analysis methods were consolidated via the “estimate” R package in R 3.6.0. The median was used as the cutoff point for the high and low immune, stromal, and ESTIMATE score groups. Comparisons of the immune, stromal, and ESTIMATE scores between each characteristic, such as age, gender, ECOG, LDH ratio, number of extranodal sites, and stage, were conducted using unpaired t-test.



ICI and gene cluster analysis

The “ConsensusClusterPlus” R package in R 3.6.0 was performed to identify the optimal clustering number (κ) chosen from 2 to 9 depending on the consensus matrix, consensus cumulative distribution function (CDF), delta area, and tracking plots. The clustering consensus and item consensus were calculated separately. Finally, heatmaps of associations between genes and clinical characteristics in different clusters were generated using the “pheatmap” R package in R 3.6.0.



Gene Ontology and KEGG pathway enrichment analyses

Gene Ontology (GO) and KEGG pathway enrichment analyses were performed for the featured genes obtained by the PCA algorithm using “clusterProfiler”, “org.Hs.eg.db”, “enrichplot”, and “ggplot2” packages in R. Terms were considered significantly enriched only with both P < 0.05 and q < 1.



Gene set enrichment analysis

Gene set enrichment analysis (GSEA) (version 4.2.1) was used to identify potential different signaling pathways between two ICI groups. The number of permutations was 100, and a false discovery rate (FDR) <0.05 or normal P <0.05 was followed.



DEGs and ICI score

The “Limma” R package in R 3.6.0 was employed for screening DEGs among ICI subgroups with log fold change (FC) >1 and adjusted P value <0.05. Those DEGs demonstrating positive and negative correlations with gene clusters were named as ICI gene signatures A and B, respectively. The samples were scored for immunity according to the expression of feature genes of each immune cell then divided into two groups by median scores. Principal component 1 (PC1) was considered as the signature score by applying principal component analysis (PCA) after reduced noise or redundant genes in the ICI gene signature via the Boruta algorithm. The ICI score of each subject was calculated as follows: ICI score = Ʃ PC1A – PC1B.



COX regression analysis

Uni- and multivariate Cox proportional hazard models were employed to calculate the hazard ratios (HRs) with a 95% confidence interval (95% CI), which measure the strength of the correlation between dependent variables and overall survival. “Limma” and “survival” R packages in R 3.6.0 were employed for COX regression. P < 0.05 was considered statistically significant.



PPI network construction of DEGs

A PPI network of DEGs screened from the ICI A group and B group was constructed using the STRING website (https://cn.string-db.org/). The reconstruction was then performed with Cytoscape version 3.6.1, and nodes selected to build the PPI network had confidence levels greater than 0.95.



Survival analysis

A total of 443 samples with survival time from 0 to 21.78 years were subjected to survival analysis using “survival” and “survminer” in R packages. The Kaplan–Meier method was utilized for plotting survival curves. The corresponding significance of survival curves was quantified by log-rank tests.



Real-time PCR assay

Total RNA was extracted from cells using 1 ml TRIzol. To isolate mRNA from human tissues, 10-μm paraffin-embedded tissues were deparaffinized by using xylene and followed by the isolation of mRNA using the High Pure FFPET RNA Kit (Magen, Guangzhou, China). qPCR was carried out using the Absolute qPCR SYBR Green Master Mix (Vazyme, Shanghai, China) with the following cycling conditions: 95°C for 10 min, 40 cycles of 95°C for 15 s, and 60°C for 60 s. A StepOnePlus device (Thermo Fisher Scientific) was employed for the detection. Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was used for normalization. Sequences of all primers are shown in Supplemental Table 1.



Tissue immunofluorescent staining assay

Immunofluorescent staining was performed in paraffin-embedded tissues from lymphoma patients. Tissue sections were deparaffinized, blocked with normal goat serum, and incubated with primary antibodies against CCL-8 (Abcam, MA, USA, Catalog number: ab 155967) or CD163 (Proteintech, Shanghai, China, Catalog number: 16646-1-AP), followed by the addition of anti-rabbit secondary antibodies (Sanying Biotech, Wuhan, China, Catalog number: SA00013-2), counterstained with 4′,6-diamidino-2-phenylindole (DAPI) solution (Roche, Switzerland, Catalog number: 10236276001) and subjected to imaging using a microscope.



Availability and implementation

The source code, documentation, help, and use cases are available on the GitHub page at https://github.com/sherrylou92/CCL8-DLBCL. It is free for use under the GPL 3 license.




Results


Association between estimated infiltrated cells, DLBCL prognosis, and clinical features

All 449 samples from TCGA and GEO datasets were given stromal and immune scores using the ESTIMATE algorithm, of which survival data were used for 443 cases. These samples were separated into two groups, stratified by the median score. Kaplan–Meier plots indicated that patients with higher stromal score and ESTIMATE score groups showed significantly higher survival probability (P < 0.01 and P = 0.005, Figure 2A). Although the immune score has a limited correlation with patients’ survival (P = 0.094, Figure 2A), higher immune scores were positively correlated with overall patient survivals within the first decade.




Figure 2 | Correlation of scores with the survival and clinical characteristics of patients with DLBCL. (A) Kaplan–Meier overall survival curves for 443 TCGA and GSE10846 samples with different immune scores, stromal scores, and ESTIMATE scores. Distribution of immune scores, stromal scores, and ESTIMATE scores in the GEO10846 datasets stratified by (B) LDH ratio, (C) number of extranodal sites, (D) age, and (E) clinical stages. Statistical tests were ANOVA tests.



The relationship between immune, stromal, and ESTIMATE scores and pathological characteristics in 412 cases of the GSE10846 dataset, after removing eight cases with no information on clinical characteristics, was then systematically analyzed using the Eastern Cooperative Oncology Group (ECOG), LDH ratio, number of extranodal sites, age, gender, and stage, while indeterminate data were omitted. As depicted in Figure 2B, LDH ratios were elevated with lower immune scores (P < 0.001), stromal scores (P = 0.012), and ESTIMATE scores (P < 0.001). In terms of lymph node metastasis, patients with one or two extranodal involvements had higher stromal scores in contrast to no extranodal site invasion (P = 0.0024 and P = 0.02), while the immune scores were lower for those with four lymph node invasions compared to no other lymph node involvement (P = 0.043, Figure 2C). In addition, younger patients (≤65 years) showed decreased immune scores (P = 0.0017) but similar stromal scores (P = 0.84) and ESTIMATE scores (P = 0.11) compared to older patients (> 65 years) (Figure 2D). Notably, only immune scores were higher in clinical stage 3 patients compared to stage 1 (P = 0.036) or stage 2 (P = 0.029), but the scores decreased as the patients progressed to stage 4 (P = 0.023, Figure 2E). These results provide preliminary evidence that immune components in DLBCL could be related to early survival and clinical characteristics of the patients.



Characterization of the ICI subgroup and ICI-related genes with pathological characteristics and clinical outcomes in DLBCL

To investigate the association between immune cell infiltration and clinical features, 254 samples from the GSE10846 dataset and 29 samples from TCGA dataset, excluding 166 cases with incomplete clinical information, were separated into different ICI categories, and the value of k = 2 was chosen based on similarities in the expression of immune cells (Figure 3A). Figure 3B shows a heatmap of clinical characteristic comparison between the two subgroups. Patients in the ICI B groups had better follow-up status and less extranodal site involvement. The 22 kinds of TICs in each sample are also presented. Among them, naïve B cells, memory B cells, Treg cells, resting NK cells, and M0 macrophages were at high levels in the ICI A group, while CD8+ T cells, active memory CD4+ T cells, and γδ T cells were less abundant. No significant correlation with survival probability was obtained between ICI A and B groups at 3, 5, 10, or 20 years (Supplemental Figures 1A–D); however, the ICI B group had a longer median survival time and higher survival rate than the ICI A group (ICI A group P = 7.49 years, ICI B group P = 17.60 years; Figure 3C).




Figure 3 | Potential association between TME components and clinical features. (A) Left: cumulative distribution function (CDF) of consensus clustering for k = ~2-9; middle: relative change in area under the CDF curve for k = ~2–9; right: relevance between the ICI A and ICI B clusters. (B) Heatmap and clinical features of two ICI subgroups defined by 22 immune cell proportions. (C) OS analysis of different ICI subgroups via a Kaplan–Meier plot. (D) Expression of PD-L1 and CTLA4 in patients from distinct ICI subgroups. (E) Left: k = 2–9 for the CDF of the consensus clusters. Middle: the area variation under the CDF curve from k = 2–9. Right: association between gene clusters A and B, (F) Heatmap of association between the expression of DEGs in gene clusters, ICI subgroups, and clinical features. (G) Comparison of the expression of PD-L1 and CTLA4 between patients in different gene clusters. ***P<0.001.



PD-L1 and CTLA4 are immune checkpoints, and their inhibitors are often used as a combination therapy in DLBCL treatment. Here, we found that PD-L1 and CTLA4 were more highly expressed in the ICI B group (Figure 3D). To further investigate the clinical implications of these ICI subgroups, ICI-related DEGs were filtered by logFC > 2 and P < 0.05. One hundred fifty-seven genes positively correlated with ICI; the related gene subgroups were called ICI gene signature A. Seven genes with negative correlations were named ICI gene signature B (Supplemental Table 2). ICI-related genes were clustered depending on the DEG expression in each sample. We chose 2 as the value of k, and all samples were divided into two clusters (Figure 3E). The heatmap showed that gene cluster A mainly exhibited a higher ECOG performance status at the time of diagnosis showing that patients in this cluster were more likely to succumb to the disease compared with gene cluster B (Figure 3F). Also, PD-L1 (P < 0.001) and CTLA4 (P < 0.001) were all expressed in lower amounts in gene cluster A compared to cluster B (Figure 3G).



Functional correlation analysis of ICI-related DEGs in DLBCL

Given that heterogeneity in DLBCL is associated with cell types, and the prognostic role of TME in DLBCL has been shown previously, we speculated that patients’ outcome was entwined with the heterogeneity of ICI. In this study, each patient was scored according to the expression of ICI signature genes A and B, and a final ICI score was obtained by subtracting the B score from the A score. Overall survival time was determined by dividing the patients into high- or low-ICI score groups based on median scores. The Kaplan–Meier plot indicated that patients with ICI low scores exhibit conspicuous prognosis advantages in GSE10864 (P < 0.01), TCGA datasets (P = 0.042), and the mixture of these two datasets (P < 0.01, Figure 4A). These results suggested that peritumor immune cell infiltration correlates with clinical features and prognosis.




Figure 4 | Functional analysis of DEGs among ICI clusters. (A) Kaplan–Meier survival analysis according to ICI scores. Left: the combination of the GSE10846 and TCGA databases. Middle: TCGA database. Right: GSE10846 dataset. (B) Multiple GSEAs were used to annotate the KEGG pathway enriched in high- and low-ICI score subgroups. (C) PPI network of hub genes (left: PPI network, purple: upregulated genes in tumor, orange: downregulated genes in tumor, right: bar plot demonstrating the number of adjacent nodes in the top 30 hub genes.). (D) Cox regressions were applied to detect the hazard ratios (HRs) of survival time. The confidence intervals are shown as the length of the line. Lines crossing HR = 1.0 indicates their insignificance.



To explore the biological features of the ICI score in depth, functional enrichment studies were conducted. The multiple GSEA suggested that genes in high-ICI score groups were mainly concentrated in immune-related pathways, including the chemokine signaling pathway, cytokine–cytokine receptor interaction, nod-like receptor signaling, primary immunodeficiency, and T-cell receptor signaling pathway (Figure 4B). Subsequently, all ICI-related DEGs were employed to predict protein interactions through the STRING website and 63 genes indicated as high confidence (0.9). The next analysis was undertaken via Cytoscape, and the bar plots displayed the top 30 genes ranked by the number of interaction nodes (Figure 4C). To better investigate the prognostic role of these hub genes, DEGs’ association with survival time was assessed using univariate Cox regression analyses performed on 312 samples in GSE10846 datasets, eliminating 108 cases with no data on DEGs. Proline–serine–threonine phosphatase-interacting protein 2 (PSTPIP2), CCL8, membrane spanning 4-domains A4A (MS4A4A), V-set and immunoglobulin domain containing 4 (VSIG4), CD163, sialic acid binding Ig-like lectin 1 (SIGLEC1), and metallothionein 1M (MT1M) were all found to be risky genes related to OS with HR > 1 and P < 0.01 (Figure 4D).



Relevance of hub genes’ expression to clinical features and prognosis

To minimize the systematic error from group classifications, the overlap of genes was assessed among the top 50 genes with leading nodes in the PPI network and 23 factor genes ranked by the univariate COX regression. Consequently, five genes (complement C1q B chain (C1QB), CCL8, CD3G, CD163, and leukocyte immunoglobulin-like receptor B2 (LILRB2)) were indicated (Figure 5A). A prognostic assessment was performed to investigate their potentials as prognostic factors in 312 cases from GSE10846, removing samples without genetic data. Lower expressions of CD163 (P < 0.001), CCL8 (P = 0.002), LILRB2 (P = 0.031), and C1QB (P = 0.031) showed significantly higher OS rates, whereas CD3G (P = 0.047) was negatively correlated with the overall survival time (Figures 5B–F). Moreover, four of these five genes, other than CD3G (P > 0.05), showed a significant increase in clinical stage 4 compared with stage 1 (P = 0.002, P = 0.028, P = 0.012, and P = 0.0085, Figures 5G–K). The above results suggested that the expression of these hub genes was associated with prognosis of DLBCL patients.




Figure 5 | The relevance of hub genes to clinicopathologic features and over survival. (A) The Venn diagram indicating intersections of leading 50 nodes in PPI and top significant factors in univariate COX. (B–F) Kaplan–Meier curves validating survival difference between the high and low expressions of these five hub genes (CCL8, C1QB, CD3G, CD163, and LILRB2). (G–K) Scatter plot showing the association between the expression of five hub genes and clinical stages.





Validation of clinical relevance of CCL8+CD163+ cells in DLBCL

Based on the abovementioned results, the mRNA expression of these five hub genes was analyzed in four cases of normal lymph node tissues and eight cases of DLBCL tissues to quantify. The data showed that the expression levels of CCL8 (P = 0.016) and CD163 (P = 0.048) were obviously higher in DLBCL tissues compared to normal tissues, while there was no significant difference in LILRB2 (P = 0.788), C1QB (P = 0.556), and CD3G (P = 0.250) (Figures 6A, B, Supplemental Figures 2A–C). DLBCL is usually classified into germinal center B cell (GCB) type with better prognosis or nongerminal center B cell (non-GCB) type with worse prognosis based on the immunohistochemical expression. Immunofluorescence results showed similar results, with higher expressions of CCL8 and CD163 in non-GCB compared to GCB DLBCL (Figures 6C, D). These results further suggest the important prognostic values of CCL8 and CD163 in DLBCL specimens.




Figure 6 | Validation of the expression of CCL8 and CD163 levels in DLBCL tissues and paracancer tissues. (A, B) q-PCR analysis for the mRNA expression of CCL8 and CD163 in DLBCL tissues and paracancer tissues. Statistical test was the multiple t test. (C, D) Tissue immunofluorescence imaging analysis to detect the amounts of CCL8 and CD163 in paraffin sections. Scale bars: 100 μm.





Correlation of CCL8 with immune cell infiltration and clinical features

Chemokine CCL8, which is a member of a conserved chemokine cluster, plays a role in cancer metastasis by modulation of the tumor-promoting activity in breast cancer including recruiting M2 macrophages. Little is known about its biological function in other cancers, for example, in DLBCL. To further uncover the association between CCL8 expression and the immune microenvironment, the CIBERSORT algorithm was used to determine the proportion of tumor-infiltrating immune cell subsets in 420 cases in the GSE10846 database and 29 cases in TCGA database. Twenty-one kinds of immune cell profiles were evaluated in the high- and low-CCL8 expression groups compared with the median level of CCL8. The results showed that a total of 15 kinds of TICs were associated with the expression of CCL8 including M2 macrophages (Figure 7A).




Figure 7 | Association between CCL8 expression, M2 macrophage proportion, and clinical features. (A) The ratio differences of 21 kinds of immune cells between DLBCL samples with low or high CCL8 expression in TCGA and GEO databases. Statistical test was the Wilcoxon test. (B) The correlation between CCL8 expression and M2 macrophage cell markers in DLBCL via the TIMER website. Statistical test was the Spearman rank correlation test. (C) Bubble plot for GO enrichment of CCL8-related DEGs. Statistical test was the nonparametric test (the x-axis represents the gene, and the y-axis represents the description of the pathway; the circled area is proportional to the number of genes assigned to the term, and the color corresponds to the adjusted P-value; CC: cellular components; BP: biological process; MF: molecular function). (D) Multiple GSEA was used to annotate the KEGG pathway for CCL8-related DEGs. (E) Forest plot showing the hazard ratios of the clinical features and the CCL8 expression level to the overall survival benefits in GSE10846. (F) Kaplan–Meier curves validating OS and PFS in GSE136971. (G–I) Relevance between CCL8 expression and clinical features in GEO datasets (GSE10524, GSE64555, and GSE114175). Statistical tests were Mann–Whitney U tests and ANOVA tests. (J) Relationships between CCL8 expression and immune checkpoints in DLBCL. Statistical test was Spearman rank correlation test. (K) Heatmap of the relationship between mutant genes and CCL8 expression. Statistical test was the Mann–Whitney U test. *P<0.05, **P<0.01.



According to previous findings that CD163, the cell marker of M2 macrophages, is one of the hub genes, we explored the link between M2 macrophage featured genes (CD163, MS4A4A, and VSIG4) and CCL8 expression in DLBCL via the TIMER database. We found that all of these three markers were positively correlated with CCL8 expression (R > 0, P < 0.001, Figure 7B). Given that the expression level of CCL8 was negatively associated with the survival time and clinical stages in DLBCL patients, GO enrichment analysis and GSEA were used to investigate the underlying interplay of DESs between high- and low-CCL8 expression groups. It can be inferred that immune-related processes and secretory granule membranes, which were associated with cytokine and chemokine activity, were highly associated with CCL8-related DEGs (Figure 7C). A multiple-GSEA investigation also indicated that DEGs in the low-CCL8 expression group were enriched in the chemokine signaling pathway and the cytokine–cytokine receptor interaction pathway (Figure 7D).

Next, we probed into the CCL8 expression in other independent cohorts to find its potential as a prognostic factor. Uni- and multi-Cox regression analyses indicated that the age, ECOG performance status, clinical stages, LDH ratio, and CCL8 expression level were independent prognostic factors for predicting survival in DLBCL patients from the GSE10846 dataset (Supplemental Tables 3 and 4, Figure 7E). In GSE136971, the CCL8 level was negatively associated with overall patient survival (P = 0.013) and progression-free survival probability (P = 0.009, Figure 7F). The site of onset is also associated with CCL8 expression. As shown in GSE10524, testicular DLBCL contained more CCL8 than the central nervous system (P < 0.05) and nodal DLBCL (P = 0.056, Figure 7G). The expression of CCL8 in activated B-cell-like (ABC) DLBCL, a subtype with worse prognosis, was significantly lower than that in germinal-center B cell-like (GCB) DLBCL in GSE64555 (P < 0.05, Figure 7H). Patients in stage II also had a greater amount of CCL8 than in stage I according to the analysis in GSE114175 (P < 0.01, Figure 7I). Moreover, CCL8 had a significant positive correlation with PD-L1 (rho = 0.701, P < 0.001) but not CTLA4 (rho = 0.066, P > 0.05) in DLBCL via TIMER website analysis (Figure 7J). Therefore, CCL8 might be used as a diagnostic biomarker in DLBCL and was highly associated with M2 macrophage content.

The random forest algorithm was used to explore the importance of gene mutation related to CCL8 expression in DLBCL. A total of 2,156 gene mutations were identified in TCGA cohort, including TP53 and KRAS (Supplemental Table 5). Genes with greater than five mutations in 27 cases were selected for further analysis. The detailed mutation types of these genes are shown in Supplemental Figure 3. Furthermore, CREBBP mutation was correlated with CCL8 expression (P = 0.013), composed of missense mutations and in-frame deletions (Figure 7K).




Discussion

DLBCL is an aggressive lymphoma composed of malignant B cells, and its pathogenesis is tied to immune cell constitution (16). Recently, molecular research into the TME of DLBCL has attempted to identify new specific prognostic and risk stratification biomarkers to predict patients’ outcome. In this study, we aimed to examine the relationship between ICI and prognosis in DLBCL and to identify the ICI-related genes that contribute to the survival of patients in GEO and TCGA datasets. CCL8 was identified to be involved in the immune response by interacting with M2 macrophages. In addition, bioinformatic analysis provided convincing evidence of a strong association between CCL8 and clinical features in DLBCL (Figure 8).




Figure 8 | Schematic representation of CCL8’s role in DLBCL. Tumor cells secreted CCL8 to recruit macrophage moving around the tumor by binding with the CCR family and promoting macrophage polarization to the M2 type. In addition, highly CCL8-secreting tumor cells had an elevated expression of PD-L1 and CTLA4.



It was demonstrated that the role of the TME is dependent on the interaction between tumor cells and peritumor immune cells, such as T cells, B cells, NK cells, and macrophages, combined with stromal elements (17). Autio et al. have suggested that poor survival is associated with a high proportion of positive T-cell checkpoints through immunophenotyping in DLBCL (16). Benedetta Apollonio’s discussion of the immune-stromal microenvironment in B-cell lymphoma openly acknowledges that nonhematopoietic stromal cells can modulate antitumor immunity by constituting a barrier to infiltrating T cells (18). In chronic lymphocytic leukemia, splenic stromal cells coevolve with the disease by producing the pro-B cell cytokine CXCL13 (19). The infiltration of stromal cells also has positive prognostic impact on DLBCL outcomes confirmed by Dubois (20) and Schmitz et al. (21), respectively. Based on these studies, we conducted a systematic analysis of the transcriptional DLBCL data in the GEO and TCGA datasets, which suggested that the stromal score in the TME was conducive to the patients’ prognosis. These results emphasize the importance of exploring the effects of peritumor immune cells on tumor cells, which can propose new ideas for immunotherapy in DLBCL.

DLBCL is a disease in which malignant B cells accumulate in nodal and extranodal sites, and the number of extranodal involvement sites correlates with the clinical stage. Our results showed a positive correlation between the stromal score and the number of extranodal involvement sites. The work of Antonio Giovanni Solimando et al. sums up the pivotal role of a cancer-friendly environment in patients with both nodal and extranodal site invasion, stating that single cells were able to reside and survive in nodal and extranodal sites as stromal cells and vessels in the TME provide nutrients and oxygen for them and become a source of residual disease and recurrence (22). In addition, the immune scores were elevated from clinical stages 1 to 3 but decreased in stage 4, which indicates that tumor progression is accompanied by an enhanced tumor immune response but is gradually exhausted with tumor spreading. Similar to our results, Marie Tosolini distinguished the cancer immune cell activity in B-NHL into four stages based on differences in gene expression of each DLBCL sample in public databases, revealing that the higher the stage, the stronger the immune response and the more the immune escape, which implies poorer prognosis (1).

Interestingly, the ICI score derived by the PCA algorithm, which is the score of ICI A feature genes minus that of ICI B, was positively correlated with the outcome of patients. This may be on account of the independent effect of each immune cell on clinical features and survival. Moreover, the ICI A group was more involved in immune-related pathways such as the chemokine signaling pathway. Previous studies have shown that DLBCL cells express the ligand C–C motif chemokines to suppress antitumor immune responses through recruiting immune cells that secrete the tumor-promoting factors (23, 24).

Next, we found that the prognosis of patients was more closely related to γδT cells and macrophages by analyzing immune cells within different ICI subgroups and gene subgroups. A study carried out by Jung Hyun Her revealed that γδ T cells that express the FcγRIIIa receptor can be effector cells for tafasitamab, an Fc-modified monoclonal antibody, thus inducing antibody-dependent cellular cytotoxicity against a range of NHL cell lines (25). Further, some studies claimed that macrophage polarization in DLBCL was associated with CREBBP/EP300 mutations and in turn promotes tumor progression (26).

From the results obtained by overlapping the PPI and prognosis-related genes detected through COX analyses, we unveiled that the core differential genes include CD163 and CCL8. CD163 is widely accepted as the surface marker of M2 macrophages, which play an important role in B-cell lymphoma by restraining host antitumor immune effector responses (27, 28). The high expression of CD163 was notably related to poor survival and clinical characteristics (age, ECOG, number of extranodal sites, and stage). M2 macrophages express inflammation-suppressing factors that serve to suppress tumor immune responses and promote tumor growth (29). A training set of 132 cases showed that DLBCL had a different number of M2 macrophages, and the high infiltration of CD163 and pentraxin 3 (PTX3) was associated with a low survival rate (30).

Reiser et al. discovered that the underlying mechanism by which M2 macrophages enhance tumorigenesis is through secreting proinflammatory cytokines, which are influenced by CD8+ T cells (31). However, the regulation mechanism between M2 macrophages and tumor cells has not been illustrated clearly yet. Some studies suggest that it may be linked to cytokines and chemokines secreted by tumor cells (32). By interacting with homologous receptors and acting as the MAPK/ERK pathway, cytokines and chemokines affect immune cell chemotaxis and activation, angiogenesis, and tumor cell metastasis (33). In glioblastoma, tumor cells recruit M2 macrophages in response to CCL2 (34).

CCL8, a chemokine, is shown to be negatively associated with patient prognosis in glioma, colorectal cancer, kidney cancer, uroepithelial cancer, testicular cancer, breast cancer, and endometrial cancer and positively associated with patient prognosis in thyroid cancer, head and neck tumors, and ovarian cancer in The Human Protein Atlas database. CCL8 is a ligand for CCR2 and activates CCR1, CCR3, and CCR5. It recruits TAM to the tumor perimeter by binding to CCR1, contributing to the increased susceptibility of tumors to metastasize to the liver. After binding to CCR2, it induces tumor cells to metastasize to the bone through TAM-mediated tumor angiogenesis. In addition, it is also able to bind to CCR3, thus promoting tumor angiogenesis (35). In breast cancer, CCL8 enhances tumor cell activity and contributes to tumor metastasis by regulating the TME, and the pro-cancer effect of CCL8 is inhibited upon macrophage depletion, suggesting that CCL8 may promote tumor progression by recruiting macrophages (36). In cervical cancer, CCL8 causes the recruitment of TAM through interactions with ZEB1 in hypoxic cancer cells (37).

A study carried out by Hiroki Kobayashi revealed that fibroblasts promote macrophage chemotaxis by enhancing nuclear factor-κB-IL34/CCL8 signaling in colorectal carcinogenesis. Despite most studies focusing on epithelial tumors, little is known about the role of CCL8 on macrophages in sarcoma. The research on 1,242 sarcoma specimens indicated that macrophages outnumbered tumor-infiltrating lymphocytes and M2 macrophages were more prominent than M1 macrophages (38). In Ewing sarcoma, USP6 induced macrophage chemotaxis by enhancing the production of CXCL10 and CCL5 (39). We verified the positive correlation of CCL8 expression with M2 macrophages by CIBERSORT analysis of the GSE10846 dataset and online analysis of the TIMER dataset. Combining the results of previous studies, it is likely that in DLBCL, CCL8 is able to recruit M2 macrophages to promote tumor metastasis.

Further investigations should be conducted to clarify the relationship between tumor-infiltrating macrophages and CCL8 expression, especially in tumor metastasis-related pathways and TAM-dependent angiogenesis. It is also worth investigating which ligands CCL8 binds to, including CCR1, CCR2, CCR3, and CCR5, and thus how it affects the downstream signaling pathways that lead to changes in the biological behavior of tumor cells.



Conclusions

In summary, we found a significant correlation between patients’ outcome and peritumor macrophages through bioinformatics data mining of TCGA and GEO datasets. We also established the association of CCL8 with CD163, which is the surface marker of M2 macrophages. We speculated that CCL8 may play a key role in immune escape of DLBCL by interacting with M2 macrophages.
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Background: ZEB2 is a protein-coding gene that is differentially expressed in tumors and can regulate the growth of tumor cells. This study investigated the specific regulatory mechanism of ZEB2 in COAD, a common cancer with high rates of morbidity and mortality.
Methods: Multi-omics panoramic display of expression and function of ZEB2 in colon cancer. R software was used to study the expression of ZEB2 in 33 types of cancer. Furthermore, RT-PCR was used to detect the expression of ZEB2 in colon cancers and para-cancer tissues, as well as in colon cancer cells and normal cells. The ssGSEA was then used to explore the relationship between ZEB2 and immune cells, with UALCAN, EWAS and MEXPRESS applied to explore the methylation of ZEB2. The relationship between immunomodulators and chemokines (or receptors) based on expression data, copy number data, methylation data, and mutation data of ZEB2 was investigated using TISIDB. Finally, a protein interaction network of ZEB2 was constructed, and GO and KEGG analyses were performed on the differentially expressed genes.
Results: ZEB2 is downregulated in most cancers, including COAD. The infiltration of the immune cells NK CD56 and Th17 cells was negatively correlated with ZEB2 expression, while the other 22 cells were positively correlated with ZEB2 expression. The DNA methylation of ZEB2 and the methylation of the ZEB2 protein on the EWAS website increased significantly. Analysis of the methylation levels and ZEB2 expression revealed that only the DNA methylation level and the expression of ZEB2 were significantly negatively correlated. The tumor-infiltrating lymphocytes positively correlated with the expression of ZEB2 but negatively correlated with the methylation of ZEB2. The same trend was observed for immunomodulators, chemokines, and receptors. The network showed that the protein performed certain biological functions, thereby affecting disease symptoms.
Conclusion: These findings provide evidence that ZEB2-based therapy may represent a powerful treatment strategy for COAD.
Keywords: ZEB2, immune infiltration, methylation, multi-omics, COAD
INTRODUCTION
COAD is currently the third most widespread cancer in the world and the fourth most deadly cancer, with increasing rates of morbidity and mortality (Sung et al., 2021). Colon cancer may not be easily detected in the early stages, and in many cases, there are no symptoms until later stages, hence the high fatality rate (Arnold et al., 2017). Most colon cancers are caused by polyps which later develop lesions and eventually develop into colon cancer. The continuous accumulation of genetic and epigenetic changes lead to the inactivation of tumor suppressor genes, the activation of oncogenes, and ultimately the formation and maintenance of tumors (Guo et al., 2019). There is an urgent need to investigate potential therapeutic targets for COAD progression.
The ZEB2 gene codes for a member of the Zfh-1 family of two-handed zinc finger/homeodomain proteins (Scott and Omilusik, 2019). It is located in the nucleus and functions as a DNA-binding transcriptional repressor that interacts with activated SMADs. Mutations in this gene are associated with Hirschsprung disease/Mowat-Wilson syndrome (Hegarty et al., 2015), and alternatively spliced transcript variants have been found for this gene. The biological functions of ZEB2 include a transcription inhibitor that can bind to the DNA in different promoters (Long et al., 2005; Chen et al., 2010), an inhibitor of E-cadherin transcription, and MEOX2 expression. ZEB2 is differentially expressed in tumors and can regulate the growth of tumor cells (Fardi et al., 2019) but the specific role of ZEB2 in colon cancer has not been explored in depth.
The TCGA-COAD dataset was used in this study to conduct immune infiltration, methylation, and enrichment analyses, focusing on the mechanism of ZEB2 in COAD to analyze its clinical significance.
MATERIALS AND METHODS
Data collection
Thirty-three types of cancers from TCGA were analyzed and the downloaded TPM format of TCGA and GTEx was processed uniformly by the Toil (Vivian et al., 2017) process from UCSC Xena (https://xenabrowser.net/datapages/) RNAseq data (Liu et al., 2021a). Since the number of adjacent tissue samples corresponding to the tumor in TCGA is relatively small, normal tissues were added to the GTEx dataset as a control for further evaluation. After log2 conversion of the RNAseq data, the expression was compared between samples. There was a total of 15,776 unpaired samples, comprising 4,683 normal samples and 11,093 tumor samples; the paired samples totaled 11,093. ROC curve is used to diagnose the stability of gene prediction (Liu et al., 2021c; Li et al., 2022). The R software (version 3.6.3) and ggplot2 were used for statistical analysis and visualization, ns p ≥ 0.05, *p < 0.05, **p < 0.01, ***p < 0.001.
Cell culture
The Suzhou Medical University (Suzhou, China) provided the following human colon cancer cell lines Caco-2, HT29, SW480, and HCT116, as well as the normal colon cell line HIEC. There were cultured in DMEM (HyClone, United States) supplemented with 10% FBS (Gibco, United States) and 100 μg/ml streptomycin/penicillin (Hyclone) in a 5% CO2 humidified environment at 37°C. The cells were passaged every 2–3 days using 0.25% trypsin (Hyclone).
Clinical sample collection
Six colon cancer tissues and matched adjacent normal tissues were collected from COAD patients of the Second Affiliated Hospital of Wannan Medical College. Among these patients, none of them had been subjected to radiotherapy, chemotherapy, or immunotherapy. The Ethics Committee of the Second Affiliated Hospital of Wannan Medical College granted permission to perform the research and every participant provided informed consent.
RT-PCR
The expression of ZEB2 in tumor and normal tissues was compared by qRT-PCR. The expression of ZEB2 in different colon cancer cell lines was also quantified by qRT-PCR, with at least three biological replicates per sample. The total RNA concentration of each sample was adjusted to be the same before reverse transcription using the ChamQ Universal SYBR qPCR Master Mix and HiScript II Q RT SuperMix for qPCR (Nanjing Novozan Biotechnology Co. ltd.). The relative mRNA expression was calculated by the 2-ΔΔCT method and normalized to the internal reference GAPDH. The primer sequences were as follows: ZEB2: Forward: 5′-AAA​ACC​TCG​CCA​AGA​GTG​TC-3′, Reverse: 5′-GAG​GCG​TAA​CAC​GTC​AGT​CC-3′, GAPDH: Forward: 5′-GAA​GGT​GAA​GGT​CGG​AGT​C-3′, Reverse: 5′-GAA​GAT​GGT​GAT​GGG​ATT​TCC-3′.
Immune infiltration
The immune infiltration algorithm used was ssGSEA (Hanzelmann et al., 2013) and the data from TCGA (https://portal.gdc.cancer.gov/) was COAD project FPKM format RNAseq data (Liu et al., 2021a). First, the RNAseq data in FPKM format were converted into TPM format, and then a log2 conversion was performed (Liu et al., 2021b). The markers of 24 immune cells were taken from an article of Immunity (Bindea et al., 2013; Han et al., 2021).
Methylation of zinc finger E-box-binding homeobox 2
UALCAN (http://ualcan.path.uab.edu/) and EWAS(http://www.ewas.org.cn) are comprehensive and convenient visualization websites (Chandrashekar et al., 2017). Seventy-one methylation probes related to ZEB2 were obtained and subjected to enrichment analysis. MEXPRESS is a convenient website that can visually display the relationship between different independent variables, such as gene DNA methylation level, expression level, and clinical data (https://mexpress.be/) (Koch et al., 2019).
TISIDB
Tumor and immune system interaction database (TISIDB) is a web portal for tumor and immune system interactions (http://cis.hku.hk/TISIDB/) (Ru et al., 2019) that details the relationships between the abundance of tumor-infiltrating lymphocytes (TILs) based on the expression, copy number, methylation and mutation data of ZEB2. The relative abundance of TILs was inferred by using GSVA based on the gene expression profile.
Construction of the protein interaction network of zinc finger E-box-binding homeobox 2
STRING (https://cn.string-db.org/) is the most comprehensive large-scale protein interaction database (Szklarczyk et al., 2021). Ten proteins most closely related to the function of ZEB2 were obtained. GeneMANIA was used to generate hypotheses about gene functions, analyze the gene lists and determine the priority of genes for functional analysis (Warde-Farley et al., 2010).
Enrichment analysis
To further explore the role of ZEB2 in tumors, GO/KEGG enrichment analysis (Yu et al., 2012) and single-gene difference analysis (Love et al., 2014) were performed to reveal its potential biological functions. The target molecule is ZEB2, the low expression group is 0%–50%, and the high expression group is 50%–100%. Gene set enrichment analysis (GSEA) was also conducted using c2.cp.v7.2.symbols.gmt. Generally, the threshold for significant enrichment is considered to be a false discovery rate (FDR) of <0.25 and p.adjust <0.05 (Xu et al., 2021).
RESULTS
Zinc finger E-box-binding homeobox 2 is differentially expressed in different tumors
The study flow chart is provided in Figure 1. The unpaired samples revealed that ZEB2 is differentially expressed in several tumors and downregulated in most tumors, with only CHOL, DLBC, GBM, and KIRP showing no expression differences (Figure 2A). In the samples with matched data pairs, it was also found that ZEB2 was downregulated in many cancers but there was no difference in expression in ESCA, PAAD, and STAD (Figure 2B). The transcription level of ZEB2 was compared in normal tissues and colon cancer by qPCR and also verified in cancer cell lines and normal cells (Figures 2C,D). In addition, there was a significantly low expression of ZEB2 in COAD.
[image: Figure 1]FIGURE 1 | Study flow chart.
[image: Figure 2]FIGURE 2 | ZEB2 expression in different cancers. (A) ZEB2 expression in unpaired samples of different cancers. (B) ZEB2 expression in paired samples of different cancers. (C) Difference in the ZEB2 transcription between normal colon cells and colon cancer cell lines. (D) Difference of ZEB2 transcription between normal tissues and colon cancer tissues.
Immune infiltration
The correlation between ZEB2 and 24 immune cells was analyzed based on the data from TCGA, with only NK CD56 bright cells and Th17 cells being negatively correlated with ZEB2 expression. The remaining 22 immune cells were all positively correlated with ZEB2 expression (Figure 3). The group comparison chart showed that the immune infiltration score of the ZEB2 high-expression group was significantly higher than that of the low-expression group, and the remaining two immune cells were significantly decreased (Figure 4). The expression of ZEB2 and the level of immune cell infiltration were clearly illustrated and confirmed in the follow-up scatter plot. As the expression level of ZEB2 increases, the level of immune infiltration of the 22 immune cells also significantly increases, while the other two types of cells decreased (Supplementary Figure S1).
[image: Figure 3]FIGURE 3 | The correlation between ZEB2 expression and 24 immune cells based on TCGA data.
[image: Figure 4]FIGURE 4 | (A–X) Enrichment of 24 types of immune cells in the ZEB2 high- and low-expression groups.
Methylation of zinc finger E-box-binding homeobox 2
Firstly, the DNA methylation levels of ZEB2 in tumors and normal tissues were obtained from the UALCAN website (Supplementary Figure S2A; Normal-vs.-Primary 3E-07). The 34 probes were all drawn with scatter plots, showing that most probes were negatively correlated with the expression level, with a few probes showing no correlation or a positive correlation (Supplementary Figure S2). In addition, the DNA methylation levels of both the ZEB2 body and the ZEB2 promoter on the EWAS website increased significantly (Figures 5A,B), with only the relationship between the DNA methylation of the promoter and the expression of ZEB2 being significantly negatively correlated (Figures 5C,D). The different methylation forms and the enrichment of various histones in different tissues and cells were presented in the form of a heat map (Figure 5E) showing the histone enrichment of H3K4me1, H3K4me3, H3K9me3, and H3K27me3 in the colonic mucosa. The heat map of the chromatin state enrichment results of the ZEB2 methylation probe showed that flanking bivalent TSS/Enh increased significantly (Figure 5F). The GO/KEGG enrichment analysis on the ZEB2 methylation probes (Figures 5G,H) showed that ZEB2 may have certain biological functions, such as cell projection organization and is an integral component of the synaptic membrane and the plasma membrane, and may affect the cholinergic synapse, calcium signaling pathway, salivary secretion, neuroactive ligand-receptor interaction, cell adhesion molecules, and other pathways. The MEXPRESS website was used to explore the correlation between OS prognosis, sample type, BMI, and other variables and ZEB2 methylation probes (Figure 6), revealing that both OS and BMI are negatively correlated with expression levels and have a strong correlation with many methylation probes.
[image: Figure 5]FIGURE 5 | The DNA methylation levels of ZEB2. (A) The DNA methylation level of the ZEB2 body. (B) Methylation level of the ZEB2 promoter on the EWAS website. (C) The correlation between DNA methylation of the body and ZEB2 expression. (D) The correlation between DNA methylation of the promoter and ZEB2 expression. (E) The different methylation forms and the enrichment of various histones in different tissues and cells. (F) The chromatin state enrichment results of the ZEB2 methylation probe. (G,H) The GO/KEGG enrichment analysis of ZEB2 methylation probes.
[image: Figure 6]FIGURE 6 | Correlation between clinical features and ZEB2 methylation probes.
The relationship between zinc finger E-box-binding homeobox 2 methylation level and immune infiltration
The TISIDB website was used to conduct a comparison of TILs, three kinds of immunomodulators, and chemokines (or receptors) in terms of their correlation with expression levels and methylation levels of ZEB2. Most TILs were positively correlated with the ZEB2 expression but negatively correlated with ZEB2 methylation (Figures 7A,B). In addition, most immunomodulators, immunosuppressants (Figures 7C,D), immune activators (Figures 7E,F), or MHC molecules (Figures 7G,H), were also positively correlated with expression levels and negatively correlated with the degree of methylation. The same trend was observed for chemokines (Figures 7I,J) and receptors (Figures 7K,L). Taken together, as the level of ZEB2 DNA methylation increases, the expression of ZEB2 decreases significantly, with the level of immune infiltration also decreasing significantly, thereby promoting the occurrence and development of tumors.
[image: Figure 7]FIGURE 7 | The relationship between the methylation level of ZEB2 and immune infiltration. (A) The correlation between TILs and ZEB2 expression. (B) The correlation between TILs and ZEB2 methylation. (C) The correlation between immunosuppressants and ZEB2 expression. (D) The correlation between immunosuppressants and ZEB2 methylation. (E) The correlation between immune activators and ZEB2 expression. (F) The correlation between immune activators and ZEB2 methylation. (G) The correlation between MHC molecules and ZEB2 expression. (H) The correlation between MHC molecules and ZEB2 methylation. (I) The correlation between chemokines and ZEB2 expression. (J) The correlation between chemokines and ZEB2 methylation. (K) The correlation between receptors and ZEB2 expression. (L): The correlation between receptors and ZEB2 methylation.
Construction of the protein interaction network of zinc finger E-box-binding homeobox 2
A PPI network comprising 11 points and 31 edges (PPI enrichment p-value was 1.7e-05) (Figure 8A) was built using the STRING website. From the PPI network constructed in the GeneMANIA database, it was observed that physical interactions accounted for 77.64% of the network, co-expression accounted for 8.01%, predicted accounted for 5.37%, co-localization accounted for only 3.63%, genetic interactions accounted for 2.87%, pathway accounted for 1.88%, and shared protein domains only accounted for 0.60% (Figure 8B). This indicates that most proteins in this network may interact directly to perform biological functions, thereby affecting disease symptoms.
[image: Figure 8]FIGURE 8 | The protein interaction network and enrichment analysis of ZEB2. (A) The PPI network on the STRING website. (B) The PPI network constructed on the GeneMANIA website. (C) The GO/KEGG analysis of different genes. (D) The GSEA analysis of ZEB2.
Enrichment analysis of zinc finger E-box-binding homeobox 2
The TCGA data were used for single-gene difference analysis. The total number of gene IDs was 56,493, among which there were different types of molecules, such as protein-coding, lncRNA, and miRNA. There were 9,191 IDs falling within the threshold of |log2(FC)| > 1 and p.adj < 0.05. Under this threshold, the number of high-expression genes (logFC is positive) in the high group was 8,667, and the number of low-expression genes (logFC is negative) in the low group was 524. The condition |log2(FC)| > 2.5 and p.adj < 0.05 obtained a total of 137 encoded proteins, which were used for ordinary GO/KEGG enrichment analysis. Under the conditions of p.adj < 0.1 and qvalue < 0.2, BP had 29 entries, CC had 38 entries, and both MF and KEGG have six entries (Figure 8C). The logFC in the previous single-gene difference analysis was used as the molecular ranking to evaluate whether the gene set was significant, obtaining a total of 55 data sets satisfying FDR (q value) < 0.25 and p.adj < 0.05 (Figure 8D, Supplementary Figure 3).
DISCUSSION
This study explored the specific expression of ZEB2 in 33 human cancers and found there to be significant differences between several tumors. For example, ZEB2 expression decreased significantly in tumors such as ACC, BLCA, BRCA, and COAD but significantly increased in HNSC, LAML, LGG, PAAD, and SKCM.
According to the literature, ZEB2 achieves RNA polymerase II cis-regulatory region sequence-specific DNA binding (Gaudet et al., 2011) and exhibits DNA-binding transcriptional repressor activity. As a regulator of epithelial-mesenchymal transition, ZEB2 is strongly downregulated by miR-221 (Chen et al., 2010), and ZEB2 expression was increased, which in turn inhibited the expression of G9A and MTA3 by recruiting G9A/NuRD (MTA1), thereby promoting the metastasis and progression of breast cancer (Si et al., 2015).
It is well known that immune cells play a very important role in the tumor microenvironment (Galluzzi et al., 2020). After processing and visualizing the immune infiltration data in COAD, we found that the expression of ZEB2 was strongly correlated with 24 types of immune cells, with 22 of those immune cells showing a strong positive correlation. Combined with the expression of ZEB2 in COAD, this indicates that the patient’s immune system may be significantly suppressed in COAD, allowing the development of a microenvironment that promotes tumorigenesis and tumor development. As current tumor immunotherapy mainly targets lymphocytes, the reduced lymphocyte infiltration of COAD would dampen the effect of immunotherapy. Therefore, research on the microenvironment in COAD can help to overcome immune suppression and increase the response of tumors to immunotherapies (Qi et al., 2022).
DNA methylation is an epigenetic mechanism that is deregulated in precancerous colon lesions (Petko et al., 2005). Methylation is a form of DNA chemical modification that can alter gene expression without changing the DNA sequence (Hashimoto et al., 2010) and may promote tumor progression by inhibiting the plasticity of cell differentiation (Klutstein et al., 2016). The DNA methylation level of ZEB2 was significantly increased, that is, negatively correlated with ZEB2 expression. The deregulation of DNA methylation is an epigenetic alteration that takes place during colon carcinogenesis and can be detected from precancerous lesions, such as ACP, to advanced stages of COAD. At the same time, there was no correlation with protein methylation, which means that it affects the expression of ZEB2 epigenetically. Various increases in methylation have been found in colon cancer tissues (Jung et al., 2020). H3K4me1, H3K4me4, H3K4me3, etc. are all increased significantly (Akhtar-Zaidi et al., 2012; Triff et al., 2017). Among these, H3K4me4 methylation enrichment is usually considered to occur in the active position of transcription factors, so the transcription repressor stimulated this function causing the expression of ZEB2 to decrease significantly. In addition, ZEB2 positively correlated with m6A methylases and the demethylase FTO showed a significant positive correlation with ZEB2 (Supplementary Figures 4A,B). Deregulation of epigenetic mechanisms has relevant effects on the development and progression of COAD and may have clinical utility as a tumor biomarker of COAD (Du et al., 2020).
The PPI network showed that ZEB2 had energy interactions with multiple genes. The specific internal connection between ZEB2 and interacting genes may be crucial to its role in tumor progression. Multiple genes may interact to regulate tumor progression. Further functional enrichment analysis showed that ZEB2 and its interacting genes are mainly involved in cholinergic synapses, calcium signaling pathways, saliva secretion, neuroactive ligand-receptor interactions, cell adhesion molecules, and other pathways.
The MEXPRESS website was used to analyze the relationship between ZEB2 expression and other factors, with OS and BMI showing a negative correlation. The occurrence of colon cancer is closely related to colon polyps and as the expression of ZEB2 decreases, so the possibility of colon polyps occurring also increases. We can also infer that the expression of ZEB2 is related to the incidence of colon cancer, so the decreased expression of ZEB2 may promote the occurrence of colon cancer.
Immunotherapy has had significant success in cancer treatment in recent years (Kennedy and Salama, 2020). Regarding the relationship between the level of ZEB2 methylation and immune infiltration, most immunomodulators were also positively correlated with the expression level, with ZEB2 expression and methylation negatively correlated with the abundance of most TILs (Zhu et al., 2021).
A ROC curve was constructed based on the TCGA data to explore the clinical significance of ZEB2 showing that ZEB2 exhibited excellent diagnostic accuracy (AUC = 0.844). The risk factor diagram showed that with a significant increase in risk score, the prognosis of patients would become worse (Supplementary Figures S4C,D, S5). The baseline data table was also constructed to describe the basic situation of each study subject, and the combination subgroup can be used to evaluate whether the constituent ratios of different clinical variables are different among the subgroups (Supplementary Table S1). In addition, a proportional risk regression model (a univariate and multivariate Cox regression) was constructed with survival outcome and survival time as dependent variables to analyze the effects of many independent variables on survival (Supplementary Table S2).
In conclusion, our findings showed that ZEB2 was decreased in COAD and strongly correlated with 24 different types of immune cells, therefore ZEB2 may be a potential therapeutic target for colon cancer.
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Despite considerable progress has been made in the understanding of the genetics and molecular biology of renal cell carcinoma (RCC), therapeutic options of patients with papillary renal cell carcinoma (PRCC) are limited. Immunotherapy based on immune checkpoint inhibitors (ICIs) has become a hot point in researching new drug for tumor and been tested in a number of human clinical trials. In this study, an immune-related gene prognostic index (IRGPI) was developed and provided a comprehensive and systematic analysis of distinct phenotypic and molecular portraits in the recognition, surveillance, and prognosis of PRCC. The reliability of the IRGPI was evaluated using independent datasets from GEO database and the expression levels of the genes in the IRGPI detected by real-time PCR. Collectively, the currently established IRGPI could be used as a potential biomarker to evaluate the response and efficacy of immunotherapy in PRCC.
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INTRODUCTION
Renal cell carcinoma is the third most common urological cancer, accounting for 3% of all cancers in women and 5% in men with an incidence of around 400,000 new cases worldwide (Siegel et al., 2019; Deleuze et al., 2020). Papillary renal cell carcinoma (PRCC) usually occurs in sporadic forms and is the second most common subtype of renal carcinoma, behind clear cell RCC (ccRCC) (Akhtar et al., 2019). PRCC is typically divided histologically into 2 types, type 1 (characterized by a basophilic cytoplasm and considered as a low-grade tumor) and type 2 (characterized by a bulky eosinophilic cytoplasm and pseudostratified tumor cell nuclei and considered as a high-grade tumor), which is commonly associated with higher frequency of necrosis and worse outcome (Delahunt et al., 2001; Pignot et al., 2007; Deng et al., 2019). In point of view of clinical manifestations, the patients with PRCC are characterized by hematuria, flank pain and a palpable abdominal mass, which generally appear in the late stage. Accordingly, most of the patients are diagnosed at locally advanced stages and metastatic disease (Courthod et al., 2015). Unfortunately, nearly 40 percent postoperative patients would have local recurrence and blood vessel metastasis (Courthod et al., 2015). Thus, it is absolutely critical for us to explore and develop reliable biomarkers for diagnosis and prognosis of PRCC, which may serve as a potential therapeutic target for the clinical management.
Despite some progress, therapy targeting of VEGF and mTOR signaling has an presents few clinic effect in patients with PRCC, while the efficacy of VEGFR-targeted therapies and mTOR inhibitors has been demonstrated in clinical trials in patients with ccRCC (Tannir et al., 2016). Recently, there is an increased interest in considering “targeted immunotherapy” as a perspective, effective therapeutics of solid tumors. Immunotherapy based on immune checkpoint inhibitors (ICIs) has become a hot point in researching new drug for tumor and been tested in a number of human clinical trias. At present, programmed death‐1 (PD‐1), programmed death ligand 1 (PD‐L1) and cytotoxic T lymphocyte associated protein 4 (CTLA4), which mediate critical pathway responsible of immune-tolerance against tumor cells, are the major therapeutic target of ICIs therapy (Gunturi and McDermott, 2014; Del Paggio, 2018). A single arm, non-randomized, Phase I trial confirmed the efficacy of ipilimumab, a fully human monoclonal antibody anti-CTLA4, in the improvement of the objective response rate by inducing the immunologic rejection (Yang et al., 2007). And in another investigation, PD-L1 positivity in non-clear cell RCC, especially papillary RCC cells showed a negative prognostic role, being significantly correlated with advanced grade and with shorter overall survival (Choueiri et al., 2014).
It can be seen that prognostic biomarkers based on immunology may help the clinical risk stratification and prognosis decision of patients with PRCC. In this study, we sought to identify a novel immune signature which could be used to determine the characteristic and prognosis, and could be applied as therapeutic targets for gene therapy of PRCC. We utilized the data from The Cancer Genome Atlas (TCGA) and identified an immune-related gene prognostic index (IRGPI) by weighted gene co-expression network analysis (WGCNA) with immune-related hub genes related to prognosis. We then evaluated the clinical value of the immune signature and analyzed the correlation between the signature and immune infiltration in PRCC.
MATERIALS AND METHODS
Data source and preprocessing
The entire RNA-sequencing profiling data, gene mutation information and clinical information of 321 patients with PRCC were collected from the TCGA data portal (https://tcga-data.nci.nih.gov/tcga/). The Ensembl IDs of genes was converted into a matrix of gene symbols by the Ensembl database (http://asia.ensembl.org/index.html).
Moreover, we also downloaded the raw expression data and clinical information of 34 patients with PRCC from Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo) as the external validation dataset (GSE2748). The lists of immune-related genes were downloaded from the ImmPort (https://www.immport.org/shared/home) and InnateDB (https://www.innatedb.com/) databases.
Identification of differentially expressed immune-related genes (ir-DEGs)
We identified differentially expressed genes between normal and PRCC samples by screening criteria of p value >0.05 and log(fold-change) >1. Next, we took the intersection of immune-related genes and differentially expressed genes elected genes for constructing the immune‐related risk signature. The package “limma” in the statistical software R was used for this difference analysis (Xu and Wunsch, 2010).
Gene set enrichment analysis
Gene set enrichment analysis (GSEA) was performed for analyzing the gene ontology (Subramanian et al., 2005). All the gene ontology gene sets involved in our study were obtained from Molecular Signatures Database (MSigDB) (http://software.broadinstitute.org/gsea/downloads.jsp). Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis was used to excavate remarkable pathways associated with differentially expressed immune-related genes. GO and KEGG were performed by clusterProfiler package of R.
Based on the 581 differentially expressed immune-related genes, we subsequently performed weighted gene co-expression network analysis (WGCNA) to identify gene modules with similar expression patterns and analyze the relationship between gene expression and clinical phenotypes (Langfelder and Horvath, 2008). Then 7 modules were identified by the pruning dimension tree as the merging threshold function at 0.25. Gene significance (GS) indicates the intensity of linear correlation between the expression of different gene modules and clinical characteristics.
Construction and validation of the immune‐related risk signature
Univariate Cox regression analysis of these immune‐related genes was conducted to identify the immune‐related genes associated with overall survival, which were selected for follow-up study (Supplementary Table S1). The 50 selected immune‐related genes were fitted into multivariate Cox regression analysis to construct an immune-related gene prognostic signature. The formula for the prognostic score model was as followed:
Risk score = βir-gene-1 × Expression ir-gene-1 + βir-gene-2 × Expression ir-gene-2 + ... + βir-gene-n × Expression ir-gene-n.
Based on the formula above, the IRGPI risk scores of each sample were calculated and divided into high- and low-risk groups with the median risk score as the cutoff. Subsequently, Kaplan Meier analysis was used in survival analysis and Log rank method in comparison to assess the differences in overall survival (OS) between the high-risk and low-risk groups with “survival” package in R. However, due to our limited level, we have not yet retrieved a data set containing PRCC prognostic information with a sufficiently large sample size. In order to verify the prognostic value of this signature, we tested the diagnostic performance of the prognostic signature on distinguishing class 1 (corresponded to 3 histological subtypes: Type 1, low-grade Type 2 and mixed Type 1/low-grade Type 2 tumors) and class 2 (corresponded to high-grade Type 2 tumors) based on the validation cohort (GSE2748) from GEO database.
The gene set enrichment analysis enrichment analysis, gene mutation analysis and immune infiltration analysis
Gene set enrichment analysis (GSEA) was performed to determine whether the signaling pathways showed statistically significant and concordant differences between high-risk and low-risk groups. We further performed gene mutation analysis to analyze the quantity and quality of gene mutations between two IRGPI subgroups by using the Maftools package of R. In the immune infiltration analysis, CIBERSORT (https://cibersort.stanford.edu/) was used to estimate the relative proportion of 22 types of immune cells. Then, we compared the relative proportions of 22 types of immune cells and clinicopathological features between high and low score group.
Receiver operating characteristic curve analysis
The area under the receiver operating characteristic (ROC) curve (AUC value) obtained from ROC curve analysis was utilized to compute the sensitivity and specificity and to evaluate diagnostic efficacies of the prognostic signature in predicting patient prognosis using the R package “survival ROC”. Moreover, we performed survival analyses in two urothelial cancer cohorts treated with anti-PD-L1 and performed time-dependent ROC curve analyses to compare the prognostic value among IRGPI, tumor immune dysfunction and exclusion (TIDE), and 18-gene T cell inflamed signature (TIS) with the timeROC package of R (Ayers et al., 2017; Chen et al., 2021).
Cell culture, RNA extraction and quantitative reverse transcription PCR (qRT-PCR)
The human proximal tubular epithelial cell line (HK-2) and human PRCC cell line ACHN were contained in our laboratory in RPMI-1640 medium (HyClone, Logan, UT, United States) containing 10% fetal bovine serum (Gibco/BRL, Grand Island, NY), 100 U/ml penicillin sodium and 100mg/ml streptomycin sulphate, 37°C, 5% CO2 incubator in the closed-culture. All cell lines were obtained from American Type Culture Collection (ATCC). Total RNA was extracted from cells using TRIzol reagent (Invitrogen, Frederick, MD, United States). RNA was converted to cDNA using standard techniques. Real-time RT-PCR was carried out using multiple kits (SYBR Premix Ex Taq, Takara Bio, DRR041A) according to the manufacturer’s instructions on CFX96 (Bio-Rad Laboratories, Hercules, United States). All primer sequences were listed in Supplementary Table S2. Statistical analysis was performed using GraphPad Prism software.
Statistical analysis
The boxplots were conducted using the R package called “ggplot2”. Kaplan-Meier curve was used to evaluate the OS between low-risk group and high-risk group. We performed Wilcoxon tests to assess the Differences between variables. Kaplan-Meier curve was used to evaluate the OS between low-risk group and high-risk group. Varieties of risk gene expression in PCR were determined using Student’s t test. All statistical analysis in this study was applied by Perl (version 5.30.1.1, http://www.perl.org), R (version 4.0.3, https://www.r-project.org) and GraphPad Prism (version 8, https://www.graphpad.com/). p < 0.05 was considered significantly statistical difference.
RESULT
Identification of differentially expressed genes
We analyzed Affymetrix microarray data of all 321 PRCC cases downloaded from TCGA database and obtained the differentially expressed genes between normal and tumor samples (Figure 1A). By taking the intersection of DEGs and immune-related genes, differentially expressed immune-related genes was obtained for constructing the IRGPI (Figure 1B). Red represents higher expression genes, green represents lower expression genes.
[image: Figure 1]FIGURE 1 | Differentially expressed IRGs. The heatmap (A) of differentially expressed genes in PRCC samples, compared to adjacent normal samples. The heatmap (B) and of differentially expressed IRGs. Red represents higher expression genes, blue represents lower expression genes, black represents same expression genes (fold change > 1.5 and p < 0.05). IRGs, immune-related genes; PPRC, papillary renal cell carcinoma.
We subsequently performed functional enrichment analysis for functional annotation of the ir-DEGs. GO enrichment analysis found that these ir-DEGs were more enriched in regulation of immune effector process, positive regulation of cytokine production, cell chemotaxis, external side of plasma membrane, signaling receptor activator activity, cytokine activity and cytokine receptor binding, indicating that these ir-DEGs were closely related to intensive immune phenotype (Figure 2A). We further demonstrated the KEGG pathway enrichment analysis of the top 30 immune‐related gene ontology terms in Figure 2B, and assessed the potential function of the by ir-DEGs.
[image: Figure 2]FIGURE 2 | Functional enrichment analysis of differentially expressed IRGs. (A) Chord plot and bar graph of GO enrichment analysis. (B) Chord plot and bar graph of the top 30 KEGG signaling pathways. IRGs, immune-related genes; BP, biological process; CC, cellular component; MF, molecular function; KEGG, Kyoto encyclopedia of genes and genomes.
Weighted correlation network analysis and co-expression network analysis
Based on these ir-DEGs from TCGA PRAD expression profiles, WGCNA was performed to identify seven modules by the soft-thresholding power of 3 (Figure 3A). The clinical relevance of those seven modules were illustrated in Figure 3B. Afterwards, a co-expression network of these genes was constructed based on turquoise and brown modules, which were selected for further analysis (Figure 3C). The size of the nodes dictated the degree of tightness with other ir-DEGs.
[image: Figure 3]FIGURE 3 | Weighted correlation network analysis and co-expression network analysis. (A) Dendrogram showing all differentially expressed genes clustered based on different metrics. (B) Heat‐map of the correlation between gene modules and the clinical phenotypes of PRCC. (C) Visualization of turquoise and brown modules gene networks. PPRC, papillary renal cell carcinoma.
Construction and validation of the immune-related gene prognostic index
The genes of the turquoise and brown modules were analyzed by univariate Cox regression, and a total of 29 genes had proven to be enormously valuable for predicting prognosis of PRCC. The resulting forest plot and survival analysis of partial genes was shown in Figure 4. The 29 survival-related genes were then subjected to multivariate Cox regression analysis to construct an IRGPI (Table 1). According to this model, all samples were divided into a high- and low-risk group with the median risk score as the cutoff. Kaplan Meier survival curve showed that prognosis of patients in low-risk group was significantly better than those in the high-risk group (Figure 5A).
[image: Figure 4]FIGURE 4 | Prognostic values of survival-related IRGs. p values < 0.05 were considered to be statistically significant. IRGs, immune-related genes.
TABLE 1 | The coef of the IRGPI in the multivariate Cox regression analysis.
[image: Table 1][image: Figure 5]FIGURE 5 | Construction of the IRGPI. (A) The K-M survival analysis of the IRGPI. (B) The relationships between IRGPI and pathological classification in PRCC cohort from GEO database. (C) The gene expression levels in the IRGPI were evaluated by real-time qPCR. *p < 0.05; ns, non significance. (D) Different gene sets enriched in the IRGPI subgroups. (E) Differences in the mutational status within the IRGPI subgroups. IRGPI, immune-related gene prognostic index.
Next, we evaluated the predictive ability of the prognostic signature in an independent validation cohort (GSE2748) from the GEO database. GSE2748 contained 2 highly distinct molecular PRCC subclasses. Class 1 was known to have a good prognosis, while the prognosis of Class 2 is poor. The results illustrated in Figure 5B show that Class 2 had a higher risk score than Class 1, indicating that the IRGPI had great value and potentials in accurately predicting patient prognosis (Figure 5B). Finally, we performed qRT-PCR to measure the expression levels of the 6 genes in the IRGPI. Compared to HK-2 cells, FGF18, IDO1, BIRC5, NUMBL and TYRO3 were upregulated in ACHN cells, whereas WDR62 were repressed in ACHN cells, which was consistent with the risk coefficient of each gene (Figure 5C).
Molecular characteristics of different immune-related gene prognostic index subgroups
We identified the gene sets enriched between low and high-risk patients, and found that enriched functional pathway showed significant difference between high and low risk score groups (Figure 5D). The gene sets of the IRGPI-high group were enriched in cytokine receptor interaction and ECM receptor interaction, while the gene sets of the IRGPI low group were enriched in energy metabolism.
Next, we analyzed the differences of tumor mutational burden (TMB) in the different IRGPI subgroups (Figure 5E). We found that the most common mutation type was missense mutation, followed by nonsense and frameshift deletions. We then identified the top 20 genes with the highest mutation rates in the IRGPI subgroups and discovered that TTN was the most commonly mutated genes, showing mutation rates of over 10% in in both subgroups.
Immune Characteristics of different immune-related gene prognostic index subgroups
Wilcoxon test was used to compare the distribution of immune cells in different IRGPI subgroups for further exploration of the indicative roles of IPGRI. CIBERSORT was adopted for evaluation of the relative proportion of 22 types of immune cells in all PRCC samples. Activated memory T cells CD4, regulatory T cells, activated NK cells, macrophages M1, resting dendritic cells and resting mast cells infiltration were higher in the high-risk group, while macrophages M2 infiltration were higher in the low-risk group (Figure 6A and Supplementary Figure S1). Immune cell infiltration data of all samples for the high and low risk score groups was showed in Figure 6B. The difference of immune-related function in the tumor immune microenvironment also existed between the high and low risk groups (Figure 6C). We further utilized correlation analysis for 6 risk genes and infiltrating immune cell types to investigate the potential influence of the IRGPI on the immune microenvironment of PRCC (Figure 6D). Additionally, we evaluated the prognostic value of different levels of immune cells and immune function, respectively. The statistically significant variables were showed in Supplementary Figures S2, S3.
[image: Figure 6]FIGURE 6 | Immune Characteristics of different IRGPI subgroups. (A) Correlations of IRGPI with immune cell infiltration. (B) Infiltration profiles in the high and low risk groups. (C) Correlations of IRGPI with immune function. IRGPI: immune-related gene prognostic index. (D) Heatmap of the correlation of the levels of infiltration of the immune cells with 6 risk genes. ***p < 0.001, **p < 0.01, *p < 0.05.
Clinical correlation analysis
All PRCC samples were further classified according to different pathological stages. We could find from Figure 7A that the number of patients of progressive stage (stage Ⅲ and Ⅳ) in high risk group was significantly higher than those in low risk group; the situation was opposite in the early stage patients (p < 0.05). However, the high and low groups were not statistically significant in the distribution of different immunology classification (Figure 7B). Moreover, we used the cellular landscape to assess the clinical value of the model according to the different clinical features of the samples, including the age, gender, tumor stage, T stage, tumor N stage, and tumor M stage (Figure 7C). The results suggested IRGPI showed significant correlation with the tumor’s stage, and could be regarded as a valuable index for predicting the prognosis.
[image: Figure 7]FIGURE 7 | Clinical correlation analysis. Heatmap and table showing the distribution of PRCC pathological stage (A) and immune subtypes (B) between the IRGPI subgroups. (C) Cellular landscape of the relationship between the IRGPI and the different clinical features, including the age, gender, tumor stage, T stage, tumor N stage, and tumor M stage. ***p < 0.001, **p < 0.01, *p < 0.05. IRGPI, immune-related gene prognostic index.
Evaluation of the immune-related gene prognostic index
TIDE was used to evaluate the potential clinical efficacy of immunotherapy in different IRGPI subgroups. Higher TIDE prediction score represented a higher potential for immune evasion, indicating that patients were less likely to benefit from ICIs treatment and have a worse outcome (Chen et al., 2021). Our results revealed that the IRGPI increased significantly with low TIDE score, and suggested that the high-risk group patients could benefit relatively less from ICIs therapy and may have a worse outcome (p > 0.05, Figure 8A). Besides, the high-risk group patients had a higher T-cell exclusion score (p < 0.05, Figure 8B), but there was no significant difference in microsatellite instability (MSI) score and T-cell dysfunction (The results were not shown).
[image: Figure 8]FIGURE 8 | Evaluation of the IRGPI. TIDE (A), and T-cell exclusion (B) score in different IRGPI subgroups. ***p < 0.001, **p < 0.01, *p < 0.05. (C) Survival-dependent ROC curve analysis of the prognostic value of the IRGPI at 1, 3, and 5 years. (D) Survival-dependent ROC curve analysis of the prognostic value of IRGPI, TIS and TIDE at 3 years. TIS, T cell inflamed signature; TIDE, tumor immune dysfunction and exclusion; IRGPI, immune-related gene prognostic index. (E) Nomogram for predicting 1, 3 and 5 years overall survival for PRCC patients. (F) Box plots of differentially targeted drug sensitivities between two subgroups.
A time-dependent ROC curve was used to assess the prognostic value of IRGPI in the TCGA PRCC cohort. The AUC values of IRGPI at 1, 3, and 5 years were 0.908, 0.913, and 0.855, respectively (Figure 8C). Next, we assessed the predictive value for the prognosis of IRGPI, TIS and TIDE at 3 years. We could find that the AUC for IRGPI were better at 3 years follow-up, suggesting that the predictive value of IRGPI was superior to that of TIS and TIDE (Figure 8D).
Nomogram and drug sensitivity analysis
To explore IRGPI value for clinical application, we constructed a novel prognostic nomogram to provide a reliable intuitive and quantitative method for predicting the survival of the HCC patients based on the risk scores and clinical features, including age, gender and stage (Figure 8E). The nomogram could effectively predict the predict the survival rates of BLCA patients at 1, 3, and 5-years.
The limited research conducted thus far demonstrates convincingly that sunitinib and sorafenib are the recommended treatment options for those PRCC patient cohort and can prolong the survival time effectively (Tannir et al., 2016; Bergmann et al., 2021). Besides, temsirolimus is also a drug option with high-level evidence (Tsimafeyeu, 2017). Then we studied the role of the IRGPI in predicting the chemosensitivity in PRCC patients. We founded that the high-risk patients were associated with a lower half inhibitory centration (IC50) of chemotherapeutics such as sunitinib (p < 0.05), sorafenib (p > 0.05), and temsirolimus (p > 0.05), indicating that the prognostic index could acted as a potential predictor for chemosensitivity (Figure 8F).
DISCUSSION
In recent years there has been a remarkable progress in our knowledge regarding the genetic profile of PRCC, which provides the foundation for the development of improved methods for diagnosis, treatment and prevention of this disease. For a long time, using the patient’s own immune system to combat cancer has been considered an attractive therapeutic option, especially in tumors with high immune cell infiltration (Linehan and Ricketts, 2019). Some studies have shown that IL-2 had a profound impact on the development of cancer immunotherapy and had been used in advanced metastatic RCC, resulting in a substantial rate of complete response (Rosenberg, 2014). Besides, PD-1 and its ligand PD-L1 being expressed in a majority of PRCC has resurfaced interest in using immunotherapy as treatment (Chen et al., 2019). The publicly available TCGA data provide potential targeted therapies and invaluable resources for better patient management and treatment of PRCC patients, and could expand our knowledge of etiology mechanism and improve the outcomes of patients with this disease (Liu et al., 2020; Zhou et al., 2020). As multiple oncogenic mutations might co-occur in the same tumor, we needed to identify an IRG signature, which would be promising targets for development of new therapeutic agents.
In this study, we identified differentially expressed immune genes based on the clinical information and transcriptomic data of PRCC from the TCGA cohort. We then subjected those ir-DEGs to GO and KEGG analyses, which revealed that they were mainly enriched for neutrophil and leukocyte-related biological behavior and the regulation of immune effector process. The gene modules closely related to the tumorigenesis of PRCC were screened by WGCNA, and genes associated with prognosis of patients with PRCC were further screened with univariate Cox regression. Subsequently, 6 of 29 screened genes, including FGF18, IDO1, BIRC5, WDR62, NUMBL and TYRO3, were used to construct the prognostic index of immune-related genes that was used to calculate the risk scores of PRCC patients. Overexpression of FGF18, relating to the embryonic and postnatal development of cartilage, hair, and vasculature, plays an important role in the process of invasion and metastasis of several neoplasms, including hepatocellular carcinoma (Guo et al., 2018), gastric cancer (Zhang et al., 2019a), and colon cancer (Shimokawa et al., 2003), while high expression of FGF18 correlates with a good prognosis in ccRCC patients (Yang et al., 2020). Some studies have shown that IDO1 was associated with a poor prognosis of PRCC, and IDO1 inhibitor may be effective for treating sarcomatoid/rhabdoid RCC (Zhang et al., 2019b; Kiyozawa et al., 2020). Accumulating evidence shows that BIRC5 (also known as survivin) is closely related to tumor progression, tumor progression, tumor recurrence, chemotherapy resistance and poor prognosis (Liu et al., 2015; Zhang et al., 2019c), and high expression levels of BIRC5 predicted a poor outcome for ccRCC patients (Parker et al., 2006). TYRO3 is a key part of the tumor-associated macrophage (TAM) receptor-ligand complex, which are implicated in several hallmarks of cancer progression and involves in the acquisition of the resistance to sunitinib in renal cell carcinoma (Pinato et al., 2016). The research about the functional roles of NUMBL and WDR62 in renal cell carcinoma is seldom. Numbl, a developmentally-regulated polarity protein, becomes subcellularly deregulated and over-expressed in various human cancers (Vaira et al., 2013). Sugita et al. (2019) demonstrated that the downregulation of WDR62 induced the apoptosis and inhibited the viability of bladder cancer cells.
Based on these scores, all patients in the TCGA cohort were divided into high- and low-risk groups. Survival analysis indicated that high risk patients had an aggressive clinical course with poor prognosis, which was consistent with result of validation set. Moreover, the tendency of component gene expression was the same as risk coefficient (positive or negative) in the IRGPI, confirming the role of these genes in PRCC. GSEA revealed that the two subgroups differed markedly in respect of the enriched gene sets. AS one of the most enriched gene set in high-risk group, assembly of the cytokine–receptor complex activates intracellularly associated JAK/STAT signaling, the Akt and Erk pathways as well as other signaling networks in the typical cytokine signaling pathway (Ihle et al., 1995; Platanias, 2005; Spangler et al., 2015). Cytokine-receptor interaction may be critical in determining the effects of inflammation in the development of the disease (Qian et al., 2019). The low-risk group enriched gene set we were most interested in is butanoate metabolism. Butyrate is one of the three most common short-chain fatty acids, which exerts many renoprotective properties, such as anti-inflammation, anti-atherosclerosis, anti-oxidative functions (Sun et al., 2018; Wu et al., 2020a). Besides, Chang et al. (2014) found that Butyrate is involved in the maintenance of intestinal epithelial cells and plays a significant role in regulating intestinal immune tolerance to antigens (Wang et al., 2020). Mutation diversity analysis demonstrated that the most common mutation type in the two subgroups was missense mutation, and the most common mutant gene in the two subgroups was TTN. The distribution order of TTN coding sequence variants associated with human conditions were as follows: nonsense mutations, frameshifts, missense variants and splice-site variants (Chauveau et al., 2014). Previous studies reported that TTN mutation was associated with better response to immune checkpoint blockage in solid tumors, but the potential mechanisms were still unclear. It was reported that if TMB is larger, the cancer cell is more mutated, and it is easier for immune cells to recognize and kill it (Miao et al., 2018), which was in conformance with this result that TMB was higher in PRCC patients with low-IRGPI scores.
The correlation between IRGPI subgroups and tumor-infiltrating immune cells was analyzed to reflect on the status of the immune microenvironment. Treg cells abundantly infiltrate into tumor tissues and are often associated with poor prognosis in cancer patients (Tanaka and Sakaguchi, 2019), which supports our findings. Surprisingly in this study, macrophages M1 infiltration was significantly increased in the high-risk group, while macrophages M2 infiltration was higher in the low-risk group. However, the trend of immune cell infiltration of our study was consistent with in a previous study (Zhou et al., 2020), and could be explained by several research findings to some degrees. Recent studies have found significant differences among monocytes or macrophages from distinct tumors, and other investigations have explored evidence that specific localization of TAMs and differences in the tumor microenvironment may also impact their inter- and intra-tumoral heterogeneity and how they affect tumor growth (Park et al., 2016; Wu et al., 2020b). Previous research in ccRCC showed that the abundance of CD8+ T cells was positively correlated with the abundance of Tregs and T cells follicular helper, and negatively correlated with the abundance of M2 macrophages, which provides a theoretical support for our research results (Pan et al., 2020). Further studies are required to understand how the macrophage phenotype changes in different tumor microenvironments and how this affects tumor growth and spread.
By Integrating with tumor stage, we found that advanced stage was associated with the IRGPI-high subgroup, while early stage with the IRGPI-low subgroup. Moreover, cellular landscape showed that IRGPI was a potential factor which forecasting the clinical outcome, including tumor stage, T stage, tumor N stage, and tumor M stage. To gain further biological insight into the potential clinical efficacy of immunotherapy in different IRGPI subgroups, the relationship between IRGPI and the mechanisms of immune escape was explored in PRCC patients. It has been reported that the TIDE prediction score was correlated with T cell dysfunction in CTL-high tumors and T cell exclusion in CTL-low tumors and thus represents two different mechanisms of immune escape (Chen et al., 2021). In our study, IRGPI-high patients had lower TIDE score (p > 0.05) and higher T cell exclusion score (p > 0.05) than IRGPI-low patients. Thus, we can speculate that the lower ICI response of IRGPI-high patients may be principally due to immune evasion via T cell exclusion. Finally, time-dependent ROC curve was used to evaluate the prognostic value of IRGPI, TIS and TIDE at 3 years. It has been confirmed that the TIDE score predicts the outcome of melanoma patients treated with first-line anti-PD1 or anti-CTLA4 antibodies more accurately than other biomarkers, such as PD-L1 level and mutation load (Jiang et al., 2018). TIS, developed by NanoString Technologies, was a clinical-grade assay, which can provides both quantitative and qualitative information about the tumor microenvironment (TME) and predicting response to anti-PD-1/PD-L1 agents (Seiwert et al., 2015). This study demonstrated that the IRGPI score had a better prognostic value and might serve as a better predictor of OS compared with TIDE and TIS. Base on the IRGPI and other clinical parameters that were generally believed to have a certain impact on the prognosis of PRCC, we constructed a nomogram to predict the PRCC patients’ overall survival. Further, our research revealed that the IRGPI could act as a potential predictor for sensitivity to chemotherapeutical agents, including sunitinib, sorafenib, and temsirolimus. However, the lack of experimental verification in the pathological specimens was a significant deficiency of our study.
In conclusion, we identify an IRGPI which is closely related to the immune microenvironment and provides a comprehensive and systematic analysis of distinct phenotypic and molecular portraits in the recognition, surveillance, and prognosis of PRCC. Finally, IRGPI could be used as a potential biomarker to evaluate the response and efficacy of immunotherapy in PRCC.
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Background: Bladder urothelial carcinoma (BLCA) is a common malignant tumor with the greatest recurrence rate of any solid tumor. Hypoxia is crucial in the growth and immune escape of malignant tumors. To predict clinical outcomes and immunological microenvironment of patients with BLCA, a hypoxia-related long non-coding RNA (HRlncRNA) signature was established.
Methods: The Cancer Genome Atlas (TCGA) provided us with the differentially expressed profile of HRlncRNAs as well as clinical data from patients with BLCA, and we used weighted gene co-expression network analysis (WGCNA) to identify gene modules associated with malignancies.
Results: Finally, Cox analysis revealed that HRlncRNAs, which comprised 13 lncRNAs, were implicated in the predictive signature. The training, testing, and overall cohorts of BLCA patients were divided into the low-risk group and high-risk group based on the median of the risk score. The Kaplan–Meier curves revealed that BLCA patients with a high-risk score had a poor prognosis, and the difference between subgroups was statistically significant. The receiver operating characteristic curves revealed that this signature outperformed other strategies in terms of predicting ability. Multivariate analysis revealed that the risk score was an independent prognostic index for overall survival (HR = 1.411; 1.259–1.582; p < 0.001). Then, a nomogram with clinicopathological features and risk score was established. This signature could effectively enhance the capacity to predict survival, according to the calibration plots, stratification, and clinical analysis. The majority of Kyoto Encyclopedia of Genes and Genomes (KEGG) were WNT, MAPK, and ERBB signaling pathways. Two groups had different immune cell subtypes, immune checkpoints, immunotherapy response, and anti-tumor drug sensitivity, which might result in differing survival outcomes. We then validated the differential expression of signature-related genes between tumor and normal tissues using TCGA paired data.
Conclusion: This prognostic signature based on 13 HRlncRNAs may become a novel and potential prognostic biomarker, providing more accurate clinical decision-making and effective treatment for BLCA patients.
Keywords: hypoxia, bladder urothelial carcinoma, lncRNA, prognostic signature, nomogram, overall survival
INTRODUCTION
Bladder urothelial carcinoma (BLCA) is a common malignant tumor of the urinary system and the most frequent malignant tumor in women (Lenis et al., 2020). However, unlike other cancers that have a single pathological type, BLCA contains both non-muscle-invasive and muscle-invasive malignancies (Cumberbatch et al., 2018). The extent of invasion, clinical symptoms, prognosis, and other characteristics of the two subtypes varies significantly (Yousef and Gabril, 2018). A distinctive feature of non-muscle invasive bladder cancer (NMIBC) is the high rate of local tumor recurrence (Soukup et al., 2017). Currently, NMIBC can be treated by surgical resection, but tumor progression, including muscle invasion, lymph node, and other organ metastasis, occurs in about 20% of patients within 5 years (Taylor et al., 2020). Even after a radical cystectomy, the 5-year survival rate for individuals with muscle-invasive bladder cancer (MIBC) is less than 50% (Li et al., 2018). Therefore, early marker identification of progression and metastasis is critical.
Long non-coding RNAs (lncRNAs) are noncoding genes with at least 200 nucleotides (Witjes et al., 2020). With the advent of high-throughput sequencing technologies, an increasing number of lncRNAs have been discovered to be linked to tumor formation (Martens-Uzunova et al., 2014). They were discovered to be predictive indicators for some malignant cancers, such as lung tumor, gastric tumor, and hepatocellular tumor (Zhao et al., 2017; Qi et al., 2020; He et al., 2021). Because of its superior predictive capacity, a predictive model based on lncRNAs has recently received a lot of attention. Hypoxia is a pathological process in which cells acquire specific characteristics that enable them to adapt to a hypoxic environment (Choudhry and Harris, 2018). Hypoxia performs a key role in tumor growth, invasion, and immune response (Jing et al., 2019). Hypoxia is also linked to tumor progression and recurrence of BLCA (Lu et al., 2018). Hypoxic cancer cells influence the tumor microenvironment by releasing exosomes, which then contribute to tumor development (Xue et al., 2017). The relationship between tumor hypoxia and immune escape has also recently been reported, implying that hypoxia may predict immunotherapy response (Terry et al., 2017). For example, lncRNA NORAD was significantly upregulated in pancreatic cancer cells under hypoxia, indicating that it might be a potential factor in the genesis of pancreatic cancer (Li et al., 2017). Moreover, Zhu et al. (2017) discovered that lncRNA HAS2-AS1 was important in regulating the hypoxia-related epithelial–mesenchymal transition (EMT) and invasiveness of oral squamous cell carcinoma. But, the predictive value of hypoxia-related lncRNA (HRlncRNA) expression data in TCGA-BLCA has not been investigated using weighted gene co-expression network analysis (WGCNA).
The goal of this study was to combine an HRlncRNA pattern and nomogram with the WGCNA analysis to improve the ability to access the overall survival (OS) of BLCA patients and analyze the variation of the immune microenvironment.
MATERIALS AND METHODS
Data sources and data filtering
The Cancer Genome Atlas (TCGA) provided transcriptional data, as well as clinical features, for BLCA. Patients whose survival information was missing were eliminated. To collect clinical information, Perl (version 5.32.1) was utilized. We obtained the hypoxia-related gene (HRG) dataset using the gene set enrichment analysis (GSEA), which had a total of 200 HRGs, whereas 196 HRGs existed in TCGA dataset. The role between HRG and lncRNA was determined using Pearson analysis. LncRNAs with R2 greater than 0.4 and a p-value less than 0.001 will be used in the following study. The lncRNA and HRG datasets were used to identify differentially expressed genes (DEGs) (|log2FC| > 1; false discovery rate (FDR) < 0.05) between tumor and normal samples.
Weighted gene co-expression network analysis and module identification
To find gene clusters that were predicted to be substantially co-expressed, a co-expression network was built utilizing gene profiles from the DEG dataset using the “WGCNA” R package. First, cluster analysis was performed on the samples using the “hclust” function to check and remove outliers. Second, Pearson correlation between each extracted gene pair was calculated to generate an adjacency matrix. Third, a soft-threshold parameter performance value (β) was built, which can accentuate the strong correlation while penalizing the poor correlation to guarantee the construction of a scale-free network. Furthermore, hierarchical clustering analysis was performed to evaluate modules containing genes with similar expression profiles based on TOM-based dissimilarity (1-TOM) with a dendrogram of more than 30 genes. A threshold (less than 0.25) was then selected to incorporate similar modules and make the results more reliable. The “DynamicTreeCut” algorithm was employed to construct networks and detect consensus modules. The correlations between modules and BLCA were computed by the module–trait association using WGCNA. The module eigengene (ME; represents a module’s gene expression profile) was regarded as the first main component of a given module. Finally, clinically significant modules were identified by computing the relationship between clinical features and MEs. Cytoscape 3.6.0 software was used to construct the intergenic interaction network. The Gene Ontology (GO; http://www.geneontology.org/) and KEGG (http://www.genome.jp/kegg/) enrichment analyses were carried out in R software using the “ggplot2” package. The GO database was used to investigate the biological characteristics of these hypoxia-related genes. The signaling pathway of hypoxia-related genes was discovered using the KEGG database. The cut-off criterion was set at p less than 0.05 and a q-value more than 0.05.
Identification of the prognostic HRlncRNA signature
The enrolled cases (n = 405) were randomly divided into training and validation cohorts at a 1:1 ratio. The characteristics of patients with BLCA included in this study are shown in Table 1. HRlncRNAs were selected using a combination of univariate Cox regression analysis, LASSO algorithm, and multivariate Cox analysis. These HRlncRNAs were chosen to create a prognostic model (risk score = ExpressionlncRNA1 × CoefficientlncRNA1 + ExpressionlncRNA2 × CoefficientlncRNA2 + … Expression lncRNAn × Coefficient lncRNAn). The hazard ratio (HR) of prognostic variables was then examined to discriminate between protective lncRNAs (HR > 1) and risk lncRNAs (HR < 1). Furthermore, based on the median risk score, the patients were divided into the high-risk group and the low-risk group. Kaplan–Meier survival analysis was used to plot the survival curves of two cohorts. p < 0.05 was considered statistically significant.
TABLE 1 | Characteristics of BLCA patients included in this study.
[image: Table 1]Clinical significance of the prognostic model and GSEA
Univariate and multivariate Cox regression analyses were performed to identify whether the risk score and clinical features (age, gender, and stage, etc.) were valuable prognostic indicators for BLCA patients. The nomogram was established to display clinical features and risk scores of 1-, 3-, and 5-year OS. The GSEA analyzed the differences in biological pathways between high-risk and low-risk groups. A two-tailed p-value less than 0.05 was considered to be significant.
qRT-PCR to verify the expression of LINC01711 in bladder urothelial carcinoma
The qRT-PCR experiment was performed on five BLCA patients, from whom BLCA tissues and para-BLCA tissues were extracted for mRNA quantification. Also, this study was approved by the Beijing Luhe Hospital Ethics Committee. Total RNAs were isolated from tissues using a total RNA extraction micro-kit (RNT411-03, Mabio, Guangdong, China). The reverse transcription was conducted using the cDNA synthesis kit (AG11711, AG, Changsha, China). The mRNA expression was detected using the Script SYBR Green PCR Kit (AG11702, AG, Changsha, China). The primer lists are summarized: LINC01711 F: 5′-AGG​TCA​GGC​CAT​ACC​CA-3’; LINC01711 R: 5′-CCA​GCC​ATC​AGG​TTC​TGT-3’; and GAPDH F: 5′-TGA​CTT​CAA​CAG​CGA​CAC​CCA-3’; GAPDH R: 5′-CAC​CCT​GTT​GCT​GTA​GCC​AAA-3’.
Statistical analysis
The two-tailed student’s t-test and paired sample t-test were used to assess differences between groups. Pearson’s correlation test analyzed the correlations. Statistical analyses were carried out using R software. p < 0.05 was considered statistically significant.
RESULTS
Selection of DEGs and module identification
The flowchart of this study is shown in Figure 1. Finally, 62 DEGs in the HRG dataset (Figures 2A,B) and 532 DEGs in the lncRNA dataset (Figures 2C,D) were selected. Gene co-expression networks were built to identify the modules associated with BLCA patients using DEG datasets. Pearson’s correlation and average linkage methods were applied to cluster tumor samples of the DEG dataset (Figure 3A). No abnormal samples were detected or rejected. Optimal β = 5 (scale-free R2 = 0.9) was chosen to make sure to construct scale-free networks. With a cutoff of 0.25 and a minimal module size of 30, a total of four modules from the DEG dataset (Figure 3B) were retained for consecutive analysis (gray modules indicate no assignment to any cluster). The gene interaction network of all modules is shown in Figure 2C. After module–trait relationship analysis, the brown module (r = −0.69 and P = 2e-63) and the blue module (r = 0.23 and P = 2e-6) (Figure 3D) exhibited the highest link with BLCA. The genes expressed in the brown part were negatively related to BLCA, whereas the genes expressed in the blue part were positively connected to BLCA. In the brown and blue modules, 127 lncRNAs and 41 HRGs were selected. Furthermore, the scatter plots of the blue module (cor = 0.35 and p = 0.00063; Figure 3E) and brown module (cor = 0.85 and p = 6e-26; Figure 3F) revealed a strong relationship between tumor features and module memberships. Thus, the brown module and blue module were identified as two promising BLCA-related modules. The genes with high interaction weight in two modules were visualized using Cytoscape 3.6.0 software (Figure 4). The GO analysis showed that 41 HRGs were significantly related with response to the oxygen level, response to hypoxia, response to decreased oxygen levels, and negative regulation of phosphorylation (Figures 5A,B). Furthermore, 41 HRGs were involved in the MAPK signaling pathway, PI3K-Akt signaling pathway, and HIF-1 signaling pathway through KEGG enrichment analysis (Figures 5C,D).
[image: Figure 1]FIGURE 1 | Flowchart of this study.
[image: Figure 2]FIGURE 2 | Identification of DEGs between BLCA samples and normal samples. Heatmap (A) and volcano plot (B) of DEGs in the HRG dataset; heatmap (C) and volcano plot (D) of DEGs in the lncRNA dataset.
[image: Figure 3]FIGURE 3 | Identification of modules related to clinical traits in the DEG dataset. (A) Clustering dendrograms of samples as well as the clinical features; (B) cluster dendrogram of co-expression network modules based on the 1-TOM matrix; (C) gene interaction network of all modules; (D) heatmap of the correlation between module eigengenes and clinical traits of BLCA; (E,F) scatter plot of module eigengenes in the blue module (E) and the brown module (F). Each module represents a cluster of co-related genes and was assigned a unique color.
[image: Figure 4]FIGURE 4 | Identification of the network of genes with high interaction weight from co-expression modules including brown and blue modules.
[image: Figure 5]FIGURE 5 | Functional enrichment analysis of 62 HRGs. (A,B) GO analysis; (C,D) KEGG analysis.
Establishment and verification of the HRlncRNA signature
Using univariate Cox regression analysis, the forest plot revealed that 62 lncRNAs were closely related with the survival of BLCA patients (Figure 6). By multivariate Cox regression analysis, a 13-HRlncRNA signature was established using the following formula: risk score = [LINC01711 × (0.0656)] + [AL583785.1 × (0.0547)] + [TMEM147-AS1 × (−0.1122)] + [AC024060.1 × (−0.0855)] + [AC119403.1 × (0.3725)] + [AC007038.2 × (0.2739)] + [AC093788.1 × (−0.3691)] + [AC016027.1 × (−0.7119)] + [AC008735.2 × (0.0661)] + [STAG3L5P-PVRIG2P-PILRB × (−0.3296)] + [AC116914.2 × (−0.2348)] + [AL139123.1 × (0.6759)] + [AC010542.5 × (−0.0990)]. Among them, LINC01711, AL583785.1, AC119403.1, AC007038.2, AC008735.2, and AL139123.1 were risk genes with a hazard ratio (HR) > 1, whereas TMEM147-AS1, AC024060.1, AC093788.1, AC016027.1, STAG3L5P-PVRIG2P-PILRB, AC116914.2, and AC010542.5 were protective genes with HR < 1.
[image: Figure 6]FIGURE 6 | Forest plot of univariate Cox regression analysis showed the p-values and HR with confidence intervals of 62 differentially expressed lncRNAs.
BLCA cases in the training cohort were divided into the low-risk group (101 cases) and the high-risk group (101 cases) according to the median of the risk score. Survival analysis revealed that the survival time of BLCA cases in the high-risk group was lower than that in the low-risk group (p < 0.001) (Figure 7A). The area under the curve (AUC) value of the receiver operating characteristic (ROC) curve was 0.736 (Figure 7B). The AUC values for 1, 2, and 3 years were 0.700, 0.680, and 0.708, respectively (Figure 7C). The high-risk group had a lower survival time than the low-risk group (Figures 6D–F). Through univariate and multivariate analyses, the risk score was found to be an independent prognostic factor (p < 0.05) (Figures 7G,H).
[image: Figure 7]FIGURE 7 | Construction and evaluation of HRlncRNA signature in the training cohort. (A) K-M curve showed that the high-risk group had worse survival probability than the low-risk group; (B) ROC curves for this signature and its AUC value; (C) AUC values of 1-, 2-, and 3-year for the risk score; (D) heatmap of 13 HRlncRNA expression profiles showed the expression of HRlncRNAs in the high- and low-risk groups; (E) scatter plot showed the risk score of BLCA patients in the high- and low-risk groups; (F) distribution plot showed the correlation between the survival status and risk score; univariate (G) and multivariate (H) Cox regression analyses of clinicopathological features and risk score.
Validation of the HRlncRNA signature in the testing cohort and overall cohort
Using the same method, we calculated the risk scores for BLCA cases in the testing cohort and overall cohort and divided them into low-risk and high-risk groups. The OS rates of the testing cohort (p < 0.001) (Figure 8A) and overall cohort (p < 0.001) (Figure 8B) were analyzed using the survival curves, demonstrating that these results were consistent with the training cohort. The ROC curves revealed that both the testing cohort (AUC = 0.749) (Figure 8C) and the overall cohort (AUC = 0.741) (Figure 8E) had higher AUC values. The AUC values of ROC time curves were also shown in the testing cohort (1-year AUC = 0.683, 2-year AUC = 0.714, and 3-year AUC = 0.725) (Figure 8D) and the overall cohort (1-year AUC = 0.684, 2-year AUC = 0.698, and 3-year AUC = 0.715) (Figure 8F). Furthermore, multiple visualizations also revealed that the high-risk group had a lower survival time than the low-risk group (Figures 8G–L). The risk score was also evaluated as the independent prognostic factor in both the testing cohort (p < 0.05) and the overall cohort (p < 0.05) (Figures 8M–P). These findings imply that the HRlncRNA signature is more accurate in evaluating BLCA cases.
[image: Figure 8]FIGURE 8 | Validation of the HRlncRNA signature in the testing cohort and overall cohort. (K-M) curves showed that the high-risk group had worse OS than the low-risk group in the testing cohort (A) and overall cohort (B). ROC curves for this signature and its AUC values in the testing cohort (C) and overall cohort (E). 1-, 2-, and 3-year AUC values of the risk score in the testing cohort (D) and overall cohort (F). A heatmap of 13 HRlncRNA expression profiles showed the expression of HRlncRNAs in high- and low-risk groups in the testing cohort (G) and overall cohort (H). Scatter plot showed the risk score of BLCA patients in the high- and low-risk groups for the testing cohort (I) and overall cohort (J). Distribution plot showed the correlation between the survival status and risk score in high- and low-risk groups for the testing cohort (L) and overall cohort (L). The univariate and multivariate Cox regression analyses of clinicopathological features and risk score for the testing cohort (M,N) and overall cohort (O,P).
Nomogram construction and stratification analysis
The clinicopathological characteristic (including age) and risk model were applied to construct the nomogram using the “rms” package in R software to predict the 1-, 3-, and 5-year OS of BLCA patients (Figure 9A). The higher the risk score of samples, the worse the survival time of patients. The decision curve analysis (DCA) demonstrated that the risk model outperformed other clinicopathological factors (including age, stage, and T stage) (Figure 9B). The calibration curve revealed that the actual survival time is close to the predicted time (Figure 9C). We performed a subgroup analysis and found that the survival time of the high-risk group was always shorter than that of the low-risk group under different clinical conditions including gender (male; female), age (≤65; >65), stage (I–II; III–IV), T stage (T0–2; T3–4), and N stage (N0; N1–3) (Figure 10). We observed that risk scores had a considerable power on the tumor stage in BLCA patients when we evaluated the effect of risk scores on clinical characteristics (Figure 11).
[image: Figure 9]FIGURE 9 | Construction of a prognostic nomogram based on risk score and clinicopathological parameters to predict 1-, 3-, and 5-year OS of BLCA patients (A); DCA curve of risk model and clinicopathological characteristics (B); calibration curve of the nomogram displayed the concordance between predicted and observed 5-year OS (C).
[image: Figure 10]FIGURE 10 | Survival outcomes of high- and low-risk groups were stratified by various clinicopathological features. The high- and low-risk groups were stratified according to gender (male vs. female), age (≤65 years vs. >65 years), stage (stage I–II vs. stage III–IV), T stage (T0–2 vs. T3–4), and N stage (N0 vs. N1–3), respectively (all p < 0.05).
[image: Figure 11]FIGURE 11 | Clinical influences of a risk score for BLCA patients in the overall cohort, which showed that the risk score had a great effect on the stage of patients. *p < 0.05; **p < 0.01; ***p < 0.001.
HRlncRNA signature-based functional analysis
According to KEGG pathway analysis, WNT, MAPK, and ERBB signaling pathways were significantly enriched in the high-risk group (Figure 12). Immune function phenotypes were significantly elevated in BLCA patients in the high-risk group, mainly including APC co-stimulation, cytolytic activity, inflammation promoting, MHC class I, T-cell co-suppression, and type I IFN response (p < 0.05; Figure 13A). The expression of some immune checkpoint marker genes was higher in the high-risk group, including TNFSF9, HAVCR2, TNFRSF9, CD200, TNFSF4, CD70, CD86, CD44, TNFRSF8, NRP1, LAIR1, CD48, CD274, CD28, LAG3, IDO1, PDCD1LG2, and CD80; however, the expression of some immune checkpoint marker genes decreased in the high-risk group, including TNFRSF25, ICOSLG, LGALS9, TMIGD2, CD160, and TNFSF15 (Figure 13B). The analysis of the proportion of immune cell infiltration displayed that the high-risk group had a higher proportion of T cell CD8+, myeloid dendritic cells, cancer-associated fibroblasts, macrophages, macrophage M2, neutrophils, and monocytes infiltrated, while the proportions of T-cell follicular helper cells, T-cell CD4+ central memory, and other cell types were lower (Figure 13C). The expression of m6A-related genes among two groups was also analyzed and revealed that in the high-risk group FTO was upregulated and METTL3, YTHDC1, YTHDF2, YTHDC2, and YTHDF1 were downregulated, indicating some genetic–epigenetic changes in the high-risk group (Supplementary Figure S1). Based on the findings, this study revealed that patients in the two groups had significantly distinct immunological and m6A patterns, which may contribute to varied clinical outcomes in BLCA cases.
[image: Figure 12]FIGURE 12 | KEGG analysis of the HRlncRNA signature in BLCA patients. WNT signaling pathway, MAPK signaling pathway, and ERBB signaling pathway were significantly enriched in the high-risk group.
[image: Figure 13]FIGURE 13 | Immune function (A), immune checkpoint (B), and immune infiltration (C) of the high- and low-risk groups for BLCA patients in the overall cohort. *p < 0.05; **p < 0.01; ***p < 0.001.
Prediction of immunotherapy response and anti-tumor drug sensitivity
TCIA database was applied to generate the IPS in each case, which was a superior predictor of response to anti-CTLA-4 and anti-PD-1. We found that patients in the high-risk group had significant lower responses than those in the low-risk group for CTLA-4-positive or both negative, which strongly predicted that patients with higher risk scores had the worse immunotherapy response (Figures 14A–D). Studies on the sensitivity of anti-tumor drugs could enhance the development of future clinical treatment. The results indicated that the high-risk group was more sensitive to cisplatin, gemcitabine, sunitinib, and sorafenib, as shown in Figures 14E–H. Moreover, the low-risk group was more sensitive to lenalidomide, methotrexate, nilotinib, and VX-702, as shown in Figures 14I–L. These results are instructive for us to select specific drugs based on anti-tumor drug sensitivity.
[image: Figure 14]FIGURE 14 | Difference analysis of immunotherapy response (A–D) and anti-tumor drug sensitivity (E–L) between high- and low-risk groups.
Validation of the expression of signature-related HRlncRNAs
Based on gene expression patterns from BLCA tissues and para-cancerous tissues in TCGA database, 12 genes (LINC01711, AC119403.1, AC007038.2, AC008735.2, AL139123.1, TMEM147-AS1, AC024060.1, AC093788.1, AC016027.1, STAG3L5P-PVRIG2P-PILRB, AC116914.2, and AC010542.5) were significantly upregulated, whereas one gene (AL583785.1) was downregulated (Figures 15A–M). Furthermore, these gene expression patterns were consistent with the aforementioned results using TCGA paired data (Figures 15A–M).
[image: Figure 15]FIGURE 15 | Validation of expression profiles of 13 HRlncRNAs in the overall TCGA dataset and TCGA paired data (A–M).
qRT-PCR of LINC01711 in BLCA cases
Following that, qRT-PCR was utilized to quantify the expression of LINC01711 in BLCA cases. We found that LINC01711 was upregulated in BLCA patients compared with normal adjacent tissues, which was consistent with our earlier findings (Supplementary Figure S2).
DISCUSSION
As one of the world’s ten most common malignant tumors, BLCA is characterized by high morbidity and high mortality (Antoni et al., 2017). There has been no substantial improvement in the survival of BLCA patients due to postoperative tumor recurrence and increasing resistance (Mossanen, 2021). There was an urgent need for precise diagnosis and predictive methods to improve the therapy and survival of BLCA cases. Hypoxia increased tumor cell proliferation and contributed to tumor cell transition toward a malignant phenotype (Sun et al., 2021). Furthermore, tumor hypoxia was a pivotal factor affecting cancer survival. Studying the characteristics of tumor hypoxic environments may help in clinical decision-making for BLCA therapy. This study established an HRlncRNA signature via WGCNA and analyzed its effect on clinical outcomes. This study also explored the mechanism of HRlncRNAs in the development of BLCA and further revealed the impact of hypoxia on the immune microenvironment, m6A, immunotherapy response, and anti-tumor drug sensitivity.
Although some prognostic models have used DEGs to construct and predict survival outcomes in BLCA cases, modeling by combining WGCNA with DEGs is a novel method. WGCNA is an excellent way for analyzing parameters that are closely related to clinical characteristics of patients in vast amounts of tumor expression data (Lu et al., 2014). The WGCNA analysis used a soft-threshold algorithm to screen gene co-expression units that were closely associated with clinicopathological features, allowing the co-expression network to be consistent with the biological network’s characteristics, resulting in higher reliability and biological significance (Langfelder and Horvath, 2008).
After WGCNA and DEG analysis, 41 HRGs were obtained in this research. The GO enrichment analysis suggested that 41 HRGs were clustered in response to oxygen levels, hypoxia, decreased oxygen levels, and negative regulation of phosphorylation, confirming their participation in the development of BLCA. The results from KEGG analysis indicated that MAPK, PI3K-Akt, and HIF-1 signaling pathways were markedly identified. MAPK and PI3K-Akt regulate tumor cell survival, proliferation, growth, mobility, and angiogenesis, whose activations were essential for BLCA metastasis and chemotherapy (Xia et al., 2018; Sun et al., 2019; Lei et al., 2020; Ruan et al., 2020; Zhang et al., 2020; Xu et al., 2021a; Kao et al., 2021). The HIF-1 signaling pathway was also discovered to be involved in hypoxic BLCA cell proliferation, migration, invasion, metastasis, and EMT, providing a rationale for clinical trials evaluating agents targeting this pathway (Tickoo et al., 2011; Xue et al., 2014; Lu et al., 2020). Mao et al. (2021) reported that the resistance of BLCA cells to cisplatin in a hypoxic environment could be explained by the existence of autophagy, which is likewise regulated by the HIF-1 signaling pathway.
We performed Cox analysis on 41 HRGs to construct a 13-HRlncRNA signature to predict OS of BLCA cases in TCGA. In total, 405 BLCA cases were randomly divided into training and testing cohorts. The results found that high-risk BLCA cases had worse survival outcomes than low-risk BLCA cases. The ROC analysis revealed that 13 HRlncRNAs outperformed other clinical indicators in terms of sensitivity and specificity in BLCA cases. These results were further verified in the testing and overall cohorts. The Cox regression analysis indicated that the risk score was an independent prognostic factor. A nomogram was established to count total points that could analyze 1-, 3-, and 5-year survival rates of BLCA cases. The DCA and calibration curve suggested that the risk score was more accurate in predicting OS than other traditional criteria. In a stratified analysis, the HRlncRNA signature was closely related with the poor survival rate of BLCA cases, regardless of age, gender, stage, T stage, and N stage. Meanwhile, clinical analysis revealed that the risk score had a great impact on the staging of BLCA patients, confirming the reliability of this model.
LINC01711, a competitive endogenous RNA, has been found to be closely linked to the proliferation, migration, and invasion of esophageal squamous cell carcinoma via suppressed miR-326 and facilitated the level of FSCN1 (Xu et al., 2021b). Two lncRNAs (TMEM147-AS1 and AC024060.1) have been identified as predictive model-related genes implicated in BLCA prognosis and survival (Wan et al., 2021; Wang et al., 2021; Zhong et al., 2021). Three lncRNAs (AC016027.1, AC008735.2, and AC116914.2) were discovered to affect cancer occurrence and progression in a variety of ways, mainly including autophagy, ferroptosis, immunology, and m6A RNA methylation (Zhang et al., 2021a; Feng et al., 2021; Ghafouri-Fard et al., 2021; Li et al., 2021; Shen et al., 2021). Seven remaining HRlncRNAs (AL583785.1, AC119403.1, AC007038.2, AC093788.1, STAG3L5P-PVRIG2P-PILRB, AL139123.1, and AC010542.5) were first reported in BLCA, which deserved further explorations via hypoxia-related pathways.
The KEGG analysis identified that this signature involved in the high-risk group was significantly enriched in WNT signaling pathway, MAPK signaling pathway, ERBB signaling pathway, bladder cancer, and pathways in cancer and focal adhesion, which were similar to the enrichment analysis of 41 HRGs, suggesting that this signature was closely associated to hypoxia. Wnt/β-catenin, a common signaling pathway in BLCA, plays a crucial role in cancer cell invasion, metastasis, EMT, and angiogenesis (Shan et al., 2021; Wu et al., 2021; Zhao et al., 2021). The ErbB receptor tyrosine kinase family consists of four members, namely, ErbB1, ErbB2/HER2, ErbB3/HER3, and ErbB4/HER4 (Gschwind et al., 2004; Segers et al., 2020). Related studies have found that low ErbB4 levels were associated with high-grade, muscle-invasive, and poor survival for bladder tumors (Kassouf et al., 2008). Upregulation of ErbB4 and its ligands could promote the development of BLCA, and the co-expression of ErbB3 and ErbB4 has been reported to be associated with an improved survival time in BLCA patients (Memon et al., 2004).
Immunotherapy is gaining popularity among clinicians as a new cancer treatment option (Kelly, 2018). An in-depth understanding of the correlation of immune infiltration, immunological function, immune checkpoints, immunotherapy response, and anti-tumor drug sensitivity between high- and low-risk groups has profound implications for the development of immunotherapy strategies. In the high-risk group, we observed substantial alterations in immune infiltration, immune function, and immune checkpoints. Patients in the high-risk group had significant lower responses than those in the low-risk group for CTLA-4-positive or both negative. The high-risk group was more sensitive to cisplatin, gemcitabine, sunitinib, and sorafenib. Moreover, the low-risk group was more sensitive to lenalidomide, methotrexate, nilotinib, and VX-702. The correlation of immune infiltration with immunotherapy response in BLCA cases has also been reported (Yang et al., 2021). Summarizing the aforementioned results, our risk model can assess the prognosis, immune status, immunotherapy response, and drug sensitivity of BLCA cases.
The expression of m6A-related genes was also analyzed in two groups, which discovered that FTO was elevated, whereas METTL3, YTHDC1, YTHDF2, YTHDC2, and YTHDF1 were downregulated in the high-risk group. M6A is the most common internal RNA modification in several species (Jia et al., 2011). The m6A lncRNA alteration and its involvement in BLCA patients are rarely reported (Zhang et al., 2021b). Zhou et al. (2021) reported that FTO promoted tumor development in BLCA via the FTO/miR-576/CDK6 axis in an m6A-dependent manner.
Hypoxia can affect the function of a variety of immune cells, thereby directly or indirectly inducing the occurrence and progression of cancer. Tumor progression is usually influenced by abnormal pathological conditions in the tumor microenvironment, such as the presence of tumor-associated fibroblasts (CAFs), ECM deposition, vasodilation, and immune response suppression [44]. Cell hypoxia and the activation of hypoxia-inducible factor-1 (HIF-1) were essential inducing factors for advanced cancer, and its impact on tumor cells and surrounding cells was critical to tumorigenesis (Petrova et al., 2018). Under hypoxic environments, macrophages synthesized chemokines to promote the accumulation of regulatory T cells in the blood circulation by cancer cells while inhibiting the anti-tumor activities of other T cells (Kiani et al., 2021). The hypoxic tumor microenvironment suppressed anti-tumor immune effector cells and promoted immune escape response, which enhanced the development of tumor cells (Damgaci et al., 2018). As an effective regulator of Treg cells, the expression level of the FOXP3 transcription factor was considerably elevated in a hypoxic environment (Labiano et al., 2015). Furthermore, hypoxia increased the expression of CCL28 and TGF-β and engaged in the process of recruiting Treg cells, thereby regulating the inhibitory action of Teff cells to promote angiogenesis and tumor tolerance (Facciabene et al., 2011). Noman et al. (2014) reported that hypoxia significantly enhanced the positive proportion of programmed cell death ligand 1-related marrow-derived suppressor cells in tumor-bearing mice.
Hypoxia was a sign of tumor microenvironment with poor prognosis for most malignant tumors. Hypoxia causes tumor cells to become more aggressive and resistant to radiotherapy and chemotherapy. Therefore, tumor hypoxia and HIFs were supposed to be therapeutic targets. However, there are certain flaws in the current study. First, this analysis’ data source was single, and the amount of data included was little; therefore, the results may be biased. Second, because the study was conducted retrospectively, further prospective investigations may be required to establish the predictive role of hypoxia-related signals. Third, our created prognostic model requires additional validation in other independent cohorts to further evaluate its stability and accuracy. Fourth, we still need to confirm the accuracy of the HRlncRNA signature in local data as external validation. Fifth, some HRlncRNAs have rarely been reported in the academic literature, and the mechanisms of action of HRlncRNAs in BLCA need to be elucidated with in vivo and in vitro experiments.
CONCLUSION
The 13-HRlncRNA signature was an accurate and reliable tool for predicting clinical outcomes, immunotherapy response, and anti-tumor drug sensitivity of patients with BLCA, which may be molecular biomarkers and therapeutic targets for BLCA. Meanwhile, further experimental studies are expected to elucidate tumor hypoxia-related biological functions underlying this HRlncRNA signature in BLCA.
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Background: Increasing evidence suggested the critical roles of lncRNAs in the maintenance of genomic stability. However, the identification of genomic instability-related lncRNA signature (GILncSig) and its role in pancreatic cancer (PC) remains largely unexplored.
Methods: In the present study, a systematic analysis of lncRNA expression profiles and somatic mutation profiles was performed in PC patients from The Cancer Genome Atlas (TCGA). We then develop a risk score model to describe the characteristics of the model and verify its prediction accuracy. ESTIMATE algorithm, single-sample gene set enrichment analysis (ssGSEA), and CIBERSORT analysis were employed to reveal the correlation between tumor immune microenvironment, immune infiltration, immune checkpoint blockade (ICB) therapy, and GILncSig in PC.
Results: We identified 206 GILnc, of which five were screened to develop a prognostic GInLncSig model. Multivariate Cox regression analysis and stratified analysis revealed that the prognostic value of the GILncSig was independent of other clinical variables. Receiver operating characteristic (ROC) analysis suggested that GILncSig is better than the existing lncRNA-related signatures in predicting survival. Additionally, the prognostic performance of the GILncSig was also found to be favorable in patients carrying wild-type KRAS, TP53, and SMAD4. Besides, a nomogram exhibited appreciable reliability for clinical application in predicting the prognosis of patients. Finally, the relationship between the GInLncSig model and the immune landscape in PC reflected its application value in clinical immunotherapy.
Conclusion: In summary, the GILncSig identified by us may serve as novel prognostic biomarkers, and could have a crucial role in immunotherapy decisions for PC patients.
Keywords: genome instability, somatic mutation, pancreatic cancer, long non-coding RNA, prognostic signature, tumor immune environment
INTRODUCTION
Pancreatic cancer is one of the deadliest cancers, ranking as the fourteenth most common cancer and the seventh leading cause of cancer mortality worldwide. Due to the lack of obvious early symptoms, PC usually presents at an advanced stage, which results in a 5-years survival rate as low as 6% (ranging from 2% to 9%) (McGuigan et al., 2018). Despite the great advances in surgery, chemotherapy, and radiotherapy for PC that have been made in the past few years, long-term survival and prognosis remain terrible, with more than 80 percent of patients facing recurrence after resection (Garrido-Laguna and Hidalgo, 2015). More recently, a large number of previous studies have analyzed the relationship between the expression of molecular markers and clinicopathology and long-term survival in the molecular mechanism of PC. However, their impact on patient early diagnosis and treatment is still limited (Garcea et al., 2005). Therefore, searching for new prognostic markers that can predict the poor outcome of patients may become the target of intervention, and provide new treatment strategies for the treatment of PC.
Genomic instability refers to an increased tendency of the genome to acquire mutations, which is typically conferred by some mechanism dysfunction, such as DNA damage repair, DNA replication, transcription, and so on. Genomic instability is a hallmark of cancer and is related to cancer initiation and progression (Duijf et al., 2019). In addition, genome stability status is also associated with survival and can be used as a prognostic marker for cancer patients (Gupta et al., 2018). Long non-coding RNAs (lncRNAs) are arbitrarily considered as non-protein coding transcripts over 200 nucleotides in length (Ma et al., 2014). There is increasing evidence suggesting that lncRNAs are involved in a variety of biological processes and play a critical role in genome regulation (Mercer et al., 2009; Rinn and Chang, 2012; Ma et al., 2014). Noticeably, the dysregulation of lncRNAs has been established to be associated with many complex diseases, including cancers (Gibb et al., 2011; Spizzo et al., 2012; Cheetham et al., 2013). Many lncRNAs are abnormally expressed in tumor tissues, which have been considered oncogenes, such as MALAT1 (Wang et al., 2017), HOTAIR (Troiano et al., 2017), H19 (Zhang et al., 1993), and MEG3 (Braconi et al., 2011). The main function of lncRNA is to regulate gene expression and indicate the tumor status better than the protein-coding RNAs, so it can be used as a novel biomarker with diagnostic and prognostic significance (Hauptman and Glavac, 2013). Currently, several lncRNA signatures have been developed in various cancers to predict patient prognosis with great predictive performance, including lung cancer (Lin et al., 2018), head and neck squamous cell carcinoma (Diao et al., 2019), ovarian cancer (Zhou et al., 2016) and breast cancer (Fei et al., 2018; Tang et al., 2019). Recently, Lee et al. (2016) analyzed a non-coding RNA activated by DNA damage (or NORAD) and maintained genomic stability by isolating PUMILIO protein. Hu et al. reported that GUARDIN, as a p53-responsive lncRNA, kept genomic integrity under both stable and exposed status (Hu et al., 2018). These results demonstrated the important role of lncRNAs in maintaining genomic stability, but the lncRNAs associated with genomic instability need to be further explored.
In addition, studies have shown that immune cells act as tumor inhibitors or tumor promoters and may function as important players in the tumor immune microenvironment (TIME). Genomic instability has been termed as a promising indicator for predicting responsiveness to immune checkpoint blockade based on numerous researches.
Therefore, we constructed a GILncSig to investigate whether the lncRNA signature could reflect the tumor immune microenvironment, and serve as an effective prognostic predictor for patients with PC.
METHODS
Availability of data and materials
The clinical information, RNA-seq expression data, lncRNA transcriptional profiles, and somatic mutation information of patients with PC were obtained from TCGA project (https://cancergenome.nih.gov/). A total of 171 TCGA PC patients with lncRNA expression profiles somatic mutations, survival information, and clinical features were utilized in our study. TCGA patients with PC were divided into an 84-sample training set and an 87-sample testing set. The training set was used to identify the prognostic lncRNA signature and establish the prognostic risk model, while the testing set was used to independently validate its prognostic value.
Identification of genomic instability-associated lncRNAs
To identify genomic instability-associated lncRNAs, a computational framework was constructed based on the lncRNAs expression profiles and somatic mutation profiles of PC patients. As shown in Figure 1, the cumulative number of somatic mutations per sample was calculated and arranged in descending order. The first 25% of patients were defined as the genomic instability group (GU group), and the last 25% were defined as the genomic stability group (GS group). Then compared the expression profiles of lncRNAs between the GU group and GS group by the significance analysis of microarrays (SAM) method. The differentially expressed lncRNAs screened out by the filter of fold change and permutation correction were defined as GILnc (fold change >1.5 or <0.67 and false discovery rate (FDR) adjusted p < 0.05).
[image: Figure 1]FIGURE 1 | Computational framework of genomic instability-associated lncRNAs detection.
Functional enrichment analysis
We calculated the Pearson correlation coefficient to evaluate their correlation by using paired lncRNA and mRNA expression profiles and then established a lncRNA-mRNA co-expression network. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses of the co-expressed protein-coding genes with prognostic lncRNAs were performed to predict the biological function of the differentially expressed lncRNAs using clusterProfiler software in R-version 3.5.2 (Yu et al., 2012).
Tumor immune-related analysis
To reflect the characteristics of the tumor immune microenvironment, the R package “ESTIMATE” was utilized to calculate Scores of immune and stromal cells. Immune infiltration information containing each tumor sample’s immune cell fraction was obtained from Tumor Immune Estimation Resource (TIMER) (https://cistrome.shinyapps.io/timer/). The correlation of tumor immune cell infiltrating with prognostic risk signature was further analyzed. We selected six key genes of immune checkpoint blockade–related genes in PC to investigate the potential role of a lncRNA-based signature in ICB therapy of PC.
Statistical analysis
We carried out a univariate regression analysis to determine the relationship between the expression level of lncRNAs and the overall survival of the training set. Those lncRNAs with a p-value less than 0.05 were considered as the candidate prognostic lncRNAs of PC whose expression levels were significantly associated with the overall survival of PC patients. To assess the contribution of that candidate lncRNA as an independent prognostic factor for survival, a multivariate Cox regression analysis was further performed. A p value less than 0.05 was considered significant. A prognostic risk score model of GILncSig was constructed based on the expression level of lncRNAs and multivariate Cox regression coefficient to predict the prognosis of patients with PC as follows: GILncSig (patients) = [image: image]* [image: image]. In our formula, GILncSig (patients) is the prognostic risk score for PC patients. lncRNAi is each prognostic lncRNAs. Coefficient (lncRNAi) represents the corresponding coefficient of multivariate Cox regression analysis, and expression (lncRNAi) is the expression level of lncRNAi.
According to the above formula, the lncRNA expression-based risk scores for PC patients could be calculated and divided patients into high-risk and low-risk groups with the cutoff of the median risk score from the training set. Kaplan-Meier survival curves were utilized to estimate the survival rate of the different patient groups, and the survival differences between the high-risk group and low-risk group were assessed by the log-rank test. Time-dependent ROC analysis for overall survival was used to assess the performance of the prognostic risk model for time-dependent disease outcomes. Multivariate Cox regression and stratified analysis were performed to determine whether the GILncSig was independent of other clinical variables. Hazard ratio (HR) and 95% confidence intervals (CI) were estimated by Cox proportional hazards regression model. A nomogram was built in the training set to predict the 1-, 2-, and 3-years survival based on the results of multivariate cox regression analysis by R “rms” and “survival” package and applied to the testing set and the entire TCGA set for verification. The corrected plot was used to assess the prognostic accuracy of the nomogram. All statistical analyses were performed using R software and Bioconductor.
RESULT
Identification of genome instability-associated lncRNAs in patients with pancreatic cancer
To detect the potential Genome instability-related lncRNAs, the cumulative number of somatic mutations in each patient with PC was calculated from TCGA. The first 25% (n = 43) and the last 25% (n = 40) patients were classified into the GU group and GS group by the descending order of cumulative number. Then the lncRNA expression profiles in the GU group and GS group were analyzed by unsupervised clustering, the result shows that a total of 206 lncRNAs were found to be significantly differentially expressed (Figure 2A). All patients with PC in TCGA were divided into GU-like group and GS-like group by unsupervised hierarchical clustering analysis based on the expression levels of the 206 differentially expressed lncRNAs. The cumulative number of somatic mutations was higher in the GU-like group and lower in the GS-like group (Figure 2B). As shown in Figure 2C, more mutated genes exist in the GU-like group (p < 0.001, Mann-Whitney U test). As the UBQLN4 gene is one of the driving factors of gene instability, the expression level of the UBQLN4 gene in the GU-like group and GS-like group was compared. The results showed that there was a significant difference in the expression level of UBQLN4 between the two groups, and the expression level of UBQLN4 in the GU-like group was significantly higher than that in the GS-like group. (p < 0.001, Mann–Whitney U test, Figure 2D).
[image: Figure 2]FIGURE 2 | Identification of genome instability-related lncRNAs in patients with pancreatic cancer. (A) Unsupervised clustering analysis of the lncRNA expression profiles in the GU group and GS group. (B) Unsupervised clustering analysis of 171 patients with pancreatic cancer according to the differential expression patterns of 206 GILnc. (C) Boxplots of somatic mutations count in the GU-like group and GS-like group. (D) Boxplot of the expression level of UBQLN4 in the GU-like group and GS-like group.
To better understand the biological significance of the 206 differentially expressed lncRNAs, functional enrichment analysis was performed to predict potential functions. We selected the protein-coding genes (PCGs) most related to the expression of each lncRNA to construct a lncRNA-mRNA co-expression network (Figure 3A). According to the enriched results of the lncRNA-correlated PCGs, GO biological process (e.g., cellular component (CC), DNA binding in the molecular function (MF), and metabolism in the biological process (BP)) and KEGG pathway (e.g., MAPK signaling pathway, cAMP signaling pathway, Pancreatic secretion, and Endocrine resistance) were annotated to be associated with genome instability (Figures 3B,C). Based on the above results, it is considered that the 206 lncRNAs were involved in the genomic instability-related biological process, and their altered expression may destruct the genomic stability of cells. Therefore, the 206 differentially expressed lncRNAs were recognized as candidate lncRNAs with genomic instability in PC.
[image: Figure 3]FIGURE 3 | Functional annotations of GILnc in patients with pancreatic cancer. (A) Co-expression network of GILnc and mRNAs. The blue and red circles represented the LncRNAs and protein-coding mRNAs, respectively. Functional enrichment analysis of GO biological process (B) and KEGG pathway (C) for the co-expressed protein genes with lncRNAs.
ACQUISITION OF A GENOMIC INSTABILITY-ASSOCIATED LNCRNA PROGNOSTIC SIGNATURE FROM THE TRAINING SET
To screen out the prognostic lncRNAs with independent value, we performed a univariate Cox proportional hazard regression analysis to analyze the relationship between expression levels of 206 GIlncRNA and OS in the training set, 17 candidate prognostic lncRNAs were found to be significantly associated with the prognosis of PC patients (Figure 4A). Furthermore, multivariate Cox proportional hazards regression was used to analysis on 17 candidate prognostic lncRNAs. Based on the multiCox model (Figure 4B), 4 of 17 candidate lncRNAs including AL121772.1, BX640514.2, LINC01133, and LYPLAL1-AS1 were found to retain their prognostic significance and thus were identified as independent prognostic lncRNAs (p < 0.05). All of the four lncRNAs (AL121772.1, BX640514.2, LINC01133, and LYPLAL1-AS1) with positive coefficients tended to be prognostic risk factors and their high expression were associated with shorter survival. One lncRNAs (AC087752.3) having negative coefficients was shown to be a protective factor whose high expression level was closed associated with longer survival. A risk score model of GILncSig based on the results of the multivariate Cox analysis regression coefficients was generated to predict the outcome of PC patients as follows: GILncSig = (−1.61 × expression value of AC087752.3) + (0.63 × expression value of AL121772.1) + (0.39× expression value of BX640514.2) + (0.02 × expression value of LINC01133) + (0.38× expression value of LYPLAL1-AS1). According to the GILncSig model, the prognostic risk score was computed for each patient in the training set. Using the median risk score as the cutoff point, all patients in the training set were classified into a high-risk group (n = 38) and a low-risk group (n = 46). The Kaplan-Meier analysis indicated that the overall survival was significantly different between the two risk groups and patients in the low-risk subgroup had markedly longer overall survival than those in the high-risk group (p = 0.009, log-rank test, Figure 5A). The time-dependent receiver operating characteristic (ROC) curves analysis for GIlncRNA prognostic model achieved an area under the curve (AUC) of 0.653 at 1 year of overall survival (Figure 5C). These results demonstrated the GIlncRNA had better prognosis prediction performance in patients with PC. Then we ranked the risk scores of patients in the training set. Figure 5B showed the expression pattern of the five Independent prognostic lncRNAs, the expression level of UBQLN4, and the count of somatic mutations. We found that for patients with high-risk scores, the expression levels of four risk lncRNAs(AL121772.1, BX640514.2, LINC01133, LYPLAL1-AS1) were up-regulated, while one protective lncRNA (AC087752.3) was expressed at a low level. In contrast, these prognostic lncRNAs expressed the opposite patterns in patients with low-risk scores. Similarly, there were significant differences in UBQLN4 expression levels between the high-risk group and low-risk group (p = 0.049, Mann–Whitney U test; Figure 5D). Moreover, Figure 5D also revealed that the number of somatic mutations in the high-risk group was slightly higher than those in the low-risk group (p = 0.09, Mann–Whitney U test; Figure 5D).
[image: Figure 4]FIGURE 4 | Construction of the genomic instability-associated lncRNA prognostic signature from the training set. (A) Forest plot of 17 candidate prognostic LncRNAs associated with pancreatic cancer patients’ overall survival based on univariate Cox regression analyses. (B) Forest plot of five candidate prognostic LncRNAs associated with pancreatic cancer patients’ overall survival based on stepwise multivariate Cox proportional hazard regression.
[image: Figure 5]FIGURE 5 | Identification and validation of the GILncSig for outcome prediction in patients with pancreatic cancer in the training set and testing set. (A,E) Kaplan–Meier survival curves of patients in the high- and low-risk groups are separated by the median GILncSig score in the training set (A) and testing set (E). (B,F) LncRNA expression patterns and the distribution of somatic mutation and UBQLN4 expression with increasing GILncSig score in the training set (B) and testing set (F). (C,G) Time-dependent ROC curves for 1-year survival prediction of the GILncSig in the training set (C) and testing set (G). (D,H) Boxplots of comparison of the somatic mutation counts and the UBQLN4 expression between the high- and low-risk groups in the training set (D) and testing set (H).
Validation of GILncSig in the testing set and entire the cancer genome atlas set
To confirm our findings, the prognostic performance of the GILncSig was further evaluated in the testing set. Patients in the testing set were divided into the high-risk group (n = 43) and the low-risk group (n = 44) by using the same GILncSig and cutoff value deriving from the training set. Kaplan-Meier curves showed that there was a significant difference in overall survival between the high-risk group and the low-risk group, and the overall survival of the high-risk group was much lower than the low-risk group (p < 0.001, log-rank test, Figure 5E), which were similar to those observed in the training set. Validation of the GILncSig in the testing set of 87 patients produced a ROC with an AUC of 0.806 at 1 year (Figure 5G). Figure 5F shows how the expression level of GILncSig, the count of somatic mutation, and the expression level of UBQLN4 in the testing set change with the increasing score. The analysis indicated that Somatic mutation counts and the expression level of UBQLN4 were significantly higher in the high-risk group as compared with those in the low-risk group (p = 0.0044, p = 0.00054, Mann-Whitney U test; Figure 5H).
Similar results were observed when the prognostic performance of the GILncSig was further used to the entire TCGA set. Like the training and testing set, the GIlncRNA was able to stratify 171 PC patients of the entire TCGA set into the high-risk group (n = 81) and low-risk group (n = 90) with obviously different overall survival (p < 0.001, log-rank test, Figure 6A). The AUC of time-dependent ROC analysis for overall survival in the entire TCGA set was 0.724 (Figure 6B). The expression of GILncSig, somatic mutation counts, and UBQLN4 expression level of PC patients in the TCGA set was presented in Figure 6C, which were similar to those observed in the training set and testing set. The counts of somatic mutations in the high-risk group were significantly higher than that in the low-risk group (p = 0.0022, Mann-Whitney U test, Figure 6D), as was the expression level of UBQLN4 (p = 0.0001, Mann-Whitney U test, Figure 6D).
[image: Figure 6]FIGURE 6 | Predictive performance evaluation of the GILncSig in patients with pancreatic cancer in the TCGA set. (A) Kaplan–Meier survival curves of patients in the high- and low-risk groups separated by the median GILncSig score in the TCGA set. (B) LncRNA expression patterns and the distribution of somatic mutation and UBQLN4 expression with increasing GILncSig score in the TCGA set. (C) Time-dependent ROC curves for 1-year survival prediction of the GILncSig in the TCGA set. (D) Boxplots of comparison of the somatic mutation counts and the UBQLN4 expression between the high- and low-risk groups in the TCGA set.
Comparison of the GILncSig and other lncRNA-related predictive signatures for survival prediction
Recently, two lncRNA-related signatures were reported to predict the prognosis of PC patients. Therefore, we further compared the prognostic value of our GILncSig to that of different lncRNA-associated signatures for predicting outcomes: the five-lncRNA signature derived from Song’s study (hereinafter referred to as SongSig) (Song et al., 2018) and the three-lncRNA signature derived from Shi’s study (hereinafter referred to as ShiSig) (Shi et al., 2018). Utilizing the same TCGA patient set. Then we performed the time-dependent ROC analysis and calculated the area under the ROC curves to compare the prediction performance between the GILncSig and other two existing lncRNA-related signatures in the entire TCGA set. The result demonstrated that the AUC at 1 year of overall survival for the GILncSig is 0.724, which was significantly higher than that of SongSig (AUC = 0.642) and ShiSig (AUC = 0.556) (Figure 7). For this reason, we believed that the GILncSig had better prognostic power than those two lncRNA-related signatures.
[image: Figure 7]FIGURE 7 | The ROC analysis for 1-year survival prediction of the GInLncSig and the other two existing signatures (SongLncSig, ShiLncSig), respectively.
INDEPENDENCE OF PROGNOSTIC VALUE OF THE GILNCRNA FROM OTHER CLINICAL VARIABLES
To determine whether the prognostic value of the GIlncRNA was independent of other clinical variables. Multivariate Cox regression analysis was performed in each patient set using prognostic risk score, age, gender, pathological grade, and stage. Results from multivariate Cox analysis revealed that the GIlncRNA was significantly associated with overall survival in each set when adjusted for age, gender, pathological grade, and stage (Table 1). At the same time, we also observed that age, gender, pathological grade, and stage were different in the multivariate analysis significantly. So we further performed data stratification analysis according to age and gender, pathological grade, and stage. According to age, PC patients could be stratified into an old patient group (age >65, n = 81) and a young patient group (age <=65, n = 90). The GIlncRNA could subdivide each age group into a high-risk group and a low-risk group. There was significantly different overall survival between the high-risk group and low-risk group in each age group. (log-rank test p = 0.016 for the old patient group and log-rank test p < 0.001 for the young patient group) (Figure 8A). Next, all patients were also stratified by gender. The overall survival of patients in the low-risk group was significantly longer than that of patients in the high-risk group by analysis of the results. (log-rank test p = 0.002 for the female group; log-rank test p = 0.001 for the male group; Figure 8B). In addition, all patients in the entire TCGA set were grouped according to tumor size, lymph node metastasis, and distant metastasis. Each group was further separated into a high-risk group and a low-risk group by the GIlncRNA, and the difference in overall survival between the two groups was compared. As shown in Figure 8, except for the metastatic group (M1 group and T1-2 group), there were statistically significant differences in overall survival between the high-risk and low-risk groups in each group (p < 0.001 for T3-4 group, Figure 8D; p = 0.027 for N0 group, p = 0.003 for N1 group, Figure 8G; p = 0.009 for M0 group, p = 0.317 for M1 group, Figure 8C; log-rank test). Finally, the same analysis method was applied to the pathological grade and stage of patients. The results of the stratified analysis showed that the patients with high grades were divided into either a high-risk group (n = 24) with shorter survival or a low-risk group (n = 25) with longer survival (p = 0.068, log-rank test; Figure 8E). The patients in the low-grade group were similarly classified into two risk subgroups with significantly different survival times (p < 0.001, log-rank test; Figure 8E). Furthermore, patients with pathologic stage I or II were combined into an early-stage group (n = 161), and those with pathologic stage III or IV were combined into a late-stage group (i = 7). The GIlncRNA divided the early-stage group and the late-stage group into a high-risk group and a low-risk group respectively. The overall survival was significantly different between the two groups in the early-stage group (p < 0.001, log-rank test; Figure 8F). Nevertheless, the difference in overall survival between the two groups was not significant probably due to the limited sample size in the late group (p = 0.549, log-rank test; Figure 8F). Taken together, these results indicated that the GILncSig was an independent prognostic factor associated with overall survival in PC patients.
TABLE 1 | Univariate and Multivariate Cox regression analysis of the GILncSig and clinical features for the independent prognostic significance in different patient datasets.
[image: Table 1][image: Figure 8]FIGURE 8 | Stratification analysis by age, gender and pathological grade and stage. (A) Kaplan-Meier curve analysis of overall survival in low-/high-risk groups for age. (B)Kaplan-Meier curve analysis of overall survival in low-/high-risk groups for gender. (C,D,G) Kaplan-Meier curve analysis of overall survival in low-/high-risk groups based on tumor size, lymph node metastasis and distant metastasis. (E) Kaplan-Meier curve analysis of overall survival in low-/high-risk groups for the grade. (F) Kaplan-Meier curve analysis of overall survival in low-/high-risk groups for stage.
The prognostic significance of GILncSig is better than KRAS, TP53, and SMAD4 mutation status
KRAS, TP53 and SMAD4 were the most frequent mutant genes and associated with poor prognosis in PC. With this in mind, these three genes were included in the training set, testing set and TCGA set for analysis, respectively. Then further stratified analysis was performed based on the mutation status of KRAS, TP53 and SMAD4 by GILncSig. The analysis showed that the proportion of patients with KRAS, TP53, and SMAD4 mutations in the high-risk group was higher than that in the low-risk group to varying degrees in each set. For KRAS, 66% of the high-risk group had KRAS mutations, significantly higher than 16% of the low-risk group in the training set (chi-square test p < 0.001). In the testing set, 72% of the high-risk group had KRAS mutation, which was significantly higher than 46% of the low-risk group (chi-square test p = 0.040). In the entire TCGA set, 69% of KRAS mutation in the high-risk group was significantly higher than 33% in the low-risk group (chi-square test p < 0.001). These results suggest that GILncSig is closely related to the mutation state of the KRAS gene. Therefore, we applied GILncSig to patients with KRAS Wild type (KRAS Wild) and KRAS mutation type (KRAS mutation). Patients with KRAS Wild were divided into the low-risk group (KRAS Wild/GS-like) and high-risk group (KRAS Wild/GU-like), and patients with KRAS mutation were divided into the low-risk group (KRAS Wild/GS-like) and high-risk group (KRAS mutation/GU-like). Through comparative analysis, we found that the overall survival of the KRAS Wild/GS-like group was significantly different from that of the KRAS Wild/GU-like group and KRAS Wild/GU-like group, and patients in KRAS Wild/GS-like group had better prognosis (p = 0.01, log-rank test; Figure 9A). For TP53, as shown in Figure 9B, 73% of TP53 mutations in the high-risk group were significantly higher than 26% in the low-risk group in the training set (chi-square test p < 0.001). Similarly, in the TCGA set, the TP53 mutation in the high-risk group was higher than that in the low-risk group (high-risk group 66% versus low-risk group 41%, chi-square test p = 0.004). However, TP53 mutations were only slightly higher in the high-risk group than that in the low-risk group in the test set, and there was no significant difference between the two groups (high-risk group 58% versus low-risk group 54%, chi-square test p = 0.874). In consequence, we believe that TP53 status can be predicted according to the GILncSig risk score. Then patients with TP53 mutation and TP53 wild type were further divided into TP53 mutation high-risk group (TP53 mutation/GU-like), TP53 mutation low-risk group (TP53 mutation/GS-like), TP53 wild high-risk group (TP53 wild/GU-like), and TP53 wild low-risk group (TP53 wild/GS-like). Survival analysis showed that patients in the TP53 wild/GS-like group had longer survival than those in the TP53 wild/GU-like group, and the higher risk scores were associated with lower survival rates in TP53 wild subgroups (p = 0.002, log-rank test; Figure 9B). For SMAD4, it has similar results to KRAS and TP53. The patients in the training set, testing set and TCGA set were respectively divided into high-risk group and low-risk group by using GILncSig. In each set, the proportion of SMAD4 mutation in the high-risk group was significantly higher than that in the low-risk group (p = 0.228 for the training set; p = 0.028 for the testing set; p = 0.009 for TCGA set; chi-square test; Figure 9C). The patients with SMAD4 mutation type and SMAD4 wild type were further separated into SMAD4 mutation/GU-like group, SMAD4 mutation/GS-like, SMAD4 wild/GU-like group and SMAD4 wild/GS-like group. The results of the survival analysis showed that the overall survival among the groups was slightly different (p = 0.062, log-rank test; Figure 9C). Therefore, the above findings suggested that the GILncSig is superior to KRAS, TP53, and SMAD4 mutation status in prognosis.
[image: Figure 9]FIGURE 9 | Relationship between the GILncSig and KRAS, TP53, SMAD4 mutation. The proportion of KRAS (A), TP53 (B), and SMAD4 (C) mutation in the high- and low-risk group in the training set, the testing set, and the TCGA set. Kaplan–Meier survival curves of overall survival for patients in groups divided based on KRAS (A), TP53 (B), SMAD4 (C) mutation status and the GILncSig.
DEVELOPMENT AND VALIDATION OF A NOMOGRAM FOR PREDICTING SURVIVAL IN PATIENTS WITH PANCREATIC CANCER
To improve the clinical application of the GILncSig, we established a prognostic nomogram model combined with the risk score, age, gender, pathological grade and stage to predict the patients’ survival at 1-, 2-, and 3- years in the training set by using “rms” and “survival” packages in software R (Figure 10A). In Figure 10B, the C-index of the nomogram of the training set was 0.650, and the AUC values predicted for 1-, 2- and 3-years survival is 0.806, 0.844, and 0.792, respectively. The C-index was 0.615 in the testing set and the AUCs of ROC for 1-, 2-, and 3-years survival predictions were 0.653, 0.776, and 0.856, respectively (Figure 10C). Likewise, the C-index was 0.618 in the whole TCGA set and the 1-, 2-, and 3-years AUCs were 0.724, 0.814, and 0.83, respectively (Figure 10D). The calibration plots in (Supplementary Figure 1) exhibited excellent accordance between the nomogram prediction and the actual values in terms of the 1-, 2- and 3-years survival rates in the three datasets. The above results indicated that the prediction performance of the established nomogram is improved.
[image: Figure 10]FIGURE 10 | Construction and assessment of a nomogram for survival prediction of patients with pancreatic cancer based on risk score, age, gender, pathological grade and stage. (A) The nomogram was established in a training set for predicting 1-, 2-, and 3-years survival of pancreatic cancer patients. (B–D) ROC curve analysis for 1-, 2-, and 3-years survival prediction of the nomogram in the training set (B), testing set (C), and TCGA set (D), respectively.
Correlation of risk score with tumor immune environment characterization
Through the ESTIMATE evaluation method, TumorPurity, ImmuneScore and StromalScore were calculated. These results indicated that patients in the low-risk group have lower TumorPurity and higher ImmuneScore and StromalScore (Figures 11A–C). To further uncover the correlation between GILncSig and immune cell infiltration, the analysis showed that patients in the low-risk group had more T cells CD8, B cells, and T cells CD4 memory activated, while the Macrophages M0 was at a low level (Figure 11D). To further explore the influence of GILncSig on the TIME of PC we analyzed the correlation of risk signature with immune cell infiltration type and level. The results indicated that the risk signature significantly correlated with infiltrating B cells (r = −0.38; p = 1.2e − 05), infiltrating CD4+T cells (r = −0.34; p = 0.00011), infiltrating plasma cells (r = −0.19; p = 0.036), CD8 T cells (r = -0.35; p = 6.6e −05), macrophages M0 (r = 0.32; p = 0.00023), and macrophages M2 (r = 0.21; p = 0.018; Figure 11E). Then, the ssGSEA algorithm was used to examine whether there was a distinction of immune signatures between groups of low/high risk. The results found that the infiltrating levels of B cells, CD8+T cells, DCs, Neutrophils, pDCs, Tfh, Th1 cells, and Th2 cells were remarkably elevated and some immune signatures (i.e., CCR, checkpoint, inflammation-promoting, IFN response type II) were significantly activated in the low-risk group Figure 12A,B).
[image: Figure 11]FIGURE 11 | Correlation of prognostic risk score with TIME characterization (A–C) The correlation of estimate score, immune score, and tumor purity between these two subtypes. (D) Difference of infiltrating immune cell subpopulations and levels between low-/high-risk groups. (E) Correlation between tumor immune infiltration and GILncSig.
[image: Figure 12]FIGURE 12 | Correlation of prognostic risk score with TIME characterization (A) immune-related signature with corresponding immune-related scores in groups low/high risk. (B) A distinction of enrichment of immune-related signatures between low-/high-risk groups. (C) Association analyses between immune checkpoint inhibitors and GILncSig. (D) Association between risk model and CD274, CTLA4, HAVCR2, PDCD1, PDCD1LG2.
Correlation of risk score with immune checkpoint blockade key molecules
Six key immune checkpoint inhibitor genes (PDCD1, CD274, PDCD1LG2, CTLA‐4, HAVCR2, and IDO1) were singled out for further research. We performed the correlation analysis of ICB key gene expression with risk signature to investigate the potential role of a signature in the ICB therapy of PC (Figure 12C). Correlation analysis results indicated that GILncSig had close relationship with CD274 (r = −0.18; p = 0.018), CTLA4 (r = -0.32; p = 2e −05), HAVCR2 (r = -0.29; p = 0.00012), PDCD1 (i = −0.4; p = 8.1e − 08), and PDCD1LG2 (r = −0.3; p = 6e−05; Figures 12D), indicating GILncSig might exert a nonnegligible player in ICB treatment outcome prediction in PC. Further correlation analysis presented that 32 of 47 (i.e., CD27, IDO2, etc.) immune check blockade–related gene expression levels were significantly different between the two risk groups (Figures 13).
[image: Figure 13]FIGURE 13 | Comparison of 32 immune checkpoint blockade–related gene expression levels in low-/high-risk groups.
DISCUSSION
PC is the most common cause of cancer death worldwide (Siegel et al., 2020). It is characterized by high morbidity, high mortality, difficult early diagnosis, and poor prognosis (Sharma et al., 2011; Peng et al., 2016). Surgical resection is effective for patients with early PC, while palliative treatment is adopted for patients with locally advanced, metastatic, and unresectable PC (Li et al., 2004). In recent years, molecular research on PC has made great progress, and the survival rate of PC patients has improved to some extent. However, the prognosis has not been improved (Feldmann and Maitra, 2008). As metastasis and recurrence are the main causes of poor prognosis, it is urgent to identify effective tumor biomarkers to evaluate the prognosis of patients with PC accurately.
Genomic instability is an important feature of human cancer, which is associated with poor prognosis, and metastasis (Bakhoum and Cantley, 2018; Duijf et al., 2019). It has been reported that genomic instability affects the prognosis of PC, and the pattern of genomic instability is quite heterogeneous in metastatic PC (Campbell et al., 2010; Sahin et al., 2016). It is known that the degree of genomic instability has diagnostic and prognostic implications, yet measuring genomic instability is a big challenge. Mettu et al. (2010) constructed a 12-gene signature to assess genomic instability and predict clinical outcomes in cancers. Zhang et al.(2014) developed a biological rationale-driven genomic instability score to predict the prognosis of ovarian cancer.
LncRNAs have complex biological functions and have been proved to be closely related to the occurrence and development of cancers (Gibb et al., 2011; Fatica and Bozzoni, 2014). Recently, increasingly more researchers pay attention to the clinical significance of LncRNAs in the prognosis of cancers. For instance, the high expression of lncRNA HOX transcript antisense RNA (HOTAIR) in lung tumor tissues is correlated with metastasis and poor prognosis in patients with lung cancer (Loewen et al., 2014). The lncRNA AOC4P induces a poor prognosis in gastric cancer patients through epithelial-mesenchymal transition (Zhang et al., 2019). It has been found that lncRNAs play an important role in maintaining genomic stability through continuous exploration of the function of lncRNAs (Lee et al., 2016; Liu, 2016; Hu et al., 2018). Although some efforts have been made, few kinds of research have been done on GILnc in cancers. Therefore, there is an urgent need to investigate the prognostic value of genomic-instability associated lncRNAs in PC patients.
In our study, we identified 40 genomic instability-associated lncRNAs by analyzing the lncRNA expression profile and somatic mutation profile of 171 patients with PC. Then, the function of these lncRNAs was predicted by the lncRNA-mRNA co-expression network. The GO and KEGG enrichment results suggested that the genes co-expressed with these 206 lncRNAs were enriched at chromosomes and nucleoplasm in the cellular component, DNA binding in the molecular function, and the transcription and compound synthesis and metabolism in the biological process can promote genomic instability, which leads to cancer eventually (Barnum and O'Connell, 2014; Friedberg, 2001). We further divided all patients into the training set and testing set. Cox proportional risk regression analysis was performed on the candidate genomic instability-associated lncRNAs in the training set, and a genomic instability-associated lncRNAs signature (GILncSig) consisting of 5 lncRNAs with independent prognostic value (AL121772.1, BX640514.2, LINC01133, AC087752.3, and LYPLAL1-AS1) was established to predict the prognosis of PC. The GILncSig can classify PC patients in the training set into the high-risk group and low-risk group with significantly different overall survival, which was verified in the testing set and the whole TCGA set. In addition, we also found that patients with PC in the high-risk group had significantly higher somatic mutation counts and UBQLN4 expression levels, both of which are characteristics of genomic instability. A comparison of our GILncSig and two recently reported lncRNA-related signatures with predictive values for PC in the same TCGA patient set suggested that the GILncSig has better prognostic ability in predicting survival than those two lncRNA-related signatures. Our study also found that the GILncSig was independent of other clinicopathological factors, including age, gender, pathological grade, and stage. Furthermore, based on the GILncSig, the mutation status of KRAS, TP53, and SMAD4 in the high-risk group were significantly higher than those in the low-risk group. The survival time of KRAS, TP53, and SMAD4 wild-type patients in the low-risk group was significantly longer than that of patients with mutant-type.
The above results indicated that the GILncSig may have greater prognostic significance than KRAS, TP53 and SMAD4 mutation states. Finally, a nomogram was constructed by combining GInLncSig and the four independent prognostic factors of age, gender, pathological grade, and stage in the training set, which further improved the predictive performance, and was verified on the testing set and the entire TCGA set.
What’s more, numerous researches focusing on TIME have revealed the potential key role of lncRNAs in infiltrating immune cells. In this study, we find that GILncSig was significantly correlated with immune cell infiltration, ESTIMATE results showed that GILncSig was positive with tumor purity but negatively correlated with estimate score and immune score, suggesting GILncSig could serve as a novel immune indicator in PC. Besides, ssGSEA results indicated that in the low-risk group the infiltrating immune cells were significantly increased and immune signatures were remarkably activated. The immune-activated condition in the low-risk group was associated with high ICB-relevant gene expression, suggesting samples with high-risk scores might respond to immunotherapy. What’s more, the correlation analysis between ICB-related genes and GILncSig indicated that our signature may possess the ability to predict the clinical outcome of ICB therapy in PC.
Although the GILncSig identified here is reliable and promising as a prognostic signature in the tumor immune microenvironment of PC, there are still several limitations. In addition to validation in the TCGA dataset, the GILncSig requires more independent datasets to verify. Meanwhile, it is necessary to further explore the regulatory mechanism of GILncSig in biological function to maintain genomic instability.
CONCLUSION
In summary, we have performed RNA-seq prognostic analysis in PC patients by bioinformatics methods to develop a genomic instability-derived lncRNA signature to predict the prognosis of PC patients and successfully validated it on the independent cohort. Moreover, we integrated GInLncSig with age, gender, pathological grade and stage to construct a nomogram to improve its prediction performance. Further results unraveled that GILncSig was significantly correlated with immune cell infiltration and has important significance for genomic instability and ICB treatment of PC.
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Background: Amino acid metabolism (AAM) deregulation, an emerging metabolic hallmark of malignancy, plays an essential role in tumour proliferation, invasion, and metastasis. However, the expression of AAM-related genes and their correlation with prognosis in clear cell renal cell carcinoma (ccRCC) remain elusive. This study aims to develop a novel consensus signature based on the AAM-related genes.
Methods: The RNA-seq expression data and clinical information for ccRCC were downloaded from the TCGA (KIRC as training dataset) and ArrayExpress (E-MTAB-1980 as validation dataset) databases. The AAM‐related differentially expressed genes were screened via the “limma” package in TCGA cohorts for further analysis. The machine learning algorithms (Lasso and stepwise Cox (direction = both)) were then utilised to establish a novel consensus signature in TCGA cohorts, which was validated by the E-MTAB-1980 cohorts. The optimal cutoff value determined by the “survminer” package was used to categorise patients into two risk categories. The Kaplan-Meier curve, the receiver operating characteristic (ROC) curve, and multivariate Cox regression were utilised to evaluate the prognostic value. The nomogram based on the gene signature was constructed, and its performance was analysed using ROC and calibration curves. Gene Set Enrichment Analysis (GSEA) and immune cell infiltration analysis were conducted on its potential mechanisms. The relationship between the gene signature and key immune checkpoint, N6-methyladenosine (m6A)-related genes, and sensitivity to chemotherapy was assessed.
Results: A novel consensus AMM‐related gene signature consisting of IYD, NNMT, ACADSB, GLDC, and PSAT1 is developed to predict prognosis in TCGA cohorts. Kaplan-Meier survival shows that overall survival in the high-risk group was more dismal than in the low-risk group in the TCGA cohort, validated by the E-MTAB-1980 cohort. Multivariate regression analysis also demonstrates that the gene signature is an independent predictor of ccRCC. Immune infiltration analysis highlighted that the high-risk group indicates an immunosuppressive microenvironment. It is also closely related to the level of key immune checkpoints, m6A modification, and sensitivity to chemotherapy drugs.
Conclusion: In this study, a novel consensus AAM-related gene signature is developed and validated as an independent predictor to robustly predict the overall survival from ccRCC, which would further improve the clinical outcomes.
Keywords: amino acid metabolism, clear cell renal cell carcinoma, gene signature, prognosis, machine learning
INTRODUCTION
Renal cell carcinoma has become one of the most prevalent genitourinary tumours (Siegel et al., 2021). Its incidence continues to increase, which accounts for approximately 5% of new cancer cases in males and 3% of female cases (Siegel et al., 2021). As the major subtype of renal cell carcinoma, clear cell renal cell carcinoma (ccRCC) makes up 70–80% of all cases with the highest mortality rate (Zhao et al., 2018). Meanwhile, only a subset of patients has yielded great benefit from targeted therapies due to the heterogeneity of ccRCC. The application of conventional classification was often not sufficient as it was determined only by several clinicopathological traits without regard to molecular biological features. Therefore, to tackle the abovementioned considerations and avoid latent overtreatment or undertreatment, it is imperative to identify reliable molecular signatures to optimise prognosis and predict immune responses in ccRCC.
Amino acid metabolism (AAM) deregulation, an emerging metabolic hallmark of malignancy, is geared toward the increased requirement of rapid cancer cell proliferation (Hanahan and Weinberg, 2011; Pavlova and Thompson, 2016). AAM plays an essential role in tumour proliferation, invasion, and metastasis (Vettore et al., 2020). As a super nutrient, glutamine was involved in a series of pathways in energy generation, macromolecular synthesis, and signalling transmission in cancer cells (Li and Zhang, 2016). Serine, glycine, and threonine and the one-carbon units these processes produce, such as methenyl and methyl, fulfil tumour cell growth and proliferation and maintain the cellular redox, genetic, and epigenetic status (Locasale, 2013; Liu et al., 2019). In addition, N6-methyladenosine (m6A) RNA methylation widely participate in the metabolic recombination of tumour cells (An and Duan, 2022). m6A, as one of the drivers of tumourigenesis and progression was closely associated with a variety of tumours (Yu et al., 2021). m6A RNA methylation also affects clinical prognosis by modulating the immune function of patients with ccRCC (Chen S. et al., 2020). Some studies have reviewed that individual AAM-related genes or gene signatures play a surprising role in tumour progression and have excellent prognosis prediction value in glioma and hepatocellular carcinomas (Seltzer et al., 2010; Liu et al., 2019; Zhao et al., 2021). Liu et al. (2019); Zhao et al. (2021) showed that the risk signature based on AAM-related gene could effectively predict prognosis in glioma and hepatocellular carcinomas, respectively. Previous studies showed that the AAM-related gene of large amino acid transporter-1 was closely associated with an unfavourable prognosis in ccRCC (Betsunoh et al., 2013). Likewise, logistic regression models constructed for several serum amino acids (histidine, glutamine, 1-methyl histidine, and norvaline) had superior predictive and prognostic values for ccRCC (Zhang et al., 2017). The tumor cells of ccRCC are highly dependent on glutamine as a result of the ubiquitous genetic loss of the von Hippel-Lindau tumour suppressor gene (Fu et al., 2019). Nevertheless, the characteristic of the AAM-related gene in ccRCC has not been comprehensively elucidated. Moreover, novel AMM-related gene signatures for predicting prognosis remain to be developed in ccRCC and their relationship with m6A needs to be further defined.
In this study, we endeavored to apply AAM-related genes to develop a novel consensus signature in the TCGA to assess the prognosis and the feature of the immune microenvironment, immune checkpoint, m6A modification, and chemotherapy response, which was validated in E-MTAB-1980 cohorts. This work may facilitate optimising precision treatments and improve the clinical prognosis of ccRCC patients.
MATERIAL AND METHODS
Data collection
The overall design of this study is illustrated in Figure 1. Five hundred and eighty ccRCC samples (including 508 tumours and 72 non-tumour tissues) were retrospectively downloaded, with the RNA-seq expression data (FPKM normalised data) and clinical information from kidney renal clear cell carcinoma (KIRC) of The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/), which served as a training dataset. Data from the E-MTAB-1980 cohort was used as the validation dataset, and included RNA-seq transcriptomic data (normalised mRNA expression data) and clinical information of the complete 101 samples, obtained from the ArrayExpress database (https://www.ebi.ac.uk/arrayexpress/). The two datasets with complete overall survival (OS) information were used to construct and validate the stratification signature. The American Joint Committee on Cancer (AJCC) TNM staging system and the World Health Organization (WHO) grading classification were adopted in this study. The 374 AAM‐related genes were extracted from the gene sets (REACTOME METABOLISM OF AMINO ACIDS AND DERIVATIVES) obtained from the Molecular Signature Database v7.5 (MSigDB) (https://www.gsea-msigdb.org/gsea/msigdb/), as detailed in Supplementary Table S1.
[image: Figure 1]FIGURE 1 | Workflow diagram.
The nine pairs of ccRCC tissues and adjacent tissue were retrieved from the First Affiliated Hospital of Nanchang University. The specimens were obtained with the patients’ informed consent and the approval of the Ethics Committee of the First Affiliated Hospital of Nanchang University. The study protocol was carried out following the guidelines of the Helsinki Declaration.
Screen for AAM‐related differentially expressed genes
Differentially expressed genes (DEGs) between normal and ccRCC tissues were obtained with the criteria of adjusting p < 0.05 and | log2 fold change (FC) | > 1.5 via applying the “limma” package in the TCGA cohort. The intersecting AAM-related genes in the TCGA and E-MTAB-1980 cohorts were then identified. The “VennDiagram” package was applied to screen the co-expressed AAM-related DEGs.
Functional enrichment analysis and protein-protein interaction network analysis
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were conducted using the ‘clusterProfiler’ package to explore the potential molecular mechanisms for AAM‐related DEGs (Yu et al., 2012). p-value < 0.05 and q-value < 0.05 were the criteria used to determine the significant enrichment function. Protein-protein interaction (PPI) analysis was performed via uploading the AAM‐related DEGs to the STRING database (http://www.string-db.org/), an online database of known and predicted protein-protein interactions (Szklarczyk et al., 2019). The results were then visualised using the Cytoscape software (version 3.7.1), where nodes denote proteins and edges represent interactions between these proteins. The ‘degree’ of a node was calculated by topological structure analysis of the PPI network.
Construction and validation of the AAM-related prognostic signature
Univariate Cox regression based on AAM‐related DEGs is utilised to preliminarily screen interesting AMM-related genes heavily affecting the OS of ccRCC, to develop an AAM-related prognostic signature with high accuracy and stability performance in TCGA cohorts. The further analysis combined the least absolute shrinkage and selection operator (Lasso) and the stepwise Cox (direction = both) model was applied to determine the consensus risk stratification signature via the “glmnet” and “survival’” package, respectively. The risk score was calculated by following the formula: risk score = [image: image] (where Coefi was the coefficient of each gene weighted via multivariate Cox regression and Expi was the relative expression of each gene). All patients were divided into high- and low-risk groups according to the optimal cutoff value determined by the “survminer” package. The log-rank test and Kaplan-Meier curves were generated using the “survival” and “survminer” packages, respectively. To evaluate the predictive performance of the prognostic signature, the time-dependent receiver operating characteristic (ROC) curve was plotted using the “timeROC” package. Subsequently, the consensus risk stratification signature was validated using the E-MTAB-1980 cohorts via the abovementioned method.
Correlation of the AAM-related gene signature with clinical traits
Multivariate Cox regression was conducted after adjusting for other available clinical traits to assess the predictive value of AMM-related gene signature. The nomogram with risk scores and commonly used clinical traits was constructed using the “rms” package to predict the OS of ccRCC. Harrell’s concordance index (C-index) was calculated to evaluate the accuracy of this model. The 1-year, 3-year, and 5-year calibration curves were also visualised to assess their predictive performance. Subsequently, the correlation between gene signature and clinical traits and subgroup analysis within ccRCC patients with various clinical traits was undertaken to further evaluate the predictive value of the risk stratification signature.
Gene set enrichment analysis
Gene set enrichment analysis (GSEA) is a method of interpreting expression dataset using previously established gene sets defining pathways or functions. It aims to analyze the association between expression dataset and biological signals. The gene expression matrix and phenotype classes were uploaded to GSEA software V4.2 (https://www.gsea-msigdb.org/gsea/index.jsp) for GSEA with permutation = 100, min size = 15 and max size = 500 to further reveal potential mechanisms of prognostic signature.
Immune cell infiltration, immune-related pathways, cell pathways, and immune checkpoints analysis
Given that the tumour immune microenvironment was essential for its prognosis in renal cell cancer (Giraldo et al., 2015), the Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE) algorithm and cell-type identification by estimating relative subsets of RNA transcripts (CIBERSORT) algorithm was applied to evaluate the stromal score, immune score, and estimate score as well as 22 immune cell fractions content in patients between different groups, respectively. The results were then visualised via box and violin plots, respectively.
Additionally, a single-sample gene set enrichment analysis (ssGSEA) was performed using the R package ‘GSVA’ to assess differences in immune-related pathways and cell pathways. The reference genes on each immune-related pathway and cell pathway were reported in Supplementary Table S2 (Wei et al., 2020). The differences in the expression of key immune checkpoints between the two groups were compared as they are vital to tumour prognosis.
Landscape of gene mutation and m6A-related genes analysis
The mutation frequencies and oncoplot waterfall plots for both groups of parients with ccRCC were generated by the “maftools” package.
Some studies consider that m6A is considered one of the drivers of tumorigenesis and progression in various tumours (Yu et al., 2021). Meanwhile, m6A RNA methylation widely participate in the metabolic recombination of tumour cells (An and Duan, 2022). m6A modification is closely related to the tumour immune landscape in ccRCC (Zhong et al., 2021). Thus, the expression level of the m6A-related gene between both risk groups was assessed to explore the potential mechanism of m6A modification in ccRCC. m6A-related genes were available from previously published articles, including regulators on writers, readers, and erasers (Sun et al., 2019; Zaccara et al., 2019).
Tumour mutational burden, microsatellite instability, and sensitivity analysis of chemotherapy drugs
In tumour mutation burden (TMB) and microsatellite instability (MSI) analysis, the correlation between gene expression and TMB and MSI scores was evaluated by Spearman’s correlation analysis.
To explore the difference in several common chemotherapy sensitivity between both risk groups, the half-maximal inhibitory concentration (IC50) was estimated from the Genomics of Drug Sensitivity in Cancer database (https://www.cancerrxgene.org/) using the “pRRophetic” R package (Geeleher et al., 2014). The expression matrixes of both groups were uploaded to this database.
Validation of AAM-related prognostic genes
The mRNA expression, promoter methylation, and protein expression levels of AAM-related prognostic genes in ccRCC were further obtained and validated from The University of ALabama at Birmingham CANcer data analysis Portal (UALCAN) database (http://ualcan.path.uab.edu/index.html) (Chandrashekar et al., 2017). Protein expression levels were also verified via immunohistochemistry (IHC) from the Human Protein Atlas (HPA) database (https://www.proteinatlas.org/).
The ccRCC and adjacent tissue were retrieved from ccRCC patients undergoing surgical treatment and were cryopreserved in liquid nitrogen after isolation. Total RNA was extracted from nine pairs of ccRCC tissue and adjacent tissue as well as renal normal or cancer cell lines HK-2, 786-O, A498, and OSRC-2 using Trizol reagent (ComWin Biotech, Beijing, China) and reversed transcribed into cDNA with the TransScript First-Strand cDNA Synthesis SuperMix kit (TransGen Biotech, Beijing, China) according to the manufacturer’s instructions. Real-time quantitative polymerase chain reaction (RT-PCR) was conducted with qPCR SYBR Green SuperMix (TransGen Biotech, Beijing, China). β-Actin was used, as an internal reference gene, to normalise the relative mRNA expressions with the 2−ΔΔCT method. The primer sequences used in the study are listed in Supplementary Table S3.
Statistical analysis
This study performed all statistical analyses and data processing using the R software (Version 4.1.3), with p < 0.05 considered statistically significant. The gene expression levels, risk scores, the abundance of immune cell infiltration, and drug’s IC50 between both risk groups were analysed via the Wilcoxon test, while immune scores (stromal score, immune score, and estimate score) and tumour purity via the unpaired Student’s t-test.
RESULTS
Screen for AAM‐related DEGs and functional enrichment
Eight hundred forty-three DEGs were obtained from the intersection between differentially expressed genes in TCGA cohorts and genes in the E-MTAB-1980 cohorts. Subsequently, the AAM‐related DEGs were further elucidated (Figure 2A). Five of the 27 AAM‐related DEGs were highly expressed, while twenty-two were lowly expressed in tumour tissues for the TCGA cohort, as detailed in Figures 2B,C.
[image: Figure 2]FIGURE 2 | AAM‐related DEGs in TCGA-KIRC cohorts and functional enrichment analysis. (A) Venn plots of co-expression gene between DEGs and AAM-related gene (B) Volcano plots of AAM‐related DEGs; (C) Heatmap plots of AAM‐related DEGs; (D) KEGG analysis; (E) GO analysis involving biological process, cellular component, and molecular function.
GO and KEGG analyses based on the 27 AAM‐related DEGs were then performed to assess the features of AAM-related genes and the biological processes involved (Figures 2D,E). KEGG analysis mainly was enriched in amino acid and carbon metabolism (Figure 2D). The GO analysis results indicated that biological processes (BP) were mainly enriched in cellular and alpha− amino acid metabolic and catabolic processes, cellular components (CC) in the mitochondrial matrix, as well as molecular functions (MF) in electron transfer activity (Figure 2E). Functional enrichment analysis corresponded to the molecular traits of AAM-related genes. The AAM-related DEGs might be involved in some biological processes such as AAM, electron transfer activity, fatty acid metabolism and degradation.
PPI analysis was also conducted to explore the relationship between the DEGs or corresponding proteins. The PPI network contained 27 nodes and 138 edges with a minimum required interaction score of low confidence (0.15), as depicted in Figure 3A.
[image: Figure 3]FIGURE 3 | Protein-protein interaction network and regression analysis. (A) Protein-protein interaction network of AAM‐related DEGs; (B) Univariate Cox regression analysis of AAM‐related DEGs; (C) Lasso regression analysis of AAM‐related DEGs.
Development and validation of the AAM-related prognostic signature
Based on the expression profiles of AAM-related DEGs in the training dataset, univariate Cox regression regarding OS ultimately screened the 12 prognostic AAM-related genes, including Iodotyrosine Deiodinase (IYD), Nicotinamide N-Methyltransferase (NNMT), Aldehyde Dehydrogenase 6 Family Member A1 (ALDH6A1), Acyl-CoA Dehydrogenase Short/Branched Chain (ACADSB), Glycine Decarboxylase (GLDC), 4-Hydroxy-2-Oxoglutarate Aldolase 1 (HOGA1), Phosphoserine Aminotransferase 1 (PSAT1), D-Amino Acid Oxidase (DAO), Acetyl-CoA Acetyltransferase 1 (ACAT1), Phenylalanine Hydroxylase (PAH), Glycine Amidinotransferase (GATM), and Agmatinase (AGMAT) (Figure 3B). A combination model of Lasso and stepwise Cox (direction = both) was applied in TCGA cohorts to develop a consensus AAM-related gene signature, identifying a final set of 5 AAM-related DEGs. In this combination model, to avoid multicollinearity of several variables and overfitting the model, the Lasso regression regarding OS was employed to screen the key AAM-related DEGs. Based on the 10-fold cross-validation in the Lasso regression, the partial likelihood of deviance reached the minimum when the optimal lambda was 0.013. At that point, IYD, NNMT, ALDH6A1, ACDSB, GLDC, HOGA1, PSAT1, and ACAT1 were selected (Figure 3C). The stepwise Cox was utilised to further screen for genes associated with OS. Subsequently, each gene expression weighted by the regression coefficient in the multivariate Cox model based on the selected 5 AAM-related DEGs (AAM-related gene signature) was utilized to calculate the risk score with the formula as follows: Risk score = IYD × (-1.1404) + NNMT × (0.1243) + ACADSB × (-0.4140) + GLDC × (-0.2061) + PSAT1× (0.2789). All participants were assigned to high- or low-risk groups according to the optimal cut-off value.
Kaplan-Meier survival analysis showed that OS in the high-risk group was dramatically more dismal than in the low-risk group in the training dataset (TCGA cohort) (Figure 4A), validated only by the validation dataset (E-MTAB-1980 cohort) (Figure 4B). The risk score distribution and survival status for TCGA cohorts are depicted in Figure 4C and for E-MTAB-1980 cohorts in Figure 4D. The expression heatmaps of the five selected AAM-related genes for the TCGA cohorts and the E-MTAB-1980 cohorts are shown in Figures 4E,F, respectively. To evaluate the discrimination of the AAM-related prognostic signature, ROC analysis of OS is measured, and the 1-, 3-, and 5-year areas under the ROC curves (AUCs) were 0.751,0.716, and 0.747 in the TCGA cohorts (Figure 4G) and 0.701, 0.783, and 0.761 in the E-MTAB-1980 cohorts (Figure 4H), respectively.
[image: Figure 4]FIGURE 4 | The correlation between the AAM-related gene signature and prognosis in ccRCC. (A,B) Kaplan-Meier survival analysis between high-risk groups and low-risk groups in TCGA (A) and E-MTAB-1980 (B) cohorts; (C,D) The trend in patient survival status as the increment of risk scores in TCGA (C) and E-MTAB-1980 (D) cohorts; (E,F) Heatmap plots of the prognostic genes in TCGA (E) and E-MTAB-1980 (F) cohorts; (G,H) Time-independent receiver operating characteristic (ROC) curve for predicting OS based on this signature in TCGA (G) and E-MTAB-1980 (H) cohorts.
Establishment of a nomogram
Four hundred eighty-eight ccRCC patients in the TCGA cohort with complete clinical information were selected for further analysis. The multivariate Cox regression indicated that age, tumour stage, and risk score were independent prognostic factors (Figure 5A). Subsequently, the nomogram with age, tumour stage, and risk score was established to predict 1-, 3-, and 5-year OS in ccRCC patients from the TCGA cohort (Figure 5B). The prediction value of the nomogram is compared with the prognostic signature and other available clinical traits. As illustrated in Figures 5C–E, this nomogram model had greater AUCs at 1, 3, and 5 years. The C-index for the nomogram was 0.789 (95% confidence interval: 0.753–0.825). The 1-, 2-, and 3-year calibration curves for the nomogram showed that the actual OS was well in line with the predicted OS (Figure 5F).
[image: Figure 5]FIGURE 5 | The AAM-related gene signature as an independent predictor for OS in TCGA cohorts and the predictive performance of the nomogram (risk models), risk (AAM-related gene signature), and other clinical traits. (A) The multivariate Cox regression analysis; (B) Nomogram for predicting 1-, 3-, and 5-year OS. (C–E) ROC curves for 1-year, 3-year, and 5-year OS based on the nomogram, risk, and other clinical traits, respectively; (F) the calibration plots for predicting 1-, 3-,5-year OS of the nomogram, respectively; T: AJCC TNM tumor stage; M: AJCC TNM node stage; G: WHO grade classification; tumor stage: AJCC tumor clinical stage.
Relationship between AAM-related gene signature and clinical traits
The expression heatmap of the AAM-related prognostic signature indicated that the expression level of IYD, ACADSB, and GLDC in the high-risk group was lower than in the low-risk group. At the same time, NNMT and PSAT1 were highly expressed in the high-risk group, as shown in Figure 6A. It also demonstrated that the stratified risk was closely associated with the clinical metrics such as gender, T stage, M stage, grade, and tumour stage, consistent with the results in Figures 6B–G. The advanced clinical stage and grade have a higher risk score. To assess the prognostic predictive value of the AAM-related gene signature, the stratified subgroup analysis according to available clinical traits was conducted, suggesting that it encompasses reliable and accurate prediction ability (Figures 7A–M). The above results indicate that the novel gene signatures were closely related to several clinical traits, such as T stage, M stage, grade, and tumour stage.
[image: Figure 6]FIGURE 6 | The correlation between the AAM-related gene signature and clinical traits. (A) Heatmap plot displayed the correlation between the risk group and other clinicopathological traits; (B–G) Boxplot showed the correlation between the risk scores and clinicopathological traits; T: AJCC TNM tumor stage; M: AJCC TNM metastasis stage; G: WHO grade classification; tumor stage: AJCC tumor clinical stage; ns: p ≥ 0.05; *: p < 0.05; **: p < 0.01; ***: p < 0.001.
[image: Figure 7]FIGURE 7 | Subgroup analysis of the AAM-related prognostic gene signature according to age (A, B), gender (C, D), T stage (E, F), M stage (G, H), grade (I, J), and tumor stage (K, M); T, AJCC TNM tumor stage; M, AJCC TNM metastasis stage; G, WHO grade classification; tumor stage, AJCC tumor clinical stage.
Gene set enrichment analysis
GSEA was performed to investigate the signalling pathways underlying the AMM-related risk signature, and demonstrates that the high-risk group was mainly enriched in base excision repair, homologous recombination, pyrimidine metabolism, the tumour protein p53 (p53) signalling pathway, DeoxyriboNucleic Acid (DNA) replication, and cell cycle (Figure 8A). Fatty acid metabolism, adipocytokine signalling pathway, citrate cycle, tricarboxylic acid cycle (TCA) cycle, propanoate metabolism, glycolysis, gluconeogenesis, pyruvate metabolism, and ERBB signalling pathway were primarily enriched in the low-risk group (Figure 8B).
[image: Figure 8]FIGURE 8 | Gene set enrichment analysis in the high-risk group (A) and the low-risk group (B), respectively; and Immune microenvironment analysis (C–F) via ESTIMATE algorithm, ns: p ≥ 0.05; *: p < 0.05; **: p < 0.01; ***: p < 0.001.
Immune cell infiltration, immune-related pathways, cell pathways, and immune checkpoint analysis
To evaluate the status of immune cell infiltration, immune-related pathways, and immune checkpoints, several appropriate algorithms such as ESTIMATE, CIBERSORT, and ssGSEA were employed. The estimate score, immune score, and stromal score in the high-risk group were significantly higher than in the low-risk group based on the ESTIMATE algorithm, in contrast to tumour purity (Figures 8C–F). The CIBERSORT results show that the proportion of plasma cells, resting and activated memory CD4 T cells, follicular helper T cells, regulatory Tregs T cells, resting NK cells, M0 macrophages, activated dendritic cells, and neutrophils in the high-risk group were elevated compared to the low-risk group. In contrast, the reverse was observed for monocytes, M1 and M2 macrophages, resting dendritic cells, and resting mast cells (Figure 9A). Furthermore, the ssGSEA demonstrated that most immune-related pathways such as antigen presenting cell (APC) co-stimulation, C-C chemokines receptors (CCR), checkpoint, cytolytic activity, inflammation-promoting, parainflammation, T cell co-inhibition, and T cell co-stimulation in the high-risk group had higher enrichment scores than in the low-risk group (Figure 9B). However, there was no difference between both risk groups in HLA, MHC class I, and type I IFN responses (Figure 9B). The enrichment score of cell pathways such as tumour proliferation, epithelial-mesenchymal transition (EMT), angiogenesis, apoptosis, DNA repair, and DNA replication were higher in the high-risk group (Figure 9C).
[image: Figure 9]FIGURE 9 | Immune infiltration, immune status and cell pathway evaluation, and immune checkpoints and m6A-related genes analysis. (A) The violin plot of immune cells proportion of the high-risk and low-risk group via CIBERSORT; The different immune status (B) and cell pathway (C) between the high-risk and low-risk group via ssGSEA; (D) Gene expression analysis of immune checkpoints between the high-risk and low-risk group; (E) Gene expression analysis of m6A-related genes between the high-risk and low-risk group; ns: p ≥ 0.05; *: p < 0.05; **: p < 0.01; ***: p < 0.001.
Notably, the expression of key immune checkpoints was also evaluated and demonstrated that most immune checkpoints such as PDCD1, CTLA-4, and CD28 are upregulated in the high-risk group. However, few immune checkpoints, such as PD-L1 (CD274) and HAVCR2, are downregulated (Figure 9D).
Landscape of gene mutation and m6A-related genes analysis
The incidence of copy number variations and somatic mutations are summarized in Supplementary Figure S1; 254 of 330 (76.97%) ccRCC samples had genetic mutations. Missense mutation was the most common variant classification (Supplementary Figure S1A). Single nucleotide polymorphisms were the most common variant type, and C > T ranked as the top SNV class. The results also demonstrated VHL as the gene with the highest mutation frequency in both risk groups, followed by PBRM1 and TTN (Supplementary Figure S1B).
m6A RNA methylation widely participates in the metabolic recombination of tumour cells (An and Duan, 2022). The differential expression analysis of m6A-related genes was assessed because m6A is one of the drivers of tumorigenesis and progression in various tumours (Yu et al., 2021). For “Writers”, most genes, such as METTL14, RBM15, METTL16, ZC3H13, and PCIF1, were remarkably downregulated in the high-risk group, in contrast to METTL3. Similarly, the expression levels of various genes, such as ZCCHC4, YTHDC1, YTHDF2, YTHDF3, and YTHDC2, were significantly decreased in the high-risk group for “Readers”. FTO and ALKBH5 were also lowly expressed in the high-risk group with regard to “Erasers” (Figure 9E).
TMB, MSI, and drug-sensitivity analysis
TMB and MSI can be used as a possible biomarker for predicting immunotherapy response in cancers (Chang et al., 2018; Samstein et al., 2019). To clarify the relationship between AAM-related gene signature and MSI as well as TMB, we then analysed the correlation between the prognostic gene and TMB as well as MSI. The results indicated a negative correlation between TMB and ACADSB (p = 0.003), but a positive correlation between TMB and NNMT (p = 0.004) as well as PSAT1 (p = 0.009). There was no correlation between TMB and IYD as well as GLDC (Supplementary Figure S2). IYD (p = 0.001) and NNMT (p = 0.048) were positively correlated with MSI. There was no significant correlation between MSI and other genes (Supplementary Figure S2).
IC50 values for several chemotherapy drugs were measured as sensitivity metrics. The results suggest that participants in the low-risk group were more sensitive to several common chemotherapy drugs, including axitinib, bosutinib, sorafenib, sunitinib, and vinblastine, than in the high-risk group (Figure 10). However, there was no significant difference between both groups concerning the sensitivity of gefitinib (Figure 10).
[image: Figure 10]FIGURE 10 | Several common chemotherapy drug sensitivities analyses between the high-risk and low-risk group, ns: p ≥ 0.05; *: p < 0.05; **: p < 0.01; ***: p < 0.001.
Validation of AAM-related prognostic genes
The mRNA and protein expression levels of AAM-related prognostic genes were further validated via the UALCAN and HPA databases. The NNMT gene was highly expressed in primary tumour tissue compared with normal tissue. In contrast, several other genes (IYD, ACADSB, GLDC, and PSAT1) were under-expression (Figure 11A), which was in line with Figure 2C. Further, the promoter methylation level of prognostic genes showed the converse of the gene expression level above (Figure 11B). The protein expression level of several prognostic genes was also validated (Figures 11C, 12A), which was consistent with gene expression levels.
[image: Figure 11]FIGURE 11 | Validation of the mRNA expression levels (A), promoter methylation levels (B), and protein expression levels (C) of AAM-related prognostic genes via UALCAN database, ns: p ≥ 0.05; *: p < 0.05; **: p < 0.01; ***: p < 0.001.
[image: Figure 12]FIGURE 12 | Validation of the protein expression levels of AAM-related prognostic genes via IHC in HPA database (A); Validation of the gene expression levels of IYD (B), ACADSB (C), and PSAT1 (D) based on ccRCC and adjacent tissues via RT-PCR, ns: p ≥ 0.05; *: p < 0.05; **: p < 0.01; ***: p < 0.001.
Additionally, Holstein et al. demonstrated that NNMT expression was apparently up-regulated in renal cancer tissues and cell lines (Holstein et al., 2019). NNMT also had a high protein expression in tissues and cell lines. Chen et al. also showed that GLDC expression was down-regulated in renal cancer tissues and cell lines (Chen Y. et al., 2020). The protein expression level of GLDC in tissues was in line with the RT-PCR results. Thus, this study selected IYD, ACADSB, and PSAT1 for validation since they had not been validated in renal cancer tissues and cell lines. The results of RT-PCR in tissues demonstrated that IYD, ACADSB, and PSAT1 had significantly lower expression levels in cancer tissues than in adjacent tissues, consistent with the predicted results (Figures 12B–D). However, only NNMT, GLDC, and ACADSB remained consistent with the abovementioned results in the renal cancer cell lines (Supplementary Figure S3).
DISCUSSION
The AJCC TNM staging system was implemented as a conventional clinical management tool to guide treatment decision-making. However, its limitations, such as heterogeneous clinical prognosis within the same stage patients, hamper the ability to provide optimal clinical care to patients as clinical traits rather than molecular features are primarily considered. Due to the pivotal importance of AAM for tumour proliferation, invasion, metastasis, and prognosis (Liu et al., 2019; Vettore et al., 2020; Zhao et al., 2021), the current study systematically established a novel consensus signature based on AAM-related genes to investigate the relationship between it and prognosis, immune infiltration, and sensitivity to various chemotherapeutic drugs.
With advancements in bioinformatic techniques, numerous predictive gene signatures have been proposed using various machine learning algorithms. This study develops a novel AMM-related gene signature according to the combination model of Lasso and stepwise Cox (direction = both). This algorithm can further reduce the dimension of variables to construct a robust gene signature more effectively, composed of 5 AAM-related genes. In addition, multivariate Cox regression, Kaplan-Meier survival, and ROC analyses suggest that this gene signature maintained high accuracy and reliability in the TCGA and E-MTAB-1980 cohorts, suggesting great potential for clinical risk stratification. This gene signature was closely associated with clinical traits (gender, T stage, M stage, grade, and tumour stage). To better understand the function of this gene signature in ccRCC, the individual AAM-related genes involved in this signature were highlighted. Previous studies demonstrated that the antioxidant-related gene signature constituted with IYD and five other genes could effectively forecast the prognosis of ccRCC and that IYD was closely associated with prognosis (Ren et al., 2021). Several studies revealed that NNMT was up-regulated, depending on the stage of progression in renal cell carcinoma, and its expression played a critical role in the invasive potential of human ccRCC cells (Tang et al., 2011; Holstein et al., 2019). Yue Wu et al. demonstrated that mitochondrial gene signatures, including ACADSB, could accurately predict OS, and ACADSB had good diagnostic and prognostic abilities in ccRCC (Liu et al., 2021; Wu et al., 2021). Yeda Chen et al. indicated that the expression levels of GLDC were significantly decreased in RCC cell lines compared to the normal cell lines (Chen Y. et al., 2020). Its expression level was down-regulated in RCC samples compared to those in paracancerous normal tissues. The function assay further showed that GLDC overexpression significantly inhibited the migration and invasion of RCC. Yan Zhang et al. reveal that the glycolysis-related gene signature based on PSAT1 had an excellent diagnosis and prognostic value in ccRCC (Zhang et al., 2021). The enrichment scores of cell pathways, such as tumour proliferation, epithelial-mesenchymal transition (EMT), angiogenesis, and apoptosis, were higher in the high-risk group, also suggesting that the AAM-related gene signature plays an essential role in the tumourigenesis and progression in ccRCC. Some studies demonstrated that tumours with higher levels of apoptosis are more aggressive (Morana et al., 2022). Thus, the above-selected gene, consisting of an AAM-related gene signature, plays an essential role in cancer progression and prognosis prediction for ccRCC.
This study also explored the gene signature’s latent biological mechanisms and immune infiltration features. GSEA indicated that cell growth and cell cycle pathways such as base excision repair were mostly enriched in the high-risk group. Likewise, the low-risk group’s lipid and glucose metabolism-related pathways were extraordinarily activated. The status of immune infiltration, immune-related pathways, and immune checkpoints were further evaluated using the appropriate algorithms. The estimate score, immune score, and stromal score are remarkably elevated in the high-risk group, which suggested elevated immune activity in this subgroup. When CIBERSORT was used to assess the proportions of 22 immune cell subsets, the results showed that most immune cells, including plasma cells, resting and activated memory CD4 T cells, follicular helper T cells, regulatory Tregs T cells, resting NK cells, M0 macrophages, activated dendritic cells, and neutrophils, were significantly higher in the high-risk group than in the low-risk group. Regulatory T cells (Tregs) are up-regulated in high-risk tumours. Tregs as immunosuppressive cells helps to suppress antitumour T cell responses. It can yield immunosuppressive cytokines and immune-inhibitory receptors that impair the activation of antitumour T cells (Speiser et al., 2016). Macrophages, found in all stages of tumour progression, were particularly abundant in the tumour. It was also immunosuppressive, preventing tumour cell attacks by natural killer and T cells (Noy and Pollard, 2014). M1 (antitumour) and M2 (pro-tumour) phenotypes may represent various function states rather than truly different cell types (Noy and Pollard, 2014). Zhang et al. (2019) demonstrated that the high proportion of M0 macrophages was closely associated with worse poor outcomes, which might reflect their gradual function differentiation. Immune functions are evaluated via the ssGSEA algorithm, which indicate that the APC co-stimulation, CCR, immune checkpoint, cytolytic activity, inflammation-promoting, parainflammation, T cell co-inhibition, and T cell co-stimulation were up-regulated in the high-risk group. Appropriate stimulation of APCs is essential for initiating and maintaining the immune response (Gallucci and Matzinger, 2001). Chemokines and chemokine receptors also play a crucial role in cancer, especially during metastasis (Zlotnik, 2006). The immune cytolytic activity, along with the existence of complicated associations among various tumour-infiltrated immune cells, elicits immune suppression in kidney cancer (Roufas et al., 2018). Inflammation has been demonstrated to promote the proliferation and metastasis of cancer (Coussens and Werb, 2002). Aran et al. demonstrated that parainflammation, a low-grade form of inflammation, which is widely prevalent in human cancer, is associated with a poor prognosis and p53 mutations (Aran et al., 2016). Co-stimulation and co-inhibition of T-cell activation involves a range of functions that determines T-cell-mediated immune responses (Chen and Flies, 2013). T-cell co-stimulation promotes T-cell activation whereas co-inhibition suppresses T-cell activation (Bour-Jordan et al., 2011). Co-stimulation may be balanced by co-inhibition in the high-risk group (Saleh et al., 1990). Most key immune checkpoints such as PDCD1, CTLA-4, and CD28 were upregulated in the high-risk group. These results above highlight that the high-risk group indicates an immunosuppressive microenvironment. Previous studies also propose a “glutamine steal” scenario, in which cancer cells deprive tumour-infiltrating lymphocytes of the required glutamine, thereby impairing the antitumour immune response (Edwards et al., 2021). The tumour cells may impair the metabolism of immune cells in the tumour microenvironment through high uptake of amino acids, contributing to the immune escape. Thus, the AAM-related gene signatures might down-regulate antitumour immune cells, which enhances the immune escape of ccRCC.
N6-methyladenosine (m6A) is the most abundant type of RNA modification in most eukaryotes (Liu and Pan, 2016). Some studies demonstrated that m6A modification is closely related to the tumour immune landscape in ccRCC (Zhong et al., 2021). m6A RNA methylation participate in the metabolic recombination of tumour cells (An and Duan, 2022). m6A is closely linked to various tumours as one of the drivers of tumourigenesis and progression (Yu et al., 2021). Therefore, the special relationship between the expression level of the m6A-related gene and the prognostic signature was considered. Previous studies suggested that the risk signature based on m6A RNA methylation regulators, METTL3 and METTL14, was of great value for prognosis prediction and closely associated with clinicopathological traits in ccRCC (Zhang et al., 2020). Jiaxun Zhao et al. showed superior survival in patients with either high FTO mRNA or low METTL3 mRNA via survival analysis (Zhao and Lu, 2021). Other studies also demonstrated that the expression levels of METTL3 was intimately associated with tumour size and histological grade (Li et al., 2017). METTL3 can affect cell function and serve as a novel marker for the progression and survival of renal cell carcinoma (Li et al., 2017). Our findings support this correlation, indicating that AAM-related gene signatures could be highly correlated with m6A modification and further explain the effect of AAM on tumourigenesis and progression in ccRCC.
There are several limitations to this study. The signature failed to be validated via our cohort in this study, due to the small samples, and further clinical trials are required for validation. Secondly, the molecular mechanisms of several prognostic genes and their relationship with tumour immunity and m6A modifications should be further investigated.
CONCLUSIONS
The study developed a novel AAM-related gene signature and constructed a nomogram based on signature and other clinical traits to predict the OS of ccRCC via multiple algorithms. The nomogram can reliably predict the prognosis, which may contribute to optimising precision treatment and further improve the clinical outcome of ccRCC. More importantly, the gene signature was closely related to clinicopathological traits, immune cell infiltration, immune checkpoints, immune-related functions, m6A modification, and sensitivity to chemotherapeutic drugs.
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Background: Patients with uterine corpus endometrial carcinoma (UCEC) may be susceptible to the coronavirus disease-2019 (COVID-19). Long non–coding RNAs take on a critical significance in UCEC occurrence, development, and prognosis. Accordingly, this study aimed to develop a novel model related to COVID-19–related lncRNAs for optimizing the prognosis of endometrial carcinoma.
Methods: The samples of endometrial carcinoma patients and the relevant clinical data were acquired in the Carcinoma Genome Atlas (TCGA) database. COVID-19–related lncRNAs were analyzed and obtained by coexpression. Univariate, least absolute shrinkage and selection operator (LASSO), and multivariate Cox regression analyses were performed to establish a COVID-19–related lncRNA risk model. Kaplan–Meier analysis, principal component analysis (PCA), and functional enrichment annotation were used to analyze the risk model. Finally, the potential immunotherapeutic signatures and drug sensitivity prediction targeting this model were also discussed.
Results: The risk model comprising 10 COVID-19–associated lncRNAs was identified as a predictive ability for overall survival (OS) in UCEC patients. PCA analysis confirmed a reliable clustering ability of the risk model. By regrouping the patients with this model, different clinic-pathological characteristics, immunotherapeutic response, and chemotherapeutics sensitivity were also observed in different groups.
Conclusion: This risk model was developed based on COVID-19–associated lncRNAs which would be conducive to the precise treatment of patients with UCEC.
Keywords: endometrial carcinoma, COVID-19–associated lncRNA, TCGA, OS, prognostic model
INTRODUCTION
Uterine corpus endometrial carcinoma (UCEC) has been found as the second incident carcinoma and the leading cause of death among female carcinoma patients for its high recurrence rates (Shen et al., 2018; Zhang et al., 2019). It is an endometrial epithelial malignancy with a high mortality rate and a severe threat to women’s health (Chen et al., 2016; Morice et al., 2016). Non-estrogen–dependent tumors have a lower incidence, but are highly malignant and have a poor prognosis (Suarez et al., 2017; Tang et al., 2019). In recent years, the survival rate of patients with advanced UCEC and metastatic endometrial carcinoma has decreased significantly (Carlson and Nastic, 2019). In patients with metastases, conventional first-line treatment is ineffective and can cause more severe damage to normal cells. Increasing studies have shown that some patients could show contrasting clinical outcomes and characteristics within the identical stage group. Thus, there is an urgent need for more effective and accurate methods to predict the survival of patients with UCEC (Geng et al., 2020). As a new pillar of modern carcinoma treatment, immuno-oncology is revolutionizing carcinoma therapy (Miller et al., 2019).
Tumor mutation burden (TMB) is a novel biomarker that refers to the total number of mutations in tumor tissue (Yang et al., 2022). A large amount of evidence indicates that the tumor mutation burden is related to immunotherapy in carcinoma patients, so it is necessary to study further the immune invasiveness of TMB on UCEC (Jones et al., 2020). Therefore, we focused on investigating the clinical prognosis of UCEC related to TMB and immune function.
Coronavirus disease-2019 (COVID-19) has been detected in Wuhan, Hubei Province, China since December 2019 (Zhang et al., 2021). Carcinoma patients have been reported to be at higher risk of severe events with COVID-19, mainly due to systemic immunosuppression caused by malignancy and anticarcinoma treatments such as chemotherapy or surgery (Longbottom et al., 2016). The poorer prognosis for carcinoma patients from COVID-19 is a timely reminder that we should take carcinoma patients more seriously (Zhou et al., 2020). However, the prognosis of COVID-19 patients with UCEC is still unclear. Our research focuses on the immune molecular characteristics of UCEC and immunotherapeutic intervention. With the in-depth study of lncRNAs and the immune system, scholars have realized that COVID-19–related lncRNAs are potential prognostic biomarkers and may provide new treatment options (Ma et al., 2020; Yang et al., 2020). However, we used Cox and lasso regression analysis to identify a COVID-19–related lncRNA molecular feature for UCEC patients.
Here, we analyzed TCGA dataset of lncRNA expression in UCEC and screened for lncRNA markers related to COVID-19. Our results validate a risk scoring model for 10 COVID-19 immunization–associated lncRNAs. The model can be used as a reliable prognostic predictor and the 10 lncRNAs can be used as potential therapeutic targets for endometrial carcinoma.
METHODS AND METHODS
Data source
The transcriptome profiles were obtained, and clinical information of the UCEC cohort was extracted separately from TCGA database. Patients with missing OS data were excluded from the statistical study to avoid further biases. Last, we acquired entire TCGA dataset consisting of 541 patients (Li et al., 2020a).
Selection of COVID-19 genes and COVID-19–associated lncRNAs
Genes related to COVID-19 were selected from the GeneCards database, OMIM database, and NCBI gene function module (Li et al., 2021). Pearson correlation analysis was performed to filter COVID-19–associated lncRNAs. Based on the criteria of Pearson |R| > 0.3 and p < 0.001, 1263 COVID-19–associated lncRNAs were identified (Li et al., 2020b; Deng et al., 2020; Hu et al., 2020).
The construction and verification of the risk score
Entire TCGA was divided into training and testing sets. Where the training set was built, a COVID-19–associated lncRNA model and the testing set and the whole set were available to ensure the model’s performance. Combined with the UCEC survival information in TCGA, 40 COVID-19–associated lncRNAs were filtered out by performing the univariate Cox regression (p < 0.05). The application of multi-factor COX regression was then used to analyze the 18 COVID-19–associated lncRNAs, and a 10 COVID-19–associated lncRNA risk model was ultimately established. The subsequent formula was applied to compute the risk score as the previous research (Xu et al., 2020a). The UCEC patients were segmented into low-risk or high-risk groups based on average risk scores (Xu et al., 2020b).
Principal component and Kaplan–Meier survival analyses
Principal component analysis (PCA) was used for effective dimensionality reduction, model identification, and grouping visualization of high-dimensional data of the entire gene expression profiles, COVID-19 genes, COVID-19–associated lncRNAs, and risk model according to the expression patterns of the 10 COVID-19–associated lncRNAs. The patients’ survival analysis adopted log-rank tests and Kaplan–Meier curves to analyze statistical differences between low- and high-risk score groups (Zhao et al., 2020).
Chemotherapeutic and immunotherapeutic response predictions
We projected the 50% maximum inhibitory concentration (IC50) of chemotherapeutic agents in UCEC with the R package pRRophetic. The aforementioned relevant information was collected at the GDSC (Lu et al., 2019). TMB was defined as mutations per megabase in the genome and is an emerging therapeutic measure of sensitivity to immunotherapy (Chalmers et al., 2017). The TMB score of the respective patient with UCEC was obtained and divided by the size of the coding region of the target region.
RESULTS
Data source and processing
We obtained 13,413 lncRNA expression and 339 COVID-19 gene expression profiles from UCEC RNA sequencing data in TCGA. By coexpression analysis of the immune gene list, we obtained 1,262 COVID-19 immunization–associated lncRNAs (|Pearson R|>0.3, p < 0.001), (Supplemental Figure S1). The entire group was then used to observe the clinical profile, immunological profile, and chemotherapy outcomes of patients in the high-risk and low-risk groups.
Identification and validation of the COVID-19–associated lncRNA model in uterine corpus endometrial carcinoma patients
The entire TCGA data were randomly assigned to the training and experimental groups, of which 325 patient samples were assigned to the training group and 216 patient samples were allocated to the experimental group. We performed a univariate Cox regression analysis of the expression profiles of COVID-19–associated lncRNAs in the training set and obtained 40 lncRNAs that were significantly related to OS, (p < 0.01) (Figure 1A). We performed LASSO-penalized Cox analysis to select 18 lncRNAs related to COVID-19 that were significantly related to OS (Figures 1B,C). Ten COVID-19 immunization–associated lncRNAs were obtained, namely, AP001107.9, LINC01116, AP002761.4, AL121906.2, BX322234.1, RAB11B-AS1, AC009283.1, AC080013.4, AC019080.5, and VIM-ASI (Figure 1D). The expressions of all the 10 COVID-19 immune–associated lncRNAs in UCEC are presented in Figure 1D.
[image: Figure 1]FIGURE 1 | Identification and construction of a prognostic model for COVID-19–associated lncRNAs in UCEC patients. (A) Univariate Cox regression analysis revealed that the selected lncRNAs are significantly correlated with clinical prognosis. (B–C) Risk score system was constructed using the LASSO Cox regression model. (D) Multivariate Cox regression analysis shows independent prognostic lncRNAs.
The average risk score is a non-negligible basis for classifying low- and high-risk groups in UCEC samples. The general condition of risk scores in the two groups were described in Figures 2A,B showed the distinctions between the survival state and survival period of the low-risk group and the high-risk group. The associated expression situations of the 10 COVID-19–associated lncRNAs per patient are illustrated in Figure 2C.
[image: Figure 2]FIGURE 2 | Prognosis ability of the risk model of the 10 COVID-19–associated lncRNAs in the training set. (A) Distribution of COVID-19–associated lncRNA model–based risk score. (B) Situations of the survival period and survival state between high- and low-risk groups. (C) Clustering analysis heatmap shows the expression levels of the 10 prognostic lncRNAs for the respective patient. (D) Kaplan–Meier survival curves of OS of patients in the high- and low-risk groups. (E) 1-, 2-, and 3-year ROC curves for OS prediction in accordance with COVID-19–associated lncRNAs.
Significantly, the OS of the lower-risk group was shorter than that of the high-risk group in the Kaplan–Meier survival analysis (p < 0.001) (Figure 2D). The ROC curves revealed that the COVID-19–associated lncRNA model exhibited a potentiality to forecast OS (1-year AUC = 0.774, 2-year AUC = 0.803, and 3-year OS = 0.837; Figure 2E).
Proving the predictability of COVID-19–associated lncRNA model, the risk scores for the respective patient were obtained in the testing and the whole set used the same formula. Figure 3 depicts the distribution of risk scores, the survival period and survival state, and the expression of the COVID-19–associated lncRNAs in the testing set (Figures 3A–C) and the whole set (Figures 3F–H). This study had higher OS in the UCEC high-risk group, which is consistent with the training set results. Kaplan–Meier survival analysis carried out the testing and the whole set coincided with the outcomes in the TCGA training set: patients with the UCEC with lower-risk scores had longer OS (Figures 3D,I). The ROC analysis illustrated that the COVID-19–associated lncRNA model had accurate predictability on UCEC in the testing set (1-year AUC = 0.774, 2-year AUC = 0.698, and 3-year AUC = 0.675; Figure 3E) and the whole set (1-year AUC = 0.772, 2-year AUC = 0.771, and 3-year AUC = 0.793; Figure 3J).
[image: Figure 3]FIGURE 3 | Prognosis ability of the risk model of the 10 COVID-19–associated lncRNAs in the testing and whole sets. Distribution of the risk score, OS, gene expression, survival analysis, and ROC curves for forecasting OS in the (A–E) testing set and (F–J) entire set.
Afterward, stratified by the universal clinicopathological parameters, the discrepancies in OS between the two risk groups were analyzed in the TCGA whole set. Just as depicted in Figure 4, the low-risk group had continuously better OS than the high-risk group when classified by age, histological type, and tumor stages.
[image: Figure 4]FIGURE 4 | Kaplan–Meier analysis of overall survival for UCEC patients according to age, event, histological type, and tumor stage.
Principal component analysis further verifies the grouping ability of the COVID-19–associated lncRNA model
PCA examines differences between low- and high-risk groups based on the entire gene expression (Figure 5A), COVID-19 genes (Figure 5B), COVID-19–associated lncRNA genes (Figure 5C), and the risk model (Figure 5D). Our model results manifested that the low- and high-risk groups are generally distributed in different directions. Nevertheless, the distribution of the high-risk and low-risk groups shown in Figures 5C,D is relatively dispersed, which confirms that our prognostic characteristics were able to distinguish between the high- and low-risk groups.
[image: Figure 5]FIGURE 5 | Principal components analysis between low- and high-risk groups based on (A) the entire gene expression, (B) COVID-19 genes, (C) COVID-19–associated lncRNAs, and (D) the risk model.
Clinical evaluation by the risk assessment model
We explored the relationship between the risk model and clinicopathological characteristics. Operated by the Wilcoxon signed-rank test, the strip chart and consequent scatter diagrams showed that age(Figure 6A), event (Figure 6B), histological type (Figure 6C), and survival state (Figure 6D) were obviously correlated to the risk. Univariate and multivariate Cox regression analyses were further utilized to probe whether the COVID-19–associated lncRNA model was independent of current clinical pathological prognostic indicators. To evaluate the sensitivity and specificity of the predictability of this risk score in the prognosis of patients with UCEC, the concordance index was obtained. The consistency index of the risk score outperformed other clinical factors over time, suggesting that the risk score can be beneficial to the prognosis of UCEC.
[image: Figure 6]FIGURE 6 | Clinical evaluation by the risk assessment model. (A–D) Scatter diagram shows the (A) age, (B) event, (C) histological type, and (D) clinical stage.
Evaluating correlations of the COVID-19–associated lncRNA model with immunotherapeutics and chemotherapeutics in patients with uterine corpus endometrial carcinoma
To explore the relationship between the risk model and tumor-infiltrating immune cells, we used seven standard acceptable methods to estimate the immune infiltrating cell (Hong et al., 2020). The result showed that the risk model was related to the tumor immune micro-environment (Figure 7A). To explore the immunotherapeutic response, we detected the expression of TMB. As presented in Figure 7B, high-risk patients had a lower expression of TMB than low-risk patients, indicating that immunotherapy may be beneficial for low-risk patients. Common chemotherapeutics (e.g., gemcitabine and cisplatin) were adopted to identify the potential clinical efficacy in treating patients with UCEC. The result showed that low-risk was associated with a higher half inhibitory centration (IC50) of chemotherapeutics such as gemcitabine and cisplatin, which indicated that the model acted as a potential predictor for chemosensitivity (Figures 7C,D). Collectively, the aforementioned data highlight the potential clinical significance of the proposed model in the identification of immunotherapeutics and chemotherapeutics in patients with UCEC.
[image: Figure 7]FIGURE 7 | Evaluating correlations of the COVID-19–associated lncRNA model with immunotherapeutics and chemotherapeutics in patients with UCEC. (A) Tumor-infiltrating immune cells and (B) TMB differences in high- and low-risk groups. (C–D) Differential response of chemotherapeutics such as (C) gemcitabine and (D) cisplatin based on IC50 for UCEC patients in high- and low-risk groups.
DISCUSSION
UCEC has been found as one of the most ordinary types of gynecologic malignancy worldwide with rising incidence and mortality rates (Wang et al., 2020). Currently, cancer treatment methods for UCEC include surgery, chemotherapy, and radiotherapy (Liu et al., 2020). These treatments can cure cancer in the early stage, but they are often ineffective for cancer in the late or recurrent stage. Immunotherapy is an effective treatment for cancer, mainly for the clinical treatment of recurrent or metastatic tumors (Igarashi and Sasada, 2020; Quaglino et al., 2020). Basic and clinical studies have shown that antitumor immunity plays a key role in the development and progression of cancer (Cha et al., 2020). Patients with UCEC reflect resemble clinical features, but due to molecular heterogeneity, they have distinct clinical results (Li et al., 2020c). Recently, a few research studies have reported that long non–coding RNAs (lncRNAs) as biomarkers have a promising ability for diagnosis and prognostics in different types of UCEC (Sun et al., 2017; Ye et al., 2020). Moreover, lncRNAs have highlighted the vital roles in tumorigenesis and development (Gutschner and Diederichs, 2012; Zhou et al., 2018). Nevertheless, the function of COVID-19–associated lncRNAs in UCEC remains indistinct (Piergentili et al., 2021).
COVID-19 is an emerging and rapidly evolving epidemic disease (Severe Outcomes Among Patients with, 2020), and specific treatments for 2019 coronavirus disease have not yet been developed for the current global infection rate. Meanwhile, the incidence of malignant diseases such as carcinoma has increased rapidly in recent decades (Chandy et al., 2020). Patients with carcinoma have weakened immune systems, develop immunosuppression and immune dysfunction, and any external infection can worsen their health (Liu et al., 2020; Rahman et al., 2021). However, the risk profile, prognosis, and treatment outcome of carcinoma patients remain unclear. There are few studies on the mechanism of COVID-19–associated lncRNAs in UCEC currently. Some research studies about identifying reliable biomarkers for UCEC prognosis prediction have been carried out. According to the current literature, we analyzed the incidence, clinical features, and treatment outcome of UCEC patients infected with COVID-19. Patients with UCEC are susceptible to COVID-19 and the prevalence of the disease in patients with UCEC may worsen treatment. This study aimed to deepen research to gain more insights into the biological effect and prognosis of COVID-19 infection in patients with UCEC and then improve the clinical management of the earlier patients.
Even to this day, traditional clinicopathological features are still the most crucial contributing factors affecting the diagnosis and treatment of UCEC (Liu and Jing, 2022). The existing clinical characteristics are insufficient to accurately predict the prognosis, probably to the extent that there are differences in the prognosis of patients with similar clinical features (Li and Wan, 2020). In the current study, the lack of a validation cohort limits the prognostic value of biomarkers. We used Cox and lasso regression analyses to identify a new immune-related lncRNA molecular feature. Then, UCEC patients were effectively divided into the high-risk group and low-risk group in the test group and the entire group. Compared with the high-risk group, the overall survival time of the low-risk group was significantly longer. In addition, the results showed good predictive performance and proved to be repeatable and reliable for cancer prognosis. In this study, our model was a robust independent prognostic factor in OS prediction with high accuracy. Importantly, a concordance index was established, combining the risk model with UCEC clinical data, to predict OS, implying that COVID-19–associated lncRNAs as a signature was better at predicting the 1‐, 2‐and 3‐year OS of patients with UCEC.
In this study, we established an immune prognostic feature to observe the immune status of UCEC patients and predict clinical results. Our data show a significant correlation between prognostic characteristics and tumor grade in terms of the clinical effect (p < 0.001), which means that the risk score calculated by our model is significantly higher in advanced cases. In addition, when patients are stratified by age, the constructed prognosis model also shows the potential to predict the differential prognosis between high-risk and low-risk groups (<60 and ≥60), histological type (endometrioid endometrial adenocarcinoma and serous endometrial adenocarcinoma), clinical stages (I + II and III + IV), and event (alive and dead). This shows that this study is effective in predicting the prognosis of patients under different clinical and pathological conditions. Next, PCA confirmed that our prognostic characteristics have good grouping ability. The model constructed in this study has played its advantages in preliminarily determining the prognosis of patients and adjusting the treatment plan according to the expression of immune genes and the level of immune cell infiltration.
The current study adopts a new prognostic method for immune-related endometrial cancer. We performed more functional studies on 10 COVID-19–associated lncRNAs to further discover potential immune-related mechanisms. It is worth noting that we are currently conducting clinical validation and mechanism interpretation of these results. In various studies, gene expression differences between cancer and normal tissues were compared to screen prognostic genes. This may omit genes with slight differences, but these genes with insignificant differences may have a great impact on the biological behavior of tumors, chemotherapy, immunotherapy, and other factors affecting the survival of patients. This study is the first to report external validation of the established COVID-19–associated lncRNA characteristics of endometrial cancer. However, 10 COVID-19–related lncRNAs have never been studied in UCEC patients. However, we also recognized that there were still some deficiencies and limitations in the research. First, retrospective data were used, and some heterogeneity may occur among patients with UCEC. Investigators designing more prospective cohort studies could validate the prognostic value of this risk model in a broader population. Second, further extensive molecular experiments are needed to reveal the potential mechanism of COVID-19–associated lncRNAs.
Conclusively, this research provides a promising avenue for facilitating the individualized survival prediction in patients with UCEC and may clarify the mechanism and process of lncRNA COVID-19 modification. Furthermore, the predictive model is conducive to screening clinical adaptation in patients with UCEC who respond well to chemotherapy and immunotherapy.
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With continued advances in cancer research, the crucial role of the tumor microenvironment (TME) in regulating tumor progression and influencing immunotherapy outcomes has been realized over the years. A series of studies devoted to enhancing the response to immunotherapies through exploring efficient predictive biomarkers and new combination approaches. The microfluidic technology not only promoted the development of multi-omics analyses but also enabled the recapitulation of TME in vitro microfluidic system, which made these devices attractive across studies for optimization of immunotherapy. Here, we reviewed the application of microfluidic systems in modeling TME and the potential of these devices in predicting and monitoring immunotherapy effects.
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INTRODUCTION
The tumor microenvironment (TME), as the soil of tumor growth and metastasis, is a complex and dynamic ecosystem mainly consisting of cellular components (i.e., stromal cells, immune cells, tumor cells) and noncellular components (i.e., extracellular matrix (ECM), vascular networks, cytokines, chemokines, etc.). The stromal cells including but not limited to endothelial cells, mesenchymal cells, and fibroblasts are crucial in facilitating and sustaining tumor cells. Within the TME, tumor cells mostly communicated with other cells through ECM and the secretion of molecules such as cytokines, growth factors, and lipid mediators (Hanahan and Coussens, 2012). The various immune cells play an important role in the complexity of TME (Hinshaw and Shevde, 2019). On the one hand, immune cells could be tumor-suppressive to inhibit tumor progressions, like the ability of CD8 T cells and natural killer (NK) cells to directly kill tumor cells. On the other hand, the immune cells could be tumor-supporting, such as myeloid-derived suppressor cells (MDSCs), regulatory T cells (Tregs), and type 2-polarized macrophages (M2), promoted the proliferation, metastatic dissemination even immune evasion of tumors (Hinshaw and Shevde, 2019).
The complex and vital role of TME in oncogenesis and tumor progression promoted a significantly increased number of relevant research, in which the multi-omics analysis showed promising advantages in recognizing the complexity of TME and tumor immunological heterogeneity. The multi-omics data analysis was also adopted to investigate the correlation between the genetic or epigenetic characteristics and the TME infiltration pattern in lung adenocarcinoma (LUAD) based on The Cancer Genome Atlas (TCGA) database, and successfully constructed a significant prognostic model (Zhang et al., 2020). Additionally, the TME of urothelial cancer (UC) has been comprehensively evaluated by the use of multi-omics analysis (Chu et al., 2021). A computational tool was developed by Zeng et al. (2021) for effective Immuno-Oncology Biological Research (IOBR). This tool not only succeed in decoding the TME and signature but also promoted the exploration of the immune-tumor interactions based on multi-omics analysis.
With the increasing evidence revealing the significance of TME in regulating tumor progression and the response to anti-tumor therapy, immunotherapies targeting TME have been widely expanded these years (Pitt et al., 2016a; Bejarano et al., 2021). The development of immune checkpoint blockade (ICB) immunotherapy started a new era of tumor therapy. The immune checkpoint inhibitors (ICIs) targeted cytotoxic T-lymphocyte-associated protein 4 (CTLA4) or the programmed cell death protein 1/programmed cell death ligand 1 (PD-1/PD-L1) axis have been applicated in clinical treatment and at a certain degree improved prognosis of patients with malignant tumors including melanoma, non–small cell lung cancer (NSCLC), head and neck cancer, renal cell cancer, urothelial carcinoma (Brahmer et al., 2012; Powles et al., 2014; Sharma and Allison, 2015), etc. In addition, many other therapeutic drugs targeting novel immune checkpoints (i.e., TIGIT, LAG3, TIM3) are being tested in clinical trials (Bejarano et al., 2021).
Nonetheless, the effect of immunotherapy is still unsatisfactory as the increased resistance and the comparatively low response of patients to these treatments (Pitt et al., 2016b; Ventola, 2017; Yarchoan et al., 2017). Thus, a huge number of researches focused on exploring effectively predictive biomarkers or combination therapies to improve clinical outcomes of immunotherapy. In this regard, microfluidic-based devices enabled mimicking the whole TME in vitro, have been widely used in modeling the TME of different tumors. Therefore, microfluidic technology promoted research on optimizing tumor immunotherapy furtherly based on the various microfluidic tumor models.
MICROFLUIDIC TECHNOLOGY
Microfluidics is a rapidly developed technology that made it possible to manipulate fluids flowing in channels of tens to hundreds of micrometers in size (Whitesides, 2006). With the consistent improvement of past years, microfluidics has exhibited excellent properties and has been applicated in diverse files including chemistry, engineering, biology, as well as medicine (Sackmann et al., 2014).
The manufacturing of microfluidic devices generally begins with using photolithography to create the mold, and then PDMS or other alternative materials were poured into the mold and cured, finally to form a PDMS microfluidic device with hollow microchannels. The unique microfluidic channels enabled the precise manipulation of flow such as mixture and separation of tiny fluids, chemical reactions, and microanalysis, which made the microfluidic chips attractive in the screening of rare cells, gene sequencing, separation and analysis of single-cell, extraction and purification of information RNA and so on. In this regard, microfluidic technology exhibited great potential in single-cell-omics analyses. For instance, an integrated proteomics chip (iProChip) based on microfluidic technology was designed and coupled with data-independent acquisition (DIA) mass spectrometry (MS) for the in-depth microproteomics identification and quantification (Gebreyesus et al., 2022). This microfluidic chip demonstrated sensitivity and robustness in the analyses of on average ∼1,500 protein groups across 20 single cells. In addition, the traditional single-cell genetic studies lack the spatial information of the cell, while the deterministic barcoding in tissue for spatial omics sequencing (DBiT-seq) could be a promising solution to this problem (Liu et al., 2020). The DBiT-seq is based on the principle of encoding tissues on chips using microfluidic technology, and then using deterministic barcodes in the tissues for spatial multi-omics sequencing, thus enabling the co-mapping of mRNAs and proteins in tissue slides (Liu et al., 2020).
Furthermore, certain properties of microfluidic chips, also called labs-on-chips, such as light size, low sample dose, accurate control of fluids, rapid, and parallel sample processing, have prompted the increasing application of organs-on-chips or tissues-on-chips in tumor-relevant research. Microfluidic chips, made of optical plastic, glass, PDMS, or other special polymers, are microfluidic devices designed for cell culture. Different from traditional 2D cell culture models, organ chips with microchannels allowed the fluids to flow across the cell chambers, which enabled the recapitulation for in vivo physical conditions such as vascular perfusion, air-liquid interfaces, shear stresses as well as the physical and chemical gradients (Murugesan et al., 2017; Liu et al., 2021). For instance, microfluidic chips were used to culture the human‐induced pluripotent stem cells (hiPSCs)‐derived hepatocytes-like cells (HLCs) (Danoy et al., 2021). And the multi‐omics analysis of the chip demonstrated a typical signature of a liver regenerative process, which provided an original overview of the sophisticated mechanisms of liver regeneration by the use of microfluidic technology (Danoy et al., 2021). In addition, some sophisticated organ chips even succeed in modeling organ-relevant mechanical activity by manipulating the organotypic tissue interfaces with the designed hollow side chambers (Choi et al., 2015; Hassell et al., 2017). Microfluidic chips have shown prominent advantages in faithfully and precisely recapitulating the physiology and pathophysiology at the organ-level and tissue-level in a series of studies on gut (Beaurivage et al., 2019; Xiang et al., 2020), lung (Huh et al., 2010; Benam et al., 2016; Zamprogno et al., 2021), kidney tubules and glomeruli, bone marrow, and so on (Jang et al., 2013; Torisawa et al., 2014; Musah et al., 2018).
MICROFLUIDICS IN MODELING TUMOR MICROENVIRONMENT
Given the unique properties of the microfluidic system in recapitulating the structure, function, physiological and pathological characteristics of human tissues and organs, these devices have been widely used to effectively mimic and analyze tumor microenvironment in vitro, and to compensate for the lack of complexity and heterogeneity of tumor microenvironment in traditional 2D cell culture. With the increased application of microfluidics in TME modeling, the successes of microdevices in replicating several steps of metastatic cascade (i.e., cancer cells invasion, migration and adhesion, intravasation and extravasation) revealed the great potential of microfluidic technology in cancer metastatic research.
An increased number of studies are focused on the application of microfluidic technology in modeling the extracellular matrix (ECM) of TME which could promote the invasion, migration, and metastasis of cancer. For example, a microfluidic device created via the microfluidic called LumeNEXT was adopted to mimic the breast cancer TME in vitro, and furtherly explored the effect of interactions between ECM and fibroblast on cancer invasion (Figure 1A) (Lugo-Cintron et al., 2020a). This device contained several tumor lumens filled with the mixed solution of breast cancer cells and collagen and surrounded by the collagen matrix containing fibroblasts, aimed to simulate the interaction between cancer cells and stromal cells. It was found that the migration of MDA-MB-231 cells was significantly increased when co-cultured with matrix-embedded cancer-associated fibroblasts (CAFs) compared with those seeded in the normal fibroblasts matrix (HMFs) in this microfluidic device. In another 3D cell culturing microfluidic device, the solution mixed hydrogel and SUM-159 breast cancer cell obtained from a TNBC patient was injected into the tumor region, and the type I collagen contained the CAF or normal fibroblasts (NF) was added to the stromal region, modeling the cancer cells migrate into the normal region and detecting the influence of CAF on this invasion (Truong et al., 2019). It was found that compared with NFs, CAF expressed a tumor-promoting behavior showed as enhancement of cancer cells proliferation, migration as well as cell aspect ratio. Meanwhile, this research showed that CAF improves the invasion of breast cancer cells via inducing the expression of glycoprotein non-metastatic B (GPNMB) on cancer cells in the 3D microenvironment. Another 3D culture model, integrated 3D tumor spheroids (TSs), and CAF on a microfluidic chip was used to recapitulate the interaction between TSs and fibroblasts (Jeong et al., 2016). The alginate (Alg) or alginate-alginate sulfate (Alg/Alg-S) hydrogels were applied to generate the tumor-stoma scaffolds along with breast cancer cells in a high throughput microfluidic system, recapitulating the breast cancer TME Figure 1B (Berger Fridman et al., 2021). This study demonstrated a transformation of macrophages from proinflammatory to immunosuppressive phenotype in Alg/Alg-S hydrogel and confirmed the proteins involved in immunomodulation and cellular interactions upregulating within Alg/Alg-S. This high throughput microfluidic device contained 1,000 docking sites ranking as 40 rows and 25 columns, supporting a rapid and efficient way to generate a complex and dynamic breast TME in vitro model.
[image: Figure 1]FIGURE 1 | Microfluidic devices in ECM modeling. (A) A 3D microfluidic cell co-culture model was used to mimic the breast cancer TME and furtherly explore the effect of interactions between ECM and fibroblast on cancer invasion. i) The photograph and schematic depict of this microdevice. ii) A top view image showing the MDA-MB-231 cells co-cultured with NF or CAF 1 h after seeding. Reproduced from Karina et al. (Lugo-Cintron et al., 2020a) Copyright 2020 Cancers. (B) A high-throughput microfluidic system designed for recapitulating the breast cancer TME. i) Schematic representation of the microfluidic device. ii) Droplet generation, with MCF7 cells labeled with CFSE (green) and CCD1 129SK human mammary fibroblasts labeled with CMAC (blue). iii) Mixed the cells in Alg or Alg/Alg-S hydrogels to generate scaffolds, and then the mixture was infused into the device for droplet generation and final cross-linking. Reproduced from ref. (Berger Fridman et al., 2021) with permission from Acta Biomaterialia.
Microfluidic technology promoted the development of a complicated vascularized in vitro model to imitate the TME. In a microfluidic platform with three parallel microchannels, modeling the tumor vasculature through the generation of blood vessel networks formed with endothelial cells, fibroblasts, and colorectal cancer (CRC) cells within the central channel (Figure 2A) (Song et al., 2021). And then introduced NK cells into the vessel via the side channel. It was found that NK cells presented high cytotoxicity in consensus molecular subtypes1 (CMS1) CRC cells in this tumor vasculature model. This platform contained 28 wells that allowed performing various high-throughput experiments ranging from interactions of immune and cancer cells within TME to drug screening for immunotherapy. A network platform with interconnected microfluidic channels was created to mimic a highly vascularized system. This novel microfluidic platform imitated the interactions between tumor cells and vasculature, and succeed in modeling vessel leakiness presented in the TME (Figure 2B) (Michna et al., 2018).
[image: Figure 2]FIGURE 2 | Microfluidic devices in recapitulating the tumor vasculature and lymphatic vessel. (A) A high-throughput microfluidic platform with three parallel microchannels designed for modeling the tumor vasculature. i) The photograph and schematic depict of this microdevice. ii) The blood vessel networks were formed with endothelial cells, fibroblasts, and CRC cells within the central channel. Reproduced from Song et al. (Song et al., 2021) Copyright 2021 Song, Choi, Koh, Park, Yu, Kang, Kim, Cho and Jeon. (B) A network platform with interconnected microfluidic channels for modeling a highly vascularized system. i) The design of this microvascular network platform. ii) Isometric view of the co-culture network. Reproduced from ref. (Michna et al., 2018) with permission from Biotechnol Bioeng. (C) A microfluidic device was designed to generate lymphatic vessels (LVs) within a collagen hydrogel. i) Schematic representation of the microfluidic device. ii) Microdevice design and fabrication scheme. iii) Confocal image of the lymphatic vessel with 3D tubular structure. Reproduced from ref. (Lugo-Cintron et al., 2020b) with permission from The Royal Society of Chemistry.
Lymphatic endothelial cells (LECs), lacking basement membrane, are leakier than blood vessels, promoting the metastasis of cancer cells. To decipher the influence of ECM on the lymphatic vessel (LV) in Bca, a microfluidic device was designed to generate LVs within a collagen hydrogel (Figure 2C) (Lugo-Cintron et al., 2020b). This microfluidic system elucidated the change of LV toward activated phenotype via the increased secretion of IL-6 induced by a dense ECM. The secretion of IL-6 can also increase the leakiness of LV in this microfluidic model.
Microfluidic models have also exhibited significant advantages in recapitulating the interplays between cancer and the immune system. A tumor-on-chip platform allowed the interplay of cellular and non-cellular components, modeling the TME and exploring the influence of TME on immune cell recruitment (Aung et al., 2020). It was shown that the presence of the hypoxic condition and NK cells improved T-cell recruitment in this tumor-on-chip model. The intercellular communication within TME is crucial for supporting the tumor phenotype. Using a “flow-free” microfluidic device with four channels to simulate the crosstalk between two cell types (Figure 3B) (Rahman et al., 2020). The MDA-MB-231 cells co-cultured with adipose-derived stem cells (ASCs) exhibited aggressive phenotype and polarization toward ASCs. Interferon regulatory factor 8 (IRF-8) is a necessary transcription factor for immune response induction. The B16 cells and immune cells obtained from WT and IRF-8 KO mice were co-cultured in a microfluidic chip (Figure 3A) (Businaro et al., 2013). In this on-chip model, WT spleen cells showed an increased migration toward B16 cells via microchannels, and a tighter interaction with cancer cells compared to IRF-8 KO spleen cells. B16 cells expressed a more aggressive phenotype when co-cultured with IRF-8 KO spleen cells, which was confirmed in another research (Mattei et al., 2014).
[image: Figure 3]FIGURE 3 | Microfluidic devices in modeling the interactions between immune cells and tumor cells. (A) An on-chip model to investigate the interactions between cancer and the immune system. i) The photograph of this microfluidic chip. ii) The schematic views of this platform. Reproduced from ref. (Businaro et al., 2013) with permission from The Royal Society of Chemistry. (B) A novel microfluidic platform imitated the interactions between tumor cells and vasculature, and succeed in modeling vessel leakiness presented in the TME i) The image of this device. ii) The schematic of this microdevice. Reproduced from ref. (Rahman et al., 2020) with permission from The Royal Society of Chemistry.
THE MICROFLUIDIC IN IMMUNOTHERAPY
Aimed to improve the effects of tumor immunotherapy, more and more research has focused on testing the response of patients to ICB in vitro microfluidic systems. The probable effect of immunotherapy on head and neck squamous cell carcinomas (HNSCC) patients was determined using an in vitro 3D microfluidic chip, which loaded different ICIs, Indoleamine 2, 3-dioxygenase 1 (IDO1) inhibitors, and PD-L1 antibodies (Figure 4A) (Al-Samadi et al., 2019). It was observed that the IDO1 inhibitor induced the migration of immune cells toward both HSC-3 cells and cancer cells isolated from HNSCC patients in this microfluidic device. This study provided a new method to test the efficacy of ICIs for patients on a humanized microfluidic chip. To recapitulate the function of ICB in vitro, a 3D microfluidic device was adopted to culture organotypic tumor spheroids derived from murine (MDOTS) or patients (PDOTS) (Jenkins et al., 2018). The results of functional assays revealed the capability of MDOTS/PDOTS in modeling response to PD-1 blockade in vitro, which was confirmed in subsequent research (Aref et al., 2018). With the capability of identifying specific T cells necessary for effective tumor immunotherapy through measuring the activity of granzyme B, a microfluidic platform has shown the potential in evaluating the sensitivity of immunotherapy (Figure 4B) (Briones et al., 2020). To enhance the efficacy of ICB, it was attractive to explore the combination of immunotherapy with new therapy manners by the use of microfluidic systems. Researchers succeed in determining the role of MSCs in inducing PD-L1 expression via co-culturing the MCF cells and mesenchymal stem cells (MSCs) in a 3D microfluidic cell culture device (Figure 4D) (Aboulkheyr Es et al., 2021). The results of functional assays revealed that MSCs induced the expression of PD-L1 on breast cancer cells via the secretion of CCL5. This study supported a new alternative method for the combination of ICIs with pirfenidone (PFD) which was previously demonstrated could significantly lower the PD-L1 expression level of metastatic cancer cells. Microfluidic systems also promoted the development of screening of immunotherapy for individuals. “GBM-on-a-chip,” a patient-specific microfluidic system was used to optimize immunotherapy for glioblastoma (GBM) patients with different subtypes (Figure 4C) (Cui et al., 2020).
[image: Figure 4]FIGURE 4 | Examples of microfluidic devices for immunotherapy optimization. (A)The schematic of this microdevice. Reproduced from ref. (Al-Samadi et al., 2019) with permission from Elsevier Inc. (B) i) An illustration of this microfluidic device. ii) The microfluidic platform for single cell compartmentalization. iii) The experimental set-up of this study. Reproduced from ref. (Briones et al., 2020) Copyright Jonathan C.. Briones1, Wilfred V. Espulgar1, Shohei Koyama et al. (C) Reproduced from ref. (Cui et al., 2020) Copyright Cui et al. (D) Reproduced from ref. (Aboulkheyr Es et al., 2021) with permission from 2020 Wiley Periodicals LLC.
DISCUSSION
The critical role of TME in mediating tumor progression and affecting therapeutic outcomes is more and more apparent with the increasing evidence from plenty of research. From this, various therapies targeting the various components of the TME have been developed, and some therapeutic drugs have improved patient prognosis to some extent (Bejarano et al., 2021). Among these therapeutic drugs, ICIs targeted PD-1/PD-L1 and CTLA-4 have induced unprecedented responses in some patients with advanced cancers, nonetheless, the limited clinical response restricted the universal clinical application of ICB therapy across multiple cancers (Pitt et al., 2016b; Ventola, 2017; Yarchoan et al., 2017). To screen patients who could benefit from immunotherapy and optimize the treatment, many researchers are focused on determining specific prognostic indicators and exploring the combination of immunotherapy with other approaches using in vitro models. As the traditional 2D cell culture and murine model could not recapitulate the faithful TME of humans, microfluidic devices, which enabled mimicking the dynamic and complex TME, have become more and more attractive in creating the in vitro tumor models.
With the continuous progression over the past years, microfluidic devices, based on microfluidic technology, have been developed to recapitulate the physiological and pathological condition of humans in vitro (Hassell et al., 2017). Microfluidic devices have significant advantages in imitating not only vascular perfusion, air-liquid interfaces, shear stresses as well as the physical and chemical gradients of physical conditions, but also the mechanical activity within organs or tissues of humans (Choi et al., 2015; Murugesan et al., 2017; Liu et al., 2021). As for the imitation of pathological conditions, microfluidic devices are mainly applicated in modeling the TME of tumor progression. ECM, the crucial noncellular component of the TME, primarily composed of collagen, non-collagen, elastin, and proteoglycan, could promote tumor growth and progression through transmitting signals secreted from fibroblasts and epithelial cells within TME (Biteau et al., 2011). By the use of microfluidic devices to co-culture tumor cells with different matrices containing CAFs or HMFs, researchers succeed in modeling the interaction between ECM and stromal cells and determining the promotion of such interaction on tumor progression (Lugo-Cintron et al., 2020a). Furthermore, the blood and lymphatic vascular networks, the same important noncellular component of the TME, have been successfully recapitulated on the microfluidic platforms as well (Michna et al., 2018; Lugo-Cintron et al., 2020b; Song et al., 2021). The interactions between immune cells and cancer cells determined the response of anti-tumor therapy. Using microfluidic devices to mimic the interplay between tumor cells and immune cells in vitro (Businaro et al., 2013; Aung et al., 2020; Rahman et al., 2020), has been confirmed with more significant advantages compared with traditional murine models (Mattei et al., 2014). According to the distribution site, ECM can be divided into basement membrane and interstitial matrix, and the tumor metastasis start from the invasion of cancer cells toward the basement membrane and migrate to a remote site (Friedl and Alexander, 2011; Wolf et al., 2013). In this review, we introduced the studies on microfluidic devices in modeling ECM, cancer cells invasion, and the leakiness of LV, and the specific microfluidic models even presented EMT phenotypes. These findings supported the prominent significance of microfluidic systems in modeling TME and the metastatic TME. Given the significance of microfluidic devices in modeling the immune cells interplay with tumor cells within the TME, increased research has been reported to test the response of patients to ICIs and develop new approaches to combine with immunotherapy via microfluidic in vitro model (Table 1) (Aref et al., 2018; Jenkins et al., 2018; Al-Samadi et al., 2019; Briones et al., 2020; Cui et al., 2020; Aboulkheyr Es et al., 2021).
TABLE 1 | Summary of reviewed literature.
[image: Table 1]In contrast with conventional methods, microfluidics provides a more rapid and cost-effective technic to construct more controllable and reproducible methods for drug delivery and screening (Bjornmalm et al., 2014; Damiati et al., 2018). The drug carries synthesized by microfluidic devices, such as microcapsules, nanoemulsions, and nanoparticles can be efficiently delivered to the target regions at expected speed and time therefore to improve the drug efficacy. Microfluidic systems enable the multiplexed drug screening in a simple and high-throughput manner, from the cell level to the organ-, even whole-body levels. Recent studies also revealed the impressive progresses of microfluidic systems in modeling the drug resistance tumor models, which would promote the development of multidrug delivery treatment strategies (Rahmanian et al., 2021).
Although microfluidic devices have exhibited comparable advantages over traditional 2D culture systems for modeling the TME in preclinical research, there are some challenges to further application for these devices. For instance, PDMS, the primary material of microfluidic devices, has been demonstrated to absorb small molecules which could affect the drug screening studies outcomes (Toepke and Beebe, 2006; Regehr et al., 2009). While alternative materials such as polystyrene, cyclic olefin copolymer, and paper have been explored to mitigate this problem, the requirement of re-thinking of component design for different materials remained this problem intractable (Chin et al., 2011; von Lode, 2005; Browne et al., 2009). Additionally, the variable parameters of culture conditions in 3D microfluidic culture systems, including medium, components, and concentration of ECM and molecules like cytokines, chemokines, and growth factors could influence the function of these systems. Moreover, expanded research to perform the comprehensive evaluation and analyses of 3D tumor models based on microfluidics is required for further application in immunotherapy improvement. Several limitations of microfluidic devices also limited their application as the tool to predict the effect of patients on immunotherapies. Firstly, mass production is the obstruction of microfluidic devices for clinical application. On the one hand, mass production needs the manufacturability and durability of a series of microfluidic devices, which are limited by PDMS. On the other hand, the manipulation and analysis for studies performed on the microfluidic platforms are heavily dependent on necessary external equipment and high-resolution imaging as well as the time-consuming image analysis, which is considered to lack convenience and applicability for clinical application. It should be noted that the majority of studies on microfluidic devices are proof-of-concept research, thus it was necessary to carry out more clinical trials testing the utility of these devices. The multidisciplinary collaborative work on producing more convenient and applicable microfluidic devices is indispensable to achieve this possibility.
Microfluidic devices possess the huge potential to serve as a predictive and effective tool for immunotherapies to optimize the treatment of tumor patients. As CTCs and exosomes isolated using the microfluidic-based device have shown specific significance in the prediction and monitoring of response to ICIs, it is expected to produce an integrated microfluidic-based device that allowed high-throughput and automated assays for isolation and diagnostic test for patients. In the future, the breakthrough of microfluidic technology may simplify the design and manufacture of microfluidic systems, enable the minimization of these devices, and promote their application in clinical diagnosis and treatment.
CONCLUSION
In summary, we briefly introduced the microfluidics including the application in multi-omics analyses, and then focused on the microfluidic technology applicated in the TME modeling, finally reviewed the potential of microfluidic systems for further application in immunotherapies according to their capacities in recapitulating the TME in vitro. We also discussed the challenges and future of microfluidic devices in clinical application. Overall, we are looking forward to microfluidic systems that can 1 day realize their significance in clinical practice and promote cancer immunotherapies and precision medicine.
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Purpose: Breast cancer is a highly heterogeneous malignancy, seriously threatening female health worldwide and inducing higher mortalities. Few have the studies evaluated Fms-like TyrosineKinase-3 (FLT3) in prognostic risk, immunotherapy or any other treatment of breast cancer. Our study focused on investigating the function of FLT3 in breast cancer.
Patients and methods: Based on transcriptome and methylation data mined from The Cancer Gene Atlas (TCGA), we explored the clinical features of FLT3 expression in 1079 breast cancer samples. RT-qPCR in cell lines and tissue samples was used to verify the expression difference of FLT3. Kaplan–Meier survival analysis and cox regression models were employed for screening of FLT3 with potential prognostic capacity. Subsequently, functional analysis of the co-expressed genes was conducted using Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and gene-set enrichment analysis (GSEA). The correlation between FLT3 expression and tumor immune infiltration was jointly analyzed with estimate, ssGSEA, TIMER, and TISIDB. Then we employed checkpoint-related molecules, immunophenoscore (IPS), and tumor mutation burden (TMB) to assess the efficacy of immuno-checkpoint inhibitors (ICIs). Pearson correlation coefficient was employed to exam the association between DNA methylation and FLT3 expression.
Results: FLT3 displays an elevated expression in breast cancer than normal pairs and is significantly associated with multiple clinical characteristics like age, menopause status, histological type, pathological stage, and molecular subtype as well as increased overall survival (OS). Additionally, FLT3 is a favorable independent prognostic factor. GO, KEGG, and GSEA suggested that FLT3 was associated with diversified immune-related features. FLT3 expression is correlated with the abundance of various immune cells namely CD4+T cell, CD8+ T cell, myeloid dendritic cell, and neutrophil as well as immune inhibitors especially CTLA4, which is positively correlated with FLT3 expression. Moreover, TMB displayed a negative correlation with FLT3 expression while IPS showed adverse tendency. Ultimately, the methylation of FLT3 downregulates the gene expression and closely binds to a few clinical parameters.
Conclusion: FLT3 can be used for prognostic prediction and is relevant to immune infiltration in breast cancer. FLT3 may pave the way for future novel immunotherapies.
Keywords: FLT3, tumor infiltrating lymphocytes, the tumor microenvironment, immunotherapy, breast cancer, prognosis, DNA methylation
1 INTRODUCTION
In accordance with GLOBOCAN 2020 estimation, the morbidity of breast cancer (BC) has surpassed lung cancer in female patients worldwide with 2.3 million newly diagnosed cases (11.7%) (Sung et al., 2021). BC can be divided into four subtypes, triple-negative being the least common type (about 15%), luminal A and luminal B being the most prevalent types (about 70%), and HER2-positive taking up the rest of 15–20 percent. Thus, BC is an intricate disease and comprehensive treatment is fairly important. Besides surgery and radiotherapy, systemic adjuvant therapies including chemotherapy, endocrine therapy, targeted therapy and immunotherapy can be used in the face of molecular type and clinicopathology staging. Despite substantial progress in adjuvant treatment recently, difficulties to monitor therapeutic efficacy as well as prognosis remain urgent issues to be solved (Loibl et al., 2021).
The tumor microenvironment (TME) indicates normal tissue components around tumor cells, containing extracellular matrix (ECM), stroma, lymphatic vascular networks, fibroblasts and multiple immune cells (Chen et al., 2015). The immune infiltrating cells in the TME are deeply intertwined with tumor generation, aggression and metastasis (Binnewies et al., 2018). According to recent studies, tumor immune infiltration is closely bound up with prognosis and gradually becoming the focus of immunotherapy (Zhang and Zhang, 2020).
Fms-like TyrosineKinase-3 (FLT3) is a fundamental component of the type III tyrosine kinase receptor family. As a surface protein of FLT3LG, FLT3 is restrictedly expressed on hematopoietic stem cells (HSCs) and figures prominently in cell survival, proliferation and differentiation (Matthews et al., 1991). FLT3 mutations are the most frequently identified gene aberrations found in acute myeloid leukemia (AML) and indicate adverse clinical outcomes (Kiyoi et al., 2020).
No former study has dug into the mechanism of FLT3-associated immune infiltration of BC. Currently, we utilized the cancer genome atlas (TCGA), an open-access databank which harbors clusters of clinical parameters as well as transcriptome data, to explore the issue above. Firstly, the expression profiles of FLT3 were analyzed together with clinical variables to examine the relationship between the two. A similar analysis was carried out at the DNA methylation level of FLT3. Furthermore, our results verified the positive prognostic significance of increased FLT3 expression among BC patients. Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis and gene set enrichment analysis (GSEA) were used to probe into the possible molecular function of FLT3. We explored the correlation between FLT3 and tumor-infiltrating immune cells (TILs) along with immunoregulatory factors via TIMER, TISIDB database and ssGSEA. These findings would aid us in better grasping the part that FLT3 played in breast carcinogenesis and the underlying mechanisms associated with tumor-immune interactions. Meanwhile, FLT3 is expected to predict the survival outcomes and therapeutic effects of BC patients.
2 MATERIALS AND METHODS
2.1 Data acquisition and processing
UCSC Xena (https://xenabrowser. net/) (Cline et al., 2013) provides analyzed data in TCGA, from where we downloaded mRNA-sequencing, DNA methylation, and clinical phenotype results of BC patients. The following criteria were used for exclusion: 1) the histological diagnosis was not standard, 2) the specimens did not have complete clinical data available. The datasets were pre-processed by using R (version 4.1.2) and Perl (version 5.30.2) software.
2.2 Gene expression and DNA methylation analysis
The ensemble gene identifiers in the FPKM data were switched to classic gene symbols using Perl script and the data on duplicate gene expression were averaged. Bioinformatic parameters like age, gender, menopausal condition, histological type, pathological staging and molecular subpopulation acquired from 1,079 primary BC samples and 99 paired adjacent non-tumorous tissue samples were used for further research. We classified BC into PAM50-based intrinsic subtypes: luminal A, luminal B, HER2-enriched, basal-like, and normal-like subtype (Wang et al., 2021). Further, the expression data of FLT3 in different phenotypes were analyzed and visualized using ggplot2 (Gustavsson et al., 2022) and ggpubr (Xia and Li, 2020) R packages. Meanwhile, DNA methylation analysis of FLT3 was conducted along with data on clinical features and vital status.
2.3 Survival analysis
Profiles of overall survival (OS), disease-specific survival (DSS), disease-free interval (DFI), and progression-free interval (PFI) were obtained from TCGA survival data. The Prognostic outcome was visualized in the form of Kaplan–Meier (K-M) curves using the “survival” package (Zeng et al., 2022) in R software (version 4.1.2), in which Cox’s proportional hazards model was generated as well to figure out whether FLT3 is an independent prognostic factor of BC. To be specific, univariate Cox regression analysis was used for the primary screening of the survival-related variables and only significant ones (p < 0.05) would be included in the subsequent multivariable analysis. The hazard ratio30 with 95% confidence intervals (CI) and log-rank p-value was also calculated. We also explored the prognostic value of FLT3 in BC on the prognoscan website (http://dna00.bio.kyutech.ac.jp/PrognoScan/index.html) (Zheng et al., 2020).
2.4 DEGs and gene enrichment analysis
The data of 1,079 samples were separated into low and high expression groups in accordance with the median value of FLT3 expression. Based on differentially expressed genes (DEGs_ (| log2FC | ≥ 0.5, FDR <0.05), the “clusterprofiler” package was utilized to perform GO and KEGG analysis (Huang et al., 2022). p values were adjusted with the BH method. GSEA is an intricate algorithm to see the chosen gene sets showing statistical distinctions between different biological conditions (Subramanian et al., 2005). In our study, an organized list of all genes based on their associations with the FLT3 expression was obtained by using GSEA, which later expounds evident survival differences between high-and low-FLT3 groups. Gene set permutations were repeated 1,000 times at every single analysis. Gene sets with a discovery rate (FDR) < 0.05 were recognized to be considerably enriched.
2.5 Characterization of the tumor microenvironment
On the basis of the BC gene set, the “estimate” R package was utilized for TME score calculation (Wang et al., 2020). The assessment of TME was divided into four clusters (stromal score, immune score, estimate score and tumor purity). The potential relevance of FLT3 with immune/stromal scores was analyzed and displayed by violin plot. The single sample gene set enrichment analysis (ssGSEA) (Jin et al., 2021) performed by the “gsva” (Hänzelmann et al., 2013) package was applied to grade the enrichment of 28 immune cells in BC. The TIMER (https://cistrome.shinyapps.io/timer/) database was used to evaluate the abundance of tumor-infiltrating immune cells (TILs) (Li et al., 2017). Tumor-infiltrating immune cells containing CD8+ T cell, CD4+ T cell, B cell, macrophage, neutrophil, and dendritic cell are closely geared to TME. Thus, we employed the TIMER2.0 to dig out the correlation of FLT3 expression with TILs. TISIDB (http://cis.hku.hk/TISIDB) (Ru et al., 2019), a user-friendly web interface containing a great deal of tumor-associated immune cells, immunomodulators, chemokines and immunotherapies, verified the connection between FLT3 and TME.
2.6 Tumor mutation burden
Tumor mutation burden (TMB) is defined as the number of somatic mutations per megabase of interrogated genomic sequence (Negrao et al., 2021) and the mutation data of 986 BC patients were obtained from the TCGA database. The total number of mutations divided by the size of the target coding region is equal to the tumor mutation load.
2.7 Immunophenoscore analysis
Immunophenoscore (IPS) was used to predict the efficacy of ICIs and measured according to the four major types of genes determining immunogenicity (Charoentong et al., 2017). The IPS is ranging from 0 to 10 and a higher IPS represents a better efficacy and stronger immunogenicity. The IPSs of TCGA BC suffers were acquired from The Cancer Immunome Atlas (TCIA) (Wang et al., 2022).
2.8 Cell culture
Human mammary epithelial cell line (MCF-10A) and human BC cell lines (ZR-75-1, MCF-7, BT-474, SKBR-3, MDA-MB-231, and BT-549) were obtained from American Type Culture Collection (ATCC) (Manassas, VA, United States ) and cultured in DMEM (Gibco, United States ) with 10% fetal bovine serum, penicillin (100 U/mL) and streptomycin (100 mg/ml) at 37°C with 5% CO2.
2.9 Clinical samples
Fourteen patients who underwent surgery in the First Affiliated Hospital with Nanjing Medical University between July 2021 and December 2021 were enrolled in the study and provided signed informed consent. Pairs of BC and adjacent normal tissue were obtained immediately after resection and preserved in liquid nitrogen. The research was approved by the Medical Ethics Committee of Nanjing Medical University, the First Affiliated Hospital.
2.10 RNA extraction and quantitative real-time polymerase chain reaction
Trizol reagent (Takara, Japan) was utilized for total RNA extraction from cell lines and tissue samples. The HiScript Q RT SuperMix (Vazyme, China) was used for complementary DNA (cDNA) synthesizing. Ultimately, qRT-PCR was performed using AceQ qPCR SYBR Green Master Mix (Vazyme, China). β-actin was used as the internal control for the relative expression of mRNA, which was calculated by the 2−ΔΔCT method. The specific primer sequences used were as follows: β-actin-F: ATT​GCC​GAC​AGG​ATG​CAG​AA; β-actin-R: GCT​GAT​CCA​CAT​CTG​CTG​GAA; FLT3-F: AGG​GAC​AGT​GTA​CGA​AGC​TG; FLT3-R: GCT​GTG​CTT​AAA​GAC​CCA​GAG.
2.11 Statistical analysis
Statistical datasets acquired from TCGA were all conducted by R-4.1.2. The correlations between the clinicopathological parameters, FLT3 expression and DNA methylation degree of FLT3 were analyzed using logistic regression. Moreover, the K-M curve and COX regression analysis were conducted to evaluate the prognostic value of FLT3. When p < 0.05, a statistically significant distinction was considered.
3 RESULTS
3.1 Differential expression of fms-like tyrosinekinase-3
First, we examined the expression level of FLT3 in different tumors and paired normal samples using the TIMER database. It revealed that FLT3 was highly expressed in BC compared to normal tissue, while other tumors were just the opposite (Figure 1A). On account of the data from TCGA, we concluded that FLT3 displayed higher expression in BC tissue than in the respective control tissue (Figure 1B). As shown in Supplementary Table S1, with 1079 BC patients taken into account, we found that FLT3 transcription level correlated notably with age, menopausal status, histological type, T stage, pathological stage and molecular subtype. Two age sets (the elder set, and the younger set) have been identified in 1079 BC patients according to the cut-off value of 55 years old, the elder set displayed a lower FLT3 expression level than another (Figure 1C). As revealed in Figure 1D, FLT3 expression decreased after menopause. When it comes to histological type, BC can generally be divided into three, namely invasive ductal carcinoma (IDC), invasive lobular carcinoma (ILC) and other type. Our results implied that ILC had the highest FLT3 expression level and the difference between IDC and ILC was rather significant (Figure 1E). Additionally, increased FLT3 expression was noted in the early T stage and vice versa (Figure 1F). Similar results were obtained in pathological TNM stage while there is no statistical meaning between FLT3 expression and N or M stage (Figure 1G). For the convenience of statistics, we simplified the PAM50 molecular subtype to luminal-like, HER2-enriched, basal-like and normal-like. Boxplot in Figure 1G displayed that the basal-like group had the lowest FLT3 expression level and the luminal-like group had the highest (Figure 1H).
[image: Figure 1]FIGURE 1 | Associations between FLT3 expression and clinical–pathological variables in BC. The level of FLT3 expression in different tumor types from TCGA data analyzed in TIMER. FLT3 was highly expressed in breast cancer (BRCA), and lowly expressed in bladder cancer (BLCA), cervical cancer (CECS), bile duct cancer (CHOL), colon adenocarcinoma (COAD), head and neck cancer (HNSC) tissue, kidney chromophobe (KICH), kidney clear cell carcinoma (KIRC), Liver hepatocellular carcinoma (LIHC), lung adenoma (LUAD), lung squamous cell carcinoma (LUSC), pancreatic adenocarcinoma melanoma (PAAD), pheochromocytoma and paraganglioma (PCPG), prostate adenocarcinoma (PRAD), rectum adenocarcinoma (READ), stomach adenocarcinoma (STAD), thyroid cancer (THCA) and endometrioid cancer (UCEC) and (A). High expression of FLT3 was observed in tumor tissue both in all samples (B). FLT3 expression was analyzed in female and male (C), postmenopausal and premenopausal (D) patients, with different histological types (E), including invasive ductal carcinoma (IDC), invasive lobular carcinoma (ILC), and all other specific types, different tumor size (F) (T1 versus T2, T3, and T4), different pathological TNM stage(G) (Stage I, II and III versus Stage IV) and different PAM50 molecular subtypes (H), T1, tumor ≤20 mm in greatest dimension; T2, Tumor >20 mm but ≤50 mm in greatest dimension; T3, Tumor >50 mm in greatest dimension; T4, Tumor of any size with direct extension to the chest wall or the skin (ulceration or macroscopic nodules); invasion of the dermis alone does not qualify as T4; N0, no regional lymph node metastasis; N1, metastasis in 1–3 axillary lymph nodes; N2, metastasis in 4–9 axillary lymph nodes; and N3, metastasis in 10 or more axillary lymph nodes; M0, without distant metastasis; and M1, with distant metastasis; Stage I, T1N0M0; Stage II, T0-1N1M0, T2N0-1M0, T3N0M0; Stage III, any T stage with N2M0 or N3M0, T4N0M0, T3-4N1M0; Stage IV, any T or N stage with M1. The asterisks represent the statistical p-value (ns: p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001).
3.2 Fms-like tyrosinekinase-3 was an independent favorable prognostic factor
To better comprehend the prognostic potential of FLT3 expression in BC, we conducted Kaplan-Meier survival analysis in terms of overall survival (OS), progression-free interval (PFI), disease-free interval (DFI) and disease-specific survival (DSS). The results showed that high FLT3 expression degree was conspicuously associated with increased overall survival (OS) while the others showed no statistical significance (Figure 2A). As indicated in Figures 2B,C, overexpression of FLT3 has good prognostic value in all luminal samples and luminal B subtype. Figures 2D,E show the result from the website of prognoscan that a high level of FLT3 expression in BC indicates longer overall survival (OS) and distant metastasis free survival (DFMS), which is consistent with our results. We next employed the COX proportional hazard regression model to verify the role of FLT3 expression in evaluating patients’ vital status. At univariate analysis, FLT3 expression level turned out to be an independent prognostic biomarker. Several clinical parameters such as age (HR = 0.706, 95% CI:0.586-0.851, p < 0.001), tumor status (HR = 9.623, 95% CI:6.956-13.314, p < 0.001), menopause condition (HR = 2.259, 95% CI:1.519-3.357, p < 0.001) and margin status (HR = 1.54, 95% CI:1.123-2.111, p = 0.007) as well as pathological stage (T stage: HR = 1.423, 95% CI:1.187-1.706, p < 0.001; N stage: HR = 1.515, 95% CI:1.289-1.781, p < 0.001; M stage: HR = 6.709, 95% CI:3.995-11.266, p < 0.001; TNM stage: HR = 1.957, 95% CI:1.593-2.404, p < 0.001) correlate closely with prognosis of BC patients (Figure 2F). Further multivariate survival analysis was shown in Figure 2G, FLT3 expression (HR = 0.69, 95% CI:0.515-0.925, p = 0.013) independently impacts prognosis while age (HR = 1.042, 95% CI:1.018-1.066, p < 0.01) and tumor status (HR = 14.895, 95% CI:9.085-24.421, p < 0.01) were significant characteristics that affect the survival of BC patients. In general, high FLT3 expression level is an independent prognostic factor of favorable significance.
[image: Figure 2]FIGURE 2 | Prognostic value of FLT3 expression in BC. (A) High FLT3 expression was associated with a favorable OS in BC patients using Kaplan–Meier plotter. (B,C) High FLT3 expression was inferred as a good OS in all luminal samples and all luminal B samples. (D,E) The upregulation of FLT3 infers longer OS and DMFS on the website of prognoscan. (F,G) Forest plots show the association between FLT3 expression and clinicopathological features using univariate and multivariate COX hazard analysis.
3.3 Enrichment analysis
In a gesture to identify the potential molecular function of FLT3 in breast carcinogenesis, we performed differential expression gene analysis (DEGs) and visualized the results as the heatmap and volcano plot (Figures 3A,B). FLT3 co-expressed genes were depicted in Figure 3C. DEGs between the high-risk and low-risk groups were used to perform GO enrichment and KEGG pathway analysis. In Figure 3D, five biological processes, cellular components or molecular functions: immunoglobulin complex, antigen binding, external side of plasma membrane, humoral immune response and positive regulation of cell activation were remarkably enriched in the GO dataset. KEGG pathway analysis uncovered that FLT3 was conspicuously associated with protein digestion and absorption, hematopoietic cell lineage, viral protein interaction with cytokine and cytokine receptor, PI3K-Akt signaling pathway and cytokine-cytokine receptor interaction (Figure 3E), the results of which hint that FLT3 is greatly related to immune pathways. For the sake of predicting the molecular function of FLT3 in breast carcinogenesis, GSEA was performed on datasets with high and low expression of FLT3. 38 out of 50 gene sets were remarkably upregulated in the high FLT3 phenotype. The most markedly gathered at NOM p < 0.05, FDR <0.25 signaling pathways were “complement”, “IL2-STAT5 signaling”, “TGF-BETA signaling” and “p53 pathway”, whose results were depicted in Figure 3F.
[image: Figure 3]FIGURE 3 | DEGs and enrichment analyses of FLT3 in BC. (A) Heatmap and (B) volcano plot show the DEGs in high and low FLT3 expression patients. (C) Correlation of FLT3 and the top 40 co-expressed genes. (D,E) GO enrichment and KEGG pathway analysis of FLT3 in BC. The red box highlights the pathways correlated with BC and immune infiltrates. (F) The GSEA results showed that the terms “complement”, “IL2-STAT5 signaling”, “TGF-BETA signaling” and “p53 pathway” were differentially enriched in BC samples with high FLT3.
3.4 The relationship between fms-like tyrosinekinase-3 expression and immune infiltration
Immune infiltration in tumor can conduce progression and recurrence so as to affect clinical outcomes of cancer patients. We applied the ESTIMATE algorithm to evaluate stromal and immune cells in BC. The figure showed that patients with high-FLT3 expression get higher immune scores compared with patients with low-FLT3 expression. A similar trend was observed in stromal and estimate scores (Figure 4A). When characterizing the abundances of disparate immune cell types with ssGSEA, we found that the infiltration degree of NK cell, CD8+T cell, CD4+T cell, and macrophage increased significantly in BC samples with high FLT3 expression (Figure 4B). To conclude, BC samples with higher FLT3 expression tend to be infiltrated with more antitumor immune cells. To testify to this, TIMER and TISIDB database to explore immune cell sets infiltrated in the TME. From TIMER, the abundance of CD4+T cell (Rho = 0.201, p = 5.07e-03), CD8+T cell (Rho = −0.142, p = 7.17e−06), myeloid dendritic cell (Rho = 0.26, p = 2.76e−02), and neutrophil (Rho = 0.148, p = 7.13e−04) increased as the FLT3 expression upregulates (Figure 4C). From TISIDB, we discovered that FLT3 was strongly correlated to activated CD8+ T cell (Rho = 0.072, p = 0.017), NK (Rho = 0.191, p = 1.97e-10), macrophage (Rho = 0.069, p = 0.0222), and neutrophil (Rho = 0.168, p = 2e-08) (Figure 4D). To further explore the FLT3-related immune processes in BC, the database was employed to analyze the relationship between FLT3 and different immuno-modulators, which can be separated into immune-inhibitors, immune-stimulators and MHC molecules. Figure 4E reveals the relationship between FLT3 expression and immune-inhibitors, including BTLA, IL10RB, CD160, and CD96. Figure 4F reveals the relationship between FLT3 expression and immune-stimulators, including ULBP1, TNFRSF13B, PVR, and ENTPD1. Figure 4G reveals the relationship between FLT3 expression and MHC molecules, including HLA-DOA, HLA-DQA1, HLA-DPB1, and HLA-DPA1. Figure 4H illustrated the association between FLT3 and chemokines like CCL17, CCL19, CCL21, and CXCL21. Figure 4I illustrated the association between FLT3 and chemokines receptors like CCR2, CCR4, CCR6, and CCR7. Obviously, the expression of these chemokines for NK, DC, and T lymphocytes increased as the expression level of FLT3 elevated. With all the findings above, we can speculate that high-FLT3 expression indicating a favorable prognosis can probably attribute to immune infiltration.
[image: Figure 4]FIGURE 4 | Associations of the FLT3 expression level with tumor immune infiltration in BC. (A) The correlation between FLT3 expression and TME scores, which was subdivided into stromal scores, immune scores, and ESTIMATE scores. (B) The correlation between the abundance of 28 immune cells and FLT3 expression. (C) The correlation of FLT3 expression with infiltration levels of CD4+T cell, CD8+ cell, dendritic cell, and neutrophil in BC is available on the TIMER 2.0 database. (D) Correlations between the abundance of tumor-infiltrating lymphocytes (TILs) and FLT3 (plus the four anti-tumor immune cells which have positive correlation with FLT3) in the TISIDB database. (E–G) Correlations between immunomodulators and FLT3 (plus the four immunomodulators with the highest correlation, respectively) in the TISIDB database. (H,I) Correlations between chemokines (or receptors) and FLT3 (plus the four chemokines (or receptors) which highly correlates with anti-tumor immune cells, respectively) in the TISIDB database. The asterisks represent the statistical p-value (ns: p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001).
3.5 Fms-like tyrosinekinase-3 associated with immune checkpoint remedy
Recent scholars have reported that the microenvironment of tumor has guiding significance for evaluating the efficacy of immune checkpoint therapy (Hegde et al., 2016). Further, to broaden the cognition of the correlation between FLT3 and immunotherapy, we investigated the connections between FLT3 expression and immune checkpoint-related genes, the result of which was depicted in Figure 5A. Several immune checkpoint molecules including BTLA, CD200, TNFRSF14, NRP1, TNFSF4, CD40LG, CD48, CD28, CD200R1, ADPRA2A, CD160, TMIGD2, CD27, and CD44 were positively related to FLT3 mRNA expression (correlation value = 0.17, 0.17, 0.15, 0.13, 0.15, 0.19, 0.16, 0.17, 0.13, 0.27, 0.11, 0.17, and 0.11; all p-values are <0.001). Figure 5B illustrated that tumor mutation burden (TMB) has a negative correlation with FLT3 expression. It was verified that IPS has the potential to predict the treatment response to ICIs (Charoentong et al., 2017). The IPS data was acquired from the TCIA webpage to explore the relevance of FLT3 expression to IPS. The FLT3-highly-expressed subgroup had a statistically higher IPS- CTLA4 or PD1/PD-L1/PD-L2 score or IPS- CTLA4 and PD1/PD-L1/PD-L2 score (Figures 5C–E).
[image: Figure 5]FIGURE 5 | Associations of FLT3 with immune-related genes. (A) Correlations between FLT3 and immune checkpoint molecules. Red is positive, and blue is negative. The numbers in the circle represented the correlation value and all the p-value <0.05. (B) Correlation between FLT3 expression and tumor mutation burden. Violin plots showing the showing the FLT3 expression between (C) IPS-PD1/PD-L1/PD-L2, (D) IPS-CTLA4, and (E) IPS- CTLA4 and PD1/PD-L1/PD-L2 scores and FLT3 expression in patients of The Cancer Genome Atlas breast cancer. The asterisks represent the statistical p-value (ns: p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001).
3.6 Methylation negatively connected with mRNA expression
In a gesture to better understand the expression difference of FLT3, we conducted further analysis at methylation levels. Figure 6A showed the methylation levels of dissimilar sites of FLT3 DNA, with the site cg10763141 possessing a high methylation degree and the others possessing a low. Figure 6B demonstrated that FLT3 methylation level decreased along with the increase of FLT3 expression level. We explored the relationship between FLT3 expression and diverse methylation sites respectively. Subsequently, negative correlations with the methylation degree of cg05598562, cg07017374, cg09400887, cg24454143 along with the opposite trend in cg10763141 were depicted in Figure 6C. The distinction between FLT3 expression and cg14660839 is not obvious. Moreover, clinical relevance analysis was conducted with respect to the methylation degree of each site. Figure 6D turned out that the methylation degree of cg24454143 is significantly correlated with gender, menopause status and PAM50 subtype, which displayed an adverse tendency compared to the previous FLT3 expression levels in similar clinical parameters.
[image: Figure 6]FIGURE 6 | Correlation of DNA methylation level with FLT3 expression and clinical features. (A) Methylation level of 8 methylation site in FLT3. (B) Correlation of FLT3 expression with gross methylation level. (C) Correlation of FLT3 expression with different methylation sites (cg05598562, cg07017374, cg09400887, cg24454143, cg10763141 and cg14660839). (D) Methylation level of cg24454143 site was analyzed with gender, different menopausal status and PAM50 molecular subtypes. The asterisks represent the statistical p-value (ns: p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001).
3.7 Fms-like tyrosinekinase-3 mRNA expression difference in cell lines and tissue samples
Quantitative RT-PCR in BC cell lines and tissue samples was conducted to testify to the expression difference of FLT3 in the TCGA database. BC cell lines (ZR-75-1, MCF-7, BT-474, and SKBR-3), non-triple-negative BC subtypes, expressed significantly higher levels of FLT3 than the common human mammary epithelial cell line. Meanwhile, the triple-negative subtype cell line (BT-549), displayed lower FLT3 expression than the normal human mammary epithelial cell line (Figure 7A), which was consistent with our results in Figure 1H. Compared with paired paracancerous tissue, FLT3 was highly expressed in BC tissue (Figure 7B).
[image: Figure 7]FIGURE 7 | The mRNA expression of FLT3 in BC cell lines and tissue samples. (A) Relative expression level of FLT3 in MCF-10A, ZR-75-1, MCF-7, BT-474, SKBR-3, MDA-MB-231, and BT-549 cell lines. (B) The qRT-PCR result which compared the expression levels of FLT3 in tumor and para-carcinoma tissue of BC patients. The asterisks represent the statistical p-value (ns: p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001).
4 DISCUSSION
Known as a surface protein, Fms-like tyrosine kinase 3 (FLT3) is a component of the receptor tyrosine kinase family. FLT3 is normally expressed on hematopoietic stem cells (HSCs) and activated upon integrating with FLT3 ligand, which further activates a series of downstream signaling cascades, resulting in cellular hyperplasia and containment of apoptosis and differentiation (Carow et al., 1996). Generally, FLT3 is well studied in acute myeloid leukemia (AML). FLT3 mutations are the most prevalent genetic aberrations discovered in acute myeloid leukemia (AML), accounting for 30% and represent a high potential of relapse and poor prognosis (Mrózek et al., 2007; Kennedy and Smith, 2020). Hence, an array of FLT3 targeted molecules have been evaluated and several progress in FLT3-defined therapies has been made (Zhao et al., 2022). One research found FLT3 expression upregulated in axillary lymph node (ALN) metastases when compared to primary lesions in triple-negative BC (TNBC) (Srour et al., 2020). A few studies verified the potent antitumor activity of FLT3 ligand (FLT3L) in the murine BC model, which can open up new ideas for the development of tumor vaccines (Chen et al., 1997; Braun et al., 1999). Neoadjuvant In Situ Immunomodulation (ISIM) regimen comprised of intra-tumoral administration of Flt3L, local radiotherapy, and in situ TLR3/CD40 stimulation, followed by surgical resection in murine metaplastic BC model shows great therapeutic potential for advanced BC (Oba et al., 2021).
Analysis of transcriptome data from the TCGA portal revealed higher FLT3 expression in BC than in normal pairs and our experimental outcomes have validated this. We accessed clinical information to find that elevated expression of FLT3 correlated with early tumor stage and increased survival. Later, the survival analysis demonstrated that high FLT3 expression was an independent survival determinant of BC (BC). The enrichment analysis indicated that FLT3 participate in immune-associated pathways like complement pathway, which displayed anti-tumor capacity in mouse BC models (Roumenina et al., 2019). It is reported that the upregulation of STAT5 can increase the overall survival of ER-positive BC patients (Halim et al., 2020). Moreover, the number and activity of tumor-infiltrating lymphocytes (TILs) can impact the survival of patients in several cancers (Gu et al., 2020). Our results illustrated that increased expression of FLT3 can propel distinct clusters of anti-tumor cells infiltrating in BC. Immune cell subpopulations related to adaptive immunity including activated CD8+ T cell, Tem and Tcm CD8+ cell, and Tem CD4+ cell infiltration were rather noteworthy, which were verified to indicate improved survival (Paijens et al., 2021). Simultaneously, chemokines and receptors are also critical contributors to TME by drastically increasing the infiltration of immune cells (Chen et al., 2020; Liu et al., 2020). There is a positive association between FLT3 expression and chemoattractant for NK, DC, and T cell, which counts a lot in combating malignancies and thus improving prognosis (Zhang and Zhang, 2020). Taken together, the results above robustly manifested that FLT3 expression level could be a prognostic biomarker for BC. Whereas impediments to a cure arise not just from cancer itself, TME can also exert vital influences on multiple stages of tumor proliferation and progression. TILs constitute the most important part of the TME (Chen et al., 2014). With insights into TILs recently, the paradigm of immunotherapies has switched from targeting tumor cells to immune cells (Pilipow et al., 2021). Inhibitors of PD-1/PD-L1 and CTLA4 targeting lymphocytes (Emens et al., 2021) were existing immunotherapies for BC, which focus on the triple-negative subtype. In practical, few patients can benefit from ICIs, thus we need to find effective ways to evaluate the efficacy. Our results turned out that dissimilar immune checkpoint molecules were positively associated with FLT3 expression. High TMB suggests that more neoantigens are produced, and T cells liberated by immune checkpoint inhibitors are more probably to identify neoantigens, thereby achieving the effect of attacking and killing tumors. In this way, TMB can predict the efficacy of ICIs (Negrao et al., 2021). A previous study characterized BC as low TMB and without full response to immunotherapies (Kandoth et al., 2013), which is consistent with our conclusion. Whereas, Sara et al. held the opinion that the significance of TMB in BC remains unclear for lacking sufficient investigation (Ravaioli et al., 2020). In this study, the high-FLT3-expression group had statistically higher IPS-CTLA4 and PD1/PD-L1/PD-L2 scores, suggesting that patients with high-FLT3 expression would develop a better response to combination remedy. In all, FLT3 expression level may have the potential to predict the response of immunotherapies.
DNA methylation attaches importance to a series of biological processes. Accumulating evidence has revealed that DNA methylation can bring transformation in chromosome structure, the molecular conformation of DNA, DNA stability and the way DNA interacts with proteins, thereby regulating gene expression (Wang et al., 2021). A negative correlation between DNA methylation and FLT3 expression was revealed in our study. At the site cg24454143, methylation degree is statistically obvious in terms of clinical variables like gender, menopause status and PAM50 subtype, which is contrary to the former analysis in RNA expression level.
Although our analysis has elucidated that high FLT3 expression is closely connected to longer survival and potent antitumor immunity, which seems sensible but requires further experimental validation. To be specific, more endeavors such as immunohistochemical staining on our clinical samples and additional analysis of the multiple clinical parameters and survival profiles are needed.
5 CONCLUSION
Taken together, it is believed that FLT3 could strengthen our understanding of prognosis in BC patients and help promote the development of novel immune-strategies and achieve optimal clinical efficacy. Overall, the potential influence and mechanism of FLT3 in BC deserves further exploring.
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Background: Although a majority of early-stage lung adenocarcinoma (es-LUAD) patients have a favorable prognosis, there are still some cases with a risk of recurrence and metastasis. Cuproptosis is a new form of death that differs from other programmed cell death. However, no study has been reported for setting a prognostic model of es-LUAD using cuproptosis pattern-related genes.
Methods: Using multiple R packages, the data from the GEO database was processed, and es-LUAD patients was classified into two patterns based on cuproptosis-related genes. Key differentially expressed genes (DEGs) in the two patterns were screened to construct a prognostic signature to assess differences in biological processes and immunotherapy responses in es-LUAD. Tumor microenvironment (TME) in es-LUAD was analyzed using algorithms such as TIMER and ssGSEA. Then, a more accurate nomogram was constructed by combining risk scores with clinical factors.
Results: Functional enrichment analysis revealed that DEGs in two patterns were correlated with organelle fission, nuclear division, chromosome segregation, and cycle-related pathways. Univariate Cox regression and Lasso-Cox regression analyses identified six prognostic genes: ASPM, CCNB2, CDC45, CHEK1, NCAPG, and SPAG5. Based on the constructed model, we found that the high-risk group patients had higher expression of immune checkpoints (CTLA4, LAG3, PD-L1, TIGIT and TIM3), and a lower abundance of immune cells. Lastly, the nomogram was highly accurate in predicting the 1-, 3-, and 5-year survival status of patients with es-LUAD based on risk scores and clinical factors.
Conclusion: The cuproptosis pattern-related signature can serve as a potential marker for clinical decision-making. It has huge potential in the future to guide the frequency of follow-up and adjuvant therapy for es-LUAD patients.
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INTRODUCTION
Lung cancer has the highest mortality rate and the second incidence of all cancer worldwide (Alexander et al., 2020; Sung et al., 2021). Non-small cell lung cancer (NSCLC) comprises approximately 85% of lung cancers, and lung adenocarcinoma (LUAD) is the most common histological subtype of NSCLC (Anusewicz et al., 2020). With the development of targeted therapy and immunotherapy, the prognosis of lung cancer has been greatly improved. Through the promotion of low-dose chest computerized tomography (CT) scan, the diagnosis rate of early-stage lung cancer (es-LUAD) is getting higher (National Lung Screening Trial Research et al., 2013). Early diagnosis can improve the prognosis of lung cancer, with 5-year relative survival increasing from 6% for distant-stage disease to 33% for regional stage and 60% for localized-stage disease (Siegel et al., 2022). Low-dose chest CT scan for lung cancer has become a standard of care in the United States (Mazzone et al., 2021). However, not all the early-diagnose LUAD can be cured. A reliable prognostic signature for es-LUAD patients is needed to improve treatment strategies.
Programmed cell death (PCD) is necessary for the process of eliminating the loss of the damaged infected or senescent cells. The mechanism of PCD included Apoptosis (Kerr et al., 1972), Necroptosis (Sun et al., 2012), Autophagy (Bergmann, 2007), Ferroptosis (Dixon et al., 2012), Proptosis (Shi et al., 2015), and Necrosis (Vanlangenakker et al., 2012). Recently, cuproptosis as a potential factor for cancer disease, can lead to a new form of programmed copper-induced cell death by the mitochondrial tricarboxylic acid (TCA) cycle (Tsvetkov et al., 2022). Too little or too much copper is toxic to cells. The accumulation of copper in the mitochondria results in aggregated lipoylated proteins, including dihydrolipoamide S-acetyl transferase (DLAT) (Tsvetkov et al., 2022). However, whether cuproptosis-related genes could become an important biological marker for predicting early lung cancer needs to be further explored.
Immunotherapy is a promising treatment for es-LUAD, which kills tumor cells by stimulating specific immune responses to diminish tumor immune escape. Clinical studies showed that immunotherapy has a good effect on advanced NSCLC (Garon et al., 2019). Moreover, early-stage surgically respectable LUAD may benefit from Immunotherapy (Linehan and Forde, 2020). Bioinformatics analysis of immune checkpoint expression levels and immune cell infiltration is warranted to help predict immunotherapy efficacy and facilitate precision treatment of es-LUAD.
Considering the findings, we performed a study to find out the relationship between cuproptosis-related genes and es-LUAD. In addition, a clinical prediction model based on the cuproptosis patterns was developed to investigate the correlation of risk scores with prognosis and TME.
METHODS
Data source
All data of es-LUAD, including RNA-seq data and corresponding clinical date (GSE31210, GSE50081, GSE72094), were retrieved from the Gene Expression Omnibus (GEO) database from the NCBI (https://www.ncbi.nlm.nih.gov/gds/). The expression profiles in the datasets were normalized. After removing the samples with missing survival data, 353 samples with pathological stage I and II in GSE31210 and GSE50081 datasets were obtained. Subsequently, the two datasets were merged by the R package “inSilicoMerging” (Taminau et al., 2012). The ComBat method in the “sva” package was used to eliminate batch effects of the merged dataset (Johnson et al., 2007). In addition, the LUAD patients were extracted from the GSE72094 database with pathological stage I and II as an external validation set to assess the predictive accuracy of the signature. The details of the databases are placed in Supplementary Table S1.
Consensus clustering
By using the R package “ConsensusClusterPlus” (Wilkerson and Hayes, 2010), unsupervised consensus clustering was applied to the expression profile of the 10 cuproptosis-related genes in the training dataset. Agglomerative km clustering was used with a euclidean distances and resampling 80% of the samples for 1000 repetitions. The stability between different subtypes is best when parameter K = 2. The detailed information was showed in Supplementary Figure S1.
Functional enrichment analysis
The R package “limma” was used to screen cuproptosis-related differentially expressed genes (CR-DEGs) between two patterns (cut-off criteria: |Fold Change|>1.5 and FDR<0.05) (Ritchie et al., 2015). GO (Gene Ontology) and KEGG (Kyoto Encyclopedia of Genes and Genomes) analyses were performed using R package “clusterProfiler” (FDR<0.05) (Kanehisa et al., 2021). Gene Set Enrichment Analysis (GSEA) was achieved by GSEA software (v 3.0), and different functional phenotypes between two patterns were detected based on KEGG gene sets (Subramanian et al., 2005). R package “GSVA” was used to investigate the biological processes related to high- and low-risk groups. Hallmark gene sets were downloaded from MsigDB (http://www.gsea-msigdb.org/gsea/msigdb/) (Hanzelmann et al., 2013).
Construction of risk model and nomogram
Protein-Protein Interaction (PPI) network was performed with the STRING database. Cytoscape software was used to screen hub CR-DEGs. On the basis of hub DEGs, the prognostic model was constructed through univariate Cox regression and Lasso-cox regression analyses. The model formula is Risk score = coef1*exp (gene1) +coef2*exp (gene2) +……+coefi*exp (genei). Combining risk scores with clinical factors, we constructed a nomogram utilizing R package “rms.” The 1-/3-/5‐year overall survival (OS) probabilities were estimated by time‐dependent ROC curves and the Concordance index (C‐index) was used to evaluate discriminative ability.
Statistical analysis
Based on the R package “survminer” and “survival,” Kaplan-Meier (KM) survival analysis was performed to assess prognostic differences. In addition, the correlation between immune cell infiltration and risk score was investigated by the TIMER algorithm and single sample GSEA (ssGSEA) algorithm. Lasso-Cox regression analysis was conducted using the R package “glmnet” (Tibshirani, 1997; Wang et al., 2019). A predictive Nomogram was further constructed based on Cox regression analysis. Time‐dependent ROC curves were drawn by R package “timeROC.” The chi-square test was utilized to evaluate differences between categorical variables, and the t-test was applied to continuous variables, in which a nominal p-value < 0.05 was significant, and p ≥ 0.05 was equal to no significance (NS).
RESULT
Identification of es-LUAD patterns by cuproptosis-related genes
The flowchart was shown in Supplementary Figure S2. After normalization, GSE31210 and GSE50081 were combined as the training set and the batch effects were eliminated. These processes were a prerequisite for subsequent bioinformatics analysis. cuproptosis-related genes derived from recent studies (Kahlson and Dixon, 2022; Tsvetkov et al., 2022) were associated with the LA pathway (FDX1, LIAS, LIPT1, DLD), and the PDH pathway (DLAT, PDHA1, PDHB, MTF1, GLS, CDKN2A) (Figure 1A). In addition, we used an empirical cumulative distribution function (CDF) to determine the optimal number of clusters. Briefly, to identify tumors with common genetic signatures, the training set was subjected to a consensus clustering algorithm (input k = 2–10), based on the cuproptosis-related gene expression profiles (Supplementary Figure S2). When the parameter K = 2, the stability between the two patterns was the best. The cluster1 pattern contained 256 patients, and the cluster2 pattern contained 97 patients (Figures 1B,C). Remarkably, the predicted prognosis was analyzed by the Kaplan-Meier (KM) survival curve. The cluster2 group had notably shorter overall survival compared with the cluster1 group (hazard ratio (HR): 2.11, CI: 1.37–3.25), as was disease-free survival (HR: 2.14, CI: 1.39–3.30). All cohorts showed a significant p-value (p < 0.001) (Figures 1D,E). In addition, the heat map displayed the expression of cuproptosis-related genes in the two patterns and the demographic information of patients (Figure 1F). Importantly, the results displayed that cuproptosis genes may be essential for es-LUAD patients, and the clinical value was related to overall and disease-free survival.
[image: Figure 1]FIGURE 1 | Identification of cuproptosis-related patterns. (A) cuproptosis-related genes; (B,C) Consensus clustering analysis by the cuproptosis-related genes (k = 2); (D,E) KM analysis was used to plots OS and DFS curves of es-LUAD patitents (blue represented cluster1 pattern while red represented cluster2 pattern); (F) The heat map showed the expression and clinicopathological characteristics of the cuproptosis-related genes in two clusters. KM: Kaplan-Meier; OS: Overall survival; DFS: Disease-free survival; es-LUAD: early-stage lung adenocarcinoma.
Functional enrichment analysis of CR-DEGs
The volcano plot identified 415 CR-DEGs in cluster 1 and cluster 2. The heat map contained the top 50 up- and down-regulated genes, with the columns representing sample groups, and rows representing genes (Figures 2A,B). Functional enrichment analysis was applied to estimate the functions of the CR-DEGs in LUAD. The results of GO enrichment analysis showed that most DEGs were correlated with organelle fission, nuclear division, and chromosome segregation, which belong to the category of biological processes. The most abundant terms in the cellular composition categories were chromosomal region, spindle, and condensed chromosome. For the molecular functions, the strongest enrichment terms were ATPase activity, tubulin binding, and microtubule-binding (Figures 2C–E). KEGG results showed that CR-DEGs were mainly enriched in cycle-related pathways, for example, cell cycle, P53 signaling pathway, and Oocyte meiosis (Figure 2F). More detailed information is shown in Supplementary Table S2. Furthermore, GSEA was implemented to assess the functional differences between the two patterns. The results showed that cluster2 pattern has the actively enrichment of cell cycle pathways, such as cell cycle (NES = 2.16), DNA replication (NES = 1.98), Mismatch repair (NES = 1.96), and Oocyte meiosis (NES = 1.81) in cluster2 group (Figure 3A; Supplementary Table S3)
[image: Figure 2]FIGURE 2 | Functional enrichment analyses of CR-DEGs. (A) Volcano plot for the CR-DEGs with statistical significance (the green dots represented down-regulated genes, and the red dots represented up-regulated genes); (B) The heat map showed the expression of top 50 up-and down-regulated CR-DEGs; (C–E) GO analysis of CR-DEGs (|Fold Change|>1.5 and FDR<0.05); (F) KEGG analysis of CR-DEGs (|Fold Change|>1.5 and FDR<0.05). CR-DEGs: cuproptosis-related differentially expressed genes; GO: Gene Ontology; KEGG: Kyoto Encyclopedia of Genes and Genomes.
[image: Figure 3]FIGURE 3 | Identification hub genes in PPI network. (A) GSEA analysis of two patterns; (B) The STRING database and Cytoscape software was used to obtain hub CR-DEGs; (C) The hub 50-DEGs analyzed by Univariate Cox regression. PPI: Protein-Protein Interaction; GSEA: Gene Set Enrichment Analysis.
Protein-protein interaction networks (PPIs) of CR-DEGs
To explore the interrelationships among DEGs and to find the critical DEGs for subsequent analysis, we used the STRING database and Cytoscape software for visualization. The STRING database is a powerful tool which was used to efficiently perform protein interaction analysis and build PPI network. All hub genes in the PPI network were obtained by the Cytoscape software, and the CytoHubba plugin was used to calculate each Degree score (Figure 3B). Finally, the TOP50 hub DEGs were screened and univariate Cox regression was conducted to define the candidate prognosis-correlated CR-DEGs (Figure 3C).
Development of prognostic signature
To further explore the prognostic guidance of the top 50 CR-DEGs for patients with es-LUAD, the Lasso-Cox regression was conducted (10-fold cross-validation). Ultimately, we identified six prognostic genes: ASPM, CCNB2, CDC45, CHEK1, NCAPG, and SPAG5 (Figure 4A). These six prognostic genes were used to construct the risk model, and Figure 4B displayed the risk score and survival status of LUAD patients. Moreover, the heat map showed the expression of six prognostic genes between the high- and low-risk groups. According to the survival probability analysis, the survival probability of the high-risk group was markedly lower than that of the low-risk group (HR = 6.37, CI: 3.59–11.30) (Figure 4C). Then, time-dependent ROC curves were used to verify the diagnostic efficiency of the signatures. The results showed that the predicted AUC values of 1-, 3-, and 5-year survival in pathological stage I and II LUAD patients were 0.726, 0.755, and 0.764, respectively (Figure 4D). Univariate and multivariate Cox analyses were applied to further investigate the prognostic correlation of risk scores. Results showed that risk score was an independent prognostic factor in es-LUAD patients (Figure 4E).
[image: Figure 4]FIGURE 4 | Construction of risk model by six genes. (A) Construction of prognostic signature by Lasso regression and 10-fold cross validation; (B) Risk factor diagram of es-LUAD patients; (C) KM prognostic curve of training group; (D) ROC curve of training group; (E) Univariate Cox analysis and Multivariate Cox analysis of risk score. Lasso: Least absolute shrinkage and selection operator; KM: Kaplan-Meier; ROC: receiver operating characteristic.
Risk scores correlated with clinicopathological factors and reveal differences in biological functions
The correlation between risk scores and clinicopathological factors, including gender, age (≤65/>65), smoking history, and pathological stage were evaluated in order. Results indicated that female patients had lower risk scores (Figure 5A), patients with smoking history had higher risk scores (Figure 5C), and patients with pathological stage II had higher risk scores than those with pathological stage I (Figure 5D), yet there was no statistical difference in risk scores by age group (Figure 5B). Indeed, the results of the KM curve were accomplished on different clinicopathological factors. Figures 5E–L showed that the high-risk patients had poor survival time regardless of gender, age, smoking history, and pathological stage. The Hallmark gene sets were downloaded from the MsigDB for Gene Set Variation Analysis (GSVA) to investigate the correlation between risk scores and potential biological functions, and revealed that the low-risk group had higher levels of bile acid metabolism. The high-risk group had higher enrichment levels at the DNA repair, EMT, hypoxia, MTORC1 signaling, glycolysis, and G2/M checkpoint (Figure 6A).
[image: Figure 5]FIGURE 5 | Relationship between risk score and clinicopathological characteristics. (A–D) Differences in risk score by gender, age, smoking history and pathological stage; (E–L) Prognostic significance of risk score in different clinical factors.
[image: Figure 6]FIGURE 6 | Different characteristics were exhibited between high- and low-risk groups. (A) Differences in biological functions between high- and low-risk groups; (B) The expression of immune checkpoints in high- and low-risk groups; (C) Immune infiltration of 6 immune cell types calculated by TIMER algorithm.
Distinction of tumor microenvironment based on risk score
The expression levels of immune co-inhibitory molecules were closely reflected the response to immunotherapy. The comparison of the immune checkpoints between the high- and low-risk groups showed that the high-risk group had higher expression of CTLA4, LAG3, PD-L1, TIGIT and TIM3, while there was no significant difference in the expression of PD-1 (Figure 6B). In addition, the correlation between immune infiltration and risk score was investigated by the TIMER algorithm. The results revealed that the high-risk group had lower abundance of CD4+ T cells, while higher abundance of neutrophils (Figures 6C). Further, the ssGSEA algorithm was used to investigate the relationship between the infiltration abundance of 24 immune cell types and the risk score. As shown in Figure 7A,B, risk score was inversely correlated with most cells, including mast cells (r = 0.47) and CD8+T cells (r = 0.23), and was positively correlated with Th2 (r = 0.67). In addition, the comparison of immune cell infiltration abundances between high- and low-risk groups showed the same results. High-risk group had lower abundance of CD8+ T cells, DC cells, Mast cells, Tcm cells, TFH cells, while higher abundance of Th2 cells (Figure 7C). These results suggested that tumor progression and tumor escape may occur in patients with a high-risk score.
[image: Figure 7]FIGURE 7 | Immune landscape and differences in 24 immune cell types between the high- and low-risk. (A,B) The correlation between risk score and 24 immune cell types; (C) ssGSEA algorithm analyzed the different abundance of immune cells in the high- and low-risk groups. ssGSEA: single sample Gene Set Enrichment Analysis.
Validation of prognostic signatures risk model with GSE72094
To better evaluate the prognostic value of our model in patients with es-LUAD, we used an external validation set: GSE72094. Three hundred and twenty-one lung adenocarcinoma patients with pathological stage I and II were processed and extracted. As shown in Figure 8A, there was higher mortality in the es-LUAD patients with a high-risk score, and there were also significant differences in the expression of the six prognostic genes that formed the high accuracy model. Furthermore, we tested the model’s accuracy in predicting survival. The results revealed that the AUC values for 1-year, 3-year, and 5-year overall survival of es-LUAD patients were 0.730, 0.672, and 0.764, respectively (Figure 8B). Es-LUAD patients showed significant prognostic differences at different risk score levels, with worse outcomes in high-risk groups (Figure 8C). Further, Univariate and Multivariate Cox analyses were performed to validate the risk score as an independent prognostic factor (Figure 8D), indicating that the developed model is highly accurate in predicting the es-LUAD prognosis.
[image: Figure 8]FIGURE 8 | Validation of risk signature. (A) Risk factor diagram of es-LUAD patients in GSE72094 dataset; (B) ROC curve for GSE72094 dataset; (C) KM curve in validation group based on risk score. (D) Univariate and Multivariate Cox analysis of risk score and clinical factors. ROC: receiver operating characteristic; KM: Kaplan-Meier.
Nomogram based on risk score and clinical factors
To further improve the predictive efficacy of the model, gender, age, pathological stage and risk score were combined to construct a nomogram by using the R package “rms.” Prognostic significance was exhibited in 353 samples (The C-index = 0.77 (95% CI: 0.72–0.82), p-value < 0.001) (Figure 9A). KM curve analysis showed that the high- and low-levels of nomogram scores could significantly distinguish the prognostic status of es-LUAD patients, and patients with high scores had poor prognoses (Figure 9D). ROC curve analysis showed that the constructed nomogram had higher accuracy in predicting patient survival (Figure 9B). The predicted AUC values for 1-, 3-, and 5-year survival status reached 0.778, 0.806, and 0.791, respectively. To further validate this result, the external data, named the GSE72094, was used to construct and examine the nomogram. The results showed that the model still maintains high accuracy. In the GSE72094 set, patients with es-LUAD with high nomogram scores had a poor prognosis (Figure 9E). Thus, the predicted AUC values of 1-, 3-, and 5-year survival status of patients with es-LUAD significantly reached 0.749, 0.697, and 0.877, respectively (Figure 9C). Taken together, the nomogram model of risk score and clinicopathological characteristics can accuracy the predictive survival in es-LUAD patients.
[image: Figure 9]FIGURE 9 | Development of Nomogram. (A) Construction of Nomogram by gender, age, pathological stage, and risk score. (B,C) 1-, 3- and 5-year ROC curves for training group and validation group; (D,E) KM curve for training group and validation group (Based on Nomogram score). KM: Kaplan-Meier.
DISCUSSION
Copper is a vital “micronutrient” responsible for balancing cell structure and function: excessive copper can hurt various cells and organisms, causing copper-induced cell death. In the presence of unbalanced copper in human serum and tissues, copper promotes tumorigenesis through cancer progression, angiogenesis, and metastasis and acts as a critical cofactor for antioxidant enzymes and multiple forms of cell death (Masuri et al., 2021; Jiang et al., 2022). Previous studies have shown that copper-induced cell death is the mechanism by which inhibition of reactive oxygen species and mitochondrial permeability transition pore affects mitochondrial membrane function (Belyaeva et al., 2012). Another cell death way for inflammatory cells can occur is through cuprizone demyelination and is exhibited in two types: 1) internal death: oxidative stress caused by the alteration of cuprizone contributes to cell body damage of oligodendrocytes; 2) external death: accumulation of immune responses due to disruption of pro-inflammatory cytokines and regulators (Pasquini et al., 2007; Stys et al., 2012; Hooijmans et al., 2019; Zirngibl et al., 2022). Furthermore, the hepatic copper scores were correlated to hepatic neuroinflammatory, apoptosis, malondialdehyde, and fibrosis in various liver diseases (Yamkate et al., 2022), and excessive accumulation of copper can could inhibit mitophagy and promote apoptosis in hepatocytes (Yu et al., 2021). Excitingly, an increasing number of studies have focused on copper-induced cell death. Until recently, Peter Tsvetkov et al. reported a novel type of programmed death: cuproptosis, which has attracted great attention (Tsvetkov et al., 2022). However, no studies have been reported the significance and value of cuproptosis-related genes for guiding clinical treatment of es-LUAD patients. Consequently, it is of great practical importance to classify es-LUAD patients based on cuproptosis-related genes, and to construct a more accurate prognostic model.
LUAD makes up the major histological subgroup of NSCLC. Recently, diagnostic tests for detecting early-stage lung cancer are chest low dose computerized tomography (LDCT) and chest X-rays. However, some es-LUAD patients still have recurrence and metastasis beyond receiving the recommending treatment of the clinical guidelines (Nooreldeen and Bach, 2021; Fu et al., 2022; James et al., 2022). Discovery of new diagnostic tools is essential for evaluating cancer prognosis. With the rapid development of genomics and epigenomics, nearly researches in genomics and epigenomics have paid more attention in the risk stratification, which is also requisite for es-LUAD (Wadowska et al., 2020). In the study, we obtained ten cuproptosis-related genes. Based on expression profile of ten cuproptosis-related genes, the patients were classified into two distinct molecular patterns (cluster1 and cluster2) with notability differences in overall survival (OS) and disease-free survival (DFS): patients with cluster2 had a significantly worse prognosis compared to cluster1. To explore the potential mechanisms underlying the differences in prognosis between the two patterns, we the DEGs of two patterns were identified the DEGs of two patterns and performed functional enrichment analysis of the obtained CR-DEGs. The results of enrichment analysis showed that the CR-DEGs were related to ATPase active molecules, which was consistent with the mechanism that copper induced cell death by TCA cycle proteins (Kahlson and Dixon, 2022; Tsvetkov et al., 2022). Furthermore, we performed the GSEA enrichment analysis showed that cell cycle-related pathways were mostly enriched in cluster2. The results implied that the two different molecular patterns were truly different in the cell cycle function.
To judge the prognosis of individual patients with es-LUAD during the early period, we constructed a cuproptosis pattern-related prognostic model based on hub DEGs that play a central role in two es-LUAD patterns. The prognostic model is an initial exploration of the potential role of cuproptosis pattern-related biomarkers. Briefly, according to the univariate Cox and Lasso-Cox regression analyses, six specific biomarkers were explored in our signature (ASPM, SPAG5, CHEK1, NCAPG, CCNB2, and CDC45). The research has shown that spindle-associated proteins (ASPM and SPAG5), serine/threonine protein kinases (CHEK1), and NCAPG regulated mitotic spindle, segregating chromosome, and coordination of mitotic processes (Ashrafi et al., 2021). ASPM played a substantial role in Wnt signaling which could predict the outcome and survival of pancreatic cancer, as well as promote hepatocellular progression via autophagy (Hsu et al., 2019; Zhang et al., 2021a). Similarly, cyclin family proteins were the key to cancer death signatures. CCNB2 belonged to certain cell cycle control/manufacture proteins and elevates metastatic resistance to synergistic carcinogenesis (Glinsky, 2006). Recent studies have also shown that CDC45 regulated MCM7 in acute myeloid leukemia through the PI3K/AKT pathway, and another mechanism whereby replication partially disrupted eukaryotic DNA replication and triggered by ubiquitination of replication helicases (Zhang et al., 2021b; Jenkyn-Bedford et al., 2021).
In our study, risk score was calculated based on the expression of the six genes, and was considered as an integrated clinical parameter. Depending on the risk score, we could determine the prognosis of es-LUAD patients. In addition, risk score was identified as an independent prognostic factor by univariate Cox and multivariate Cox analyses. The risk score was a powerful complement to pathological stage. It could guide the risk stratification of patients and help clinicians to identify the population with poorer prognosis in es-LUAD early. By combining clinical parameters with the risk score, a more accurate nomogram was constructed. The results of the time-dependent ROC analysis revealed that the predictive efficacy of the nomogram was higher than the risk score. Notably, the predicted AUC values of 1-, 3-, and 5-year survival status reached 0.778, 0.806, and 0.791, respectively, demonstrating a high degree of accuracy. The same results are also obtained in the external independent validation set, which proves the good stability and generalizability of our constructed model.
To further explore the prognostic differences of es-LUAD patients between high- and low-risk groups at the level of molecular mechanisms, we performed GSVA enrichment analysis. We found that high- and low-risk groups showed significant heterogeneity in the enrichment levels of Hallmark gene sets. The high-risk group had higher enrichment levels for functional features such as DNA repair, EMT, hypoxia, MTORC1 signaling, glycolysis, and G2/M checkpoint, while the low-risk group had higher enrichment levels for Bile acid metabolism. This result explained the high activation of tumor progression and metastasis in patients with high-risk scores. The TME, where tumor cells live, plays a pivotal role in tumorigenesis, development and metastasis. Research has shown that the TME of LUAD patients is highly heterogeneous, and this difference in TME may also indirectly contribute to the poor survival status of some es-LUAD patients (Hinshaw and Shevde, 2019). In our study, we performed the immune infiltration analysis for patients in the high- and low-risk groups separately to look for differences in immune cell abundance. Excitingly, the high-risk score of es-LUAD had lower abundance of CD8+ T cells, DC cells, Tcm cells, and TFH cells. CD8+T cells, as key immune cells in tumor immunity, can specifically recognize and kill tumor cells (Raskov et al., 2021). In addition, numerous studies have also shown that DC cells, Tcm cells, and TFH cells are involved in fighting tumor progression (Liu et al., 2020; Wculek et al., 2020; Cui et al., 2021). Therefore, patients in the high-risk group exhibit an immunosuppressed TME that contributes more to tumor immune escape.
Due to the highly effective therapeutic effects, immune checkpoint inhibitors (ICIs) have made great progress in the application of cancer treatment, yet studies have found that only a fraction of patients are sensitive to immunotherapy (Zhang and Zhang, 2020). Therefore, an in-depth exploration of the model we constructed has potential value to guide the strategy of ICIs usage. In this study, we analyzed the expression of immune co-inhibitory molecules in the high- and low-risk groups separately. We found that the high-risk group had higher expression levels of CTLA4, LAG3, PD-L1, TIGIT, and TIM3. Previous studies have shown that the expression of immune co-inhibitory molecules correlates with the level of tumor escape and the effect of immunotherapy, so this result offers a new idea to identify es-LUAD with higher malignant risk and provide targeted adjuvant treatment strategies. In conclusion, unlike other prognostic models that include advanced lung adenocarcinoma, we focused on es-LUAD patients, an easily overlooked population (Fane and Weeraratna, 2020; Stoletov et al., 2020). By constructing a cuproptosis pattern-related prognostic model with high accuracy, we uncovered the potential clinical application of the risk score, which is expected to help clinicians in the future.
Nowadays, numerous cell death-related prognostic models have been published, such as apoptosis-related gene model (Zou et al., 2022), ferroptosis-related gene model (Zhong et al., 2022), and autophagy-related gene model (Deng et al., 2022). Unlike them, we for the first time confirm that the expression of cuproptosis pattern-related genes correlates with es-LUAD patients prognosis, and have a high predictive efficacy. However, there are certain shortcomings in our study. Our study is mainly based on secondary analysis of public databases, and therefore further experimental validation for the mechanism of cuproptosis in cancer is needed.
CONCLUSION
Cuproptosis-related genes may contribute to the classification of es-LUAD. The model constructed by cuproptosis pattern-related genes allowed risk stratification of es-LUAD patients and revealed differences in tumor microenvironment between different risk groups. In addition, the Nomogram based on risk score and clinical factors can accurately predict the survival status of es-LUAD patients, and may serve as an essential reference to guide clinical decision-making.
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Background: RAR-related orphan receptor C (RORC) plays an important role in autoimmune responses and inflammation. However, its function in cancer immunity is still unclear. Its potential value in cancer immunotherapy (CIT) needs to be further studied.
Methods: Expression and clinical data for 33 cancers were obtained from UCSC-Xena. The correlation between RORC expression and clinical parameters was analyzed using the limma software package to assess the prognostic value of RORC. Timer2.0 and DriverDBv3 were used to analyze the RORC mutation and methylation profiles. RORC-associated signaling pathways were identified by GSEA. The correlations of RORC expression with tumor microenvironment factors were further assessed, including immune cell infiltration (obtained by CIBERSORT) and immunomodulators (in pancancer datasets from the Tumor-Immune System Interactions and Drug Bank [TISIDB] database). In addition, the correlations of RORC with four CIT biomarkers (tumor mutational burden, microsatellite instability, programmed death ligand-1, and mismatch repair) were explored. Furthermore, three CIT cohorts (GSE67501, GSE168204, and IMvigor210) from the Gene Expression Omnibus database and a previously published study were used to determine the association between RORC expression and CIT response.
Results: RORC was differentially expressed in many tumor tissues relative to normal tissues (20/33). In a small number of cancers, RORC expression was correlated with age (7/33), sex (4/33), and tumor stage (9/33). Furthermore, RORC expression showed prognostic value in many cancers, especially in kidney renal clear cell carcinoma (KIRC), brain lower grade glioma (LGG), and mesothelioma (MESO). The mutation rate of RORC in most cancer types was low, while RORC was hypermethylated or hypomethylated in multiple cancers. RORC was associated with a variety of biological processes and signal transduction pathways in various cancers. Furthermore, RORC was strongly correlated with immune cell infiltration, immunomodulators, and CIT biomarkers. However, no significant association was found between RORC and CIT response in the three CIT cohorts.
Conclusion Our findings revealed the potential immunotherapeutic value of RORC for various cancers and provides preliminary evidence for the application of RORC in CIT.
Keywords: RAR-related orphan receptor C, pan-cancer, prognosis, immune microenvironment, immunotherapy
INTRODUCTION
Every year, approximately 20 million new cases of cancer are diagnosed and 10 million cancer-related deaths occur around the world (Sung et al., 2021). The occurrence of cancer is closely related to autoimmunity and its progression reflects the inability of the immune system to control the growth of tumor cells. Over the past decades, cancer immunotherapy (CIT) has become an effective clinical strategy. The principle of CIT is to induce the immune system to eliminate tumors, but there are still many patients who are unresponsive or poorly responsive to CIT (Riley et al., 2019). Further investigation into the association of immunity-related factors with cancer will provide reference data for future studies.
To obtain a more suitable microenvironment for growth, tumor cells alter the normal immune microenvironment by secreting immunosuppressive factors and further regulating immune cells, among which CD4+ T cells play an important role (Lowery et al., 2022). CD4+ T cells can differentiate into various subsets such as T helper cells (Th1, Th2, Th9, Th17, and Th22), regulatory T cells (Tregs), and follicular helper T cells (Saravia et al., 2019). Recently, several studies have confirmed that Th17 and Treg play important roles in cancer and autoimmunity (Knochelmann et al., 2018).
RAR-related orphan receptor C (RORC) is a 24-kb protein-encoding gene located on chromosome 1 (1q21.3). RORγ T, a RORC-encoded protein, is the key transcription factor responsible for Th17 polarization and function, as well as thymocyte development (Yahia-Cherbal et al., 2019). Studies have shown that RORC plays an important role in autoimmunity and inflammation (IvanovMcKenzie et al., 2006; Michelini et al., 2021). Several studies have shown that RORC performs critical regulatory functions in cell proliferation, metastasis, and chemoresistance in various malignancies such as hematologic tumors (Subramanian et al., 2019), breast cancer (Oh et al., 2014), bladder cancer (Cao et al., 2019), and melanoma (Brożyna et al., 2016). The exact role that RORC plays in other cancers is still unknown.
In this study, RORC expression was evaluated in 33 cancer types and the effects of RORC on the tumor immune microenvironment were determined. Furthermore, the associations of RORC expression with many immunomodulators and dynamic immunological biomarkers were investigated. In brief, this study investigated the role of RORC in the pancancer immune microenvironment and explored the potential value of RORC in CIT, which may be helpful for future studies.
MATERIALS AND METHODS
Data collection
RNA-seq data on 33 human cancer types were obtained from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/). Abbreviations and full names of the 33 cancers are shown in Table 1. RORC expression data in normal tissues was downloaded from the Genotype-Tissue Expression (GTEx) database (https://commonfund.nih.gov/GTEx/). Corresponding clinical and prognostic data were acquired from the University of California Santa Cruz (UCSC) Xena Explorer. Additionally, RNA-seq and clinical data from the following three CIT cohorts were downloaded from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/) and a previously published study (Mariathasan et al., 2018): 1) IMvigor 210 (34 patients with bladder cancer treated with the programmed death ligand 1 [PD-L1] inhibitor atezolizumab) (Mariathasan et al., 2018), 2) GSE67501 (patients with renal cell carcinoma treated with programmed cell death protein 1 [PD-1] inhibitor), and 3) GSE168204 (patients with metastatic melanoma treated with PD-1 inhibitor).
TABLE 1 | Full names of 33 cancer types and the numbers of tumor and adjacent normal tissues from TCGA database.
[image: Table 1]RAR-related orphan receptor C expression in 33 cancer types
Differences in RORC expression between tumor and normal tissues for 33 cancer types were analyzed using the limma package in R Studio software. To further analyze the differences in RORC expression in tumor tissues and normal tissues, we combined the TCGA data with GTEx data. The numbers of “healthy tissue” samples from the GTEx database are presented in Table 2. The Wilcoxon test was also used to analyze differences in RORC expression stratified by various clinical characteristics (age, sex, and tumor stage).
TABLE 2 | Number of healthy tissues from GTEx database.
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Cox regression analysis was performed to investigate the prognostic value of RORC in 33 cancers, based on overall survival (OS), disease-free survival (DFS), disease-specific survival (DSS), and progression-free survival (PFS). Hazard ratio (HR) > 1 represents a risk factor for death. p < 0.05 was considered significant. Kaplan–Meier survival curve analyses were also conducted for multiple cancer types. p < 0.05 was considered significant.
RAR-related orphan receptor C mutation and methylation profiles
TIMER2.0 (http://timer.comp-genomics.org/) was used to create a bar plot showing the RORC mutation rate for each TCGA cancer type (Li et al., 2020). DriverDBv3 (http://driverdb.tms.cmu.edu.tw/) is a cancer omics database that incorporates somatic mutation, methylation, copy number variation, RNA expression, miRNA expression and clinical data in addition to annotation bases (Liu et al., 2020). We explored the RORC mutation rates using both TIMER2.0 and DriverDBv3. Moreover, the RORC methylation types in multiple cancer types were obtained from DriverDBv3.
Gene set enrichment analysis (GSEA)
GSEA is commonly used to analyze differences in the levels of biological processes and pathways between two biological states in transcriptomics research (Powers et al., 2018). The gene set files c5. go.v7.4. symbols.gmt and c2. cp.kegg.v7.4. symbols were obtained from GSEA software (https://www.gsea-msigdb.org/gsea/index.jsp). GSEA was then used to analyze the biological processes and signaling pathways associated with RORC in 33 cancer types.
Correlations of RAR-related orphan receptor C expression with immune-related factors
Estimation of STromal and Immune cells in MAlignant Tumors using Expression data (ESTIMATE) is an algorithm that uses gene expression signatures to infer the proportion of stromal and immune cells in tumor samples (Yoshihara et al., 2013). The immune score and stromal score were calculated by ESTIMATE. Spearman’s correlation coefficient was used to analyze the correlations of RORC expression with the immune and stromal scores.
Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts (CIBERSORT) is a method for characterizing the cell composition of complex tissues based on gene expression profiles (Chen et al., 2018). We used the CIBERSORT algorithm to determine the infiltration of 22 lymphocyte subsets in the samples. Spearman’s correlation coefficient was used to analyze the correlations of RORC expression with the infiltration of the 22 lymphocyte subsets.
Tumor-Immune System Interactions and Drug Bank (TISIDB; http://cis.hku.hk/TISIDB/index.php) is a web portal dedicated to collecting data on the interactions between tumors and the immune system, and it integrates multiple heterogeneous datasets (Ru et al., 2019). The correlations of RORC expression with immunomodulators (immunoinhibitors, immunostimulators, and major histocompatibility complex (MHC) molecules) were investigated using TISIDB.
Additionally, PD-L1, tumor mutational burden (TMB), microsatellite instability (MSI), and mismatch repair (MMR) are crucial biomarkers that predict the CIT response (Rizzo et al., 2021). Therefore, the correlations of RORC expression with PD-L1, TMB, MSI, and MMR were further investigated using Spearman’s correlation coefficient. TMB was determined using the PERL programming language (version 5.32.1). MSI data were obtained from a previously published study (Bonneville et al., 2017).
Correlations of RAR-related orphan receptor C expression with CIT responses
Data on RORC expression and CIT responses [responsive, which was defined as complete response (CR) or partial response (PR), and non-responsive, which was defined as progressive disease (PD) or stable disease (SD)] were obtained from three relevant independent CIT cohorts (IMvigor210, GSE67501, and GSE168204). The Wilcoxon test was then used to analyze the differences in CIT response between the high and low RORC expression groups, and p < 0.05 was used to indicate a significant difference.
Statistical analysis
All statistical analyses were performed using R software (version 4.1.0). Correlation analyses were performed using Spearman’s correlation coefficient. Analyses of differential RORC gene expression were performed using Wilcoxon tests. p < 0.05 was considered to indicate statistical significance.
RESULTS
RAR-related orphan receptor C expression in 33 cancers
We explored the differences in RORC expression between tumor and normal tissues in 33 human cancers. RORC was differentially expressed in 12 cancers compared to adjacent normal tissues (BRCA, CHOL, COAD, ESCA, HNSC, KIRP, LUAD, LUSC, PRAD, READ, STAD, and THCA), with RORC expression being significantly higher in BRCA, LUAD, and PRAD than in adjacent normal tissues (Figure 2A). Figures 2B,C show RORC expression in various cancers and various normal tissues (GTEx data), respectively. Figure 2D shows the results of the combined analysis of TCGA and GTEx data, indicating that RORC expression was higher in BRCA, COAD, LUAD, OV, UCEC, and UCS than in normal tissues, but lower in ACC, CHOL, HNSC, KIRP, LAML, LGG, LIHC, LUSC, PAAD, READ, SKCM, STAD, TGCT, and THCA.
[image: Figure 1]FIGURE 1 | Analyses and indicators employed in our research.
[image: Figure 2]FIGURE 2 | Differential RORC expression between cancer and normal tissues. (A) Differential RORC expression between cancer and adjacent normal tissues based on TCGA data (cancers with <5 adjacent normal tissue samples were discarded). (B) Mean RORC expression in 33 cancer tissues (from high to low). (C) Mean RORC expression in normal tissues based on GTEx data (from high to low). (D) Differential RORC expression between cancer and normal tissues in various cancers based on combined TCGA and GTEx data.
We also explored the associations between RORC expression and clinical features in 33 human cancers. RORC expression significantly differed by age (<65 vs. ≥ 65 years) in BLCA, BRCA, ESCA, LAML, LGG, PAAD, and THYM (Figure 3A), sex (higher in females) in KIRC, KIRP, LUSC, and READ (Figure 3B), and tumor stage in ACC, BLCA, COAD, ESCA, HNSC, KICH, KIRC, LIHC, and LUSC (Figure 3C).
[image: Figure 3]FIGURE 3 | Associations of RORC with (A) age, (B) sex, and (C) tumor stage. *p < 0.05, **p < 0.01, and ***p < 0.001.
RAR-related orphan receptor C mutation and methylation profiles
To explore the mechanisms underlying differential RORC expression in various cancers, we explored the RORC mutation rate in multiple cancer types in the TCGA database using TIMER2.0 (Figure 4A) and DriverDBv3 (Figure 4B). TIMER2.0 showed that RORC had the highest mutation rate in SKCM (26/468) and the lowest in THCA (1/500). DriverDBv3 showed that the RORC mutation rate in most cancers was low. Figure 4C shows the methylation type of RORC in multiple cancer types. Interestingly, RORC was hypermethylated in CHOL, COAD, ESCA, KIRP, PAAD, and READ, but hypomethylated in LIHC, LUAD, LUSC, OV, PCPG, and UCEC.
[image: Figure 4]FIGURE 4 | RORC mutation and methylation analysis in various cancers. RORC mutation analysis using (A) TIMER 2.0, and (B) DriverDBv3 data. (C) RORC methylation type in various cancers.
Prognostic value of RAR-related orphan receptor C expression
To determine the correlation of RORC expression with prognosis (OS, DFS, DSS, and PFS) in 33 tumors, we used the survival and survminer R packages. RORC expression was a risk factor for OS in LGG patients, but a protective factor in KIRC, LIHC, MESO, SKCM, and THYM (Figure 5A). It was a risk factor for DFS in UCEC but a protective factor in PCPG, PRAD, and THCA (Figure 5B). It was a risk factor for DSS in LGG but a protective factor in BLCA, KIRC, LUAD and MESO (Figure 5C). It was a risk factor for PFS in LGG and CESC but a protective factor in BLCA, KIRC, LUAD, MESO, PCPG, PRAD, SKCM, and UVM (Figure 5D).
[image: Figure 5]FIGURE 5 | Prognostic value of RORC. Correlations of RORC expression with (A) OS, (B) DFS, (C) DSS, and (D) PFS. RORC expression was significantly correlated with the prognosis of the cancers in red box (p < 0.05). Hazard ratio >1 indicates that RORC expression was a risk factor for death.
To analyze the relationship between RORC expression and cancer prognosis more comprehensively, Kaplan-Meier survival curve analyses for 33 cancer types were conducted. RORC was significantly associated with OS in ACC, BLCA, GBM, KIRC, LIHC, MESO, THCA, THYM, and UVM (Supplementary Figure 1A), DFS in CESC, HNSC, PAAD, and THCA (Supplementary Figure 1B), DSS in ACC, BLCA, GBM, KIRC, LIHC, LUSC, MESO, PAAD, and THYM (Supplementary Figure 1C), and PFS in ACC, BLCA, CESC, KIRC, LGG, MESO, PAAD, THCA, and UVM (Supplementary Figure 1D).
Correlations of RAR-related orphan receptor C expression with immune cell infiltration
Tumor-infiltrating immune cells, as an important part of the tumor microenvironment, are closely related to the occurrence, progression, and metastasis of cancer. We explored the correlation of RORC with the immune and stromal scores, and on immune cell infiltration (thresholds: correlation coefficient >0.4, p < 0.001). RORC expression was positively correlated with the immune score in TGCT and ACC and the stromal score in TGCT (Figure 6). RORC expression was positively correlated with Treg infiltration in ESCA and TGCT and mast cell infiltration in MESO. In contrast, it was negatively correlated with mast cell, B lymphocyte, M0 macrophage, and M1 macrophage infiltration in THYM, but positively correlated with plasma cell, Treg, and naive CD4+ T cell infiltration.
[image: Figure 6]FIGURE 6 | Correlations of RORC expression with ESTIMATE scores and immune cell infiltration. Correlations are shown if R > 0.5 and p < 0.05.
Correlations of RAR-related orphan receptor C expression with immunomodulators
To further investigate the potential value of RORC in CIT, we explored the correlations of RORC expression with immunomodulators. Figure 7A demonstrates the correlations between RORC expression and 24 immunoinhibitors in a pancancer analysis. RORC expression exhibited the strongest positive correlation with IL10RB in TGCT, while it exhibited the strongest negative correlation with TGFB1 in ESCA. Figure 7B shows the correlations between RORC and 45 immunostimulators in a pancancer analysis. RORC expression exhibited the strongest positive correlation with TNFSF13 in ESCA, while it exhibited the strongest negative correlation with NT5E in MESO. Figure 7C shows the correlations between RORC expression and 21 MHC molecules in a pancancer analysis. RORC expression exhibited the strongest positive correlation with HLA-F in ACC, while it exhibited the strongest negative correlation with B2M in UVM.
[image: Figure 7]FIGURE 7 | Correlations of RORC expression with (A) immunoinhibitors, (B) immunostimulators, and (C) MHC molecules. Red indicates positive correlation; blue indicates negative correlation. The strongest negative and positive correlations are presented on the right.
Taken together, our results revealed particularly strong correlations between RORC and immunomodulators in ACC, ESCA, MESO, TGCT, and UVM. Interestingly, the biological processes involving RORC (according to GSEA) differed among these five cancers (Figure 8A). In particular, RORC was associated with T cell activation in ACC, and activation of the immune response and the adaptive immune response in TGCT. Additionally, the signaling pathways involving RORC (according to GSEA) were strikingly different (Figure 8B). Remarkably, RORC was associated with the Toll-like receptor (TLR) and Rig-I-like receptor (RLR) signaling pathways in MESO, but was also associated with the intestinal immune network.
[image: Figure 8]FIGURE 8 | GSEA showing the associations of RORC expression with (A) biological processes and (B) signaling pathways in five cancers.
Potential value of RAR-related orphan receptor C in CIT
TMB, PD-L1, and MSI are effective CIT biomarkers. The correlations between RORC expression and these three CIT biomarkers are shown in Figure 9A. RORC was positively correlated with TMB in LIHC, LGG, and ESCA, but negatively correlated in ACC, THYM, THCA, TGCT, SKCM, OV, LUSC, HNSC, GBM, DLBC, and BRCA. RORC expression was positively correlated with PD-L1 expression in ACC, UCS, TGCT, SKCM, SARC, LGG, LAML, and HNSC, but negatively correlated in THYM, THCA, STAD, READ, PRAD, PAAD, LUAD, ESCA, COAD, CESC, and BRCA. Interestingly, RORC expression was not significantly correlated with MSI in most cancers, but was negatively associated with MSI in TGCT, LUSC, and HNSC. The correlations of RORC expression with mismatch repair (MMR) were also investigated. RORC expression was highly correlated with MMR-related genes (including MLH1, MSH2, MSH6, PMS2, and EPCAM) in BRCA, ESCA, LUSC, and THYM (Figure 9B).
[image: Figure 9]FIGURE 9 | Correlations of RORC expression with (A) cancer immunotherapy (CIT) biomarkers (TMB, PD-L1, and MSI) and (B) MMR-related genes (PMS2, MSH6, MSH2, MLH1, and EPCAM) and (C) differences in RORC expression between responder and non-responder groups in three CIT cohorts. *p < 0.05, **p < 0.01, ***p < 0.001.
To verify the role of RORC in CIT, we investigated the association of RORC expression with CIT responses in three independent CIT cohorts (IMvigor 210, GSE67501, and GSE168204). In all three cohorts, RORC expression did not differ significantly between the responder and nonresponder groups (Figure 9C). However, there was a non-significant trend indicating that low RORC expression rendered tumors more responsive to CIT.
DISCUSSION
Cancer has always been a major public health problem worldwide and is the second leading cause of death after cardiovascular diseases (Global Burden of Disease Cancer et al., 2022). Currently, the main cancer treatment methods include surgery, radiotherapy, chemotherapy, and targeted therapy. It is difficult to completely eradicate tumors with conventional surgical treatment, which is always accompanied by a high risk of postoperative recurrence. Radiotherapy and chemotherapy kill normal cells as well as tumor cells and cause many side effects (Islam et al., 2019; Williams et al., 2020). Although targeted drugs may reduce adverse drug reactions, many tumors are prone to develop resistance against these drugs, leading to tumor recurrence (Holohan et al., 2013). With the development of molecular biology and oncobiology, CIT has become a new type of cancer treatment that effectively overcomes certain shortcomings of traditional treatment methods (McNutt, 2013). However, there are various ways in which cancer cells can evade the immune system and become unresponsive or poorly responsive to CIT.
RORγ T, a specific transcription factor encoded by RORC, plays a major regulatory role in Th17 cell polarization and function and is associated with autoimmunity and inflammation (IvanovMcKenzie et al., 2006). Recently, several studies have found that RORC is involved in the regulation of hematological tumors, breast cancer, bladder cancer, and melanoma (Oh et al., 2014; Brożyna et al., 2016; Cao et al., 2019; Subramanian et al., 2019). However, the exact role of RORC in other cancers remains unknown, although comprehensive studies of differences in RORC expression between tumor and normal tissues have revealed its potential value in CIT for a variety of cancer types.
Our study showed that there were significant differences in RORC expression between tumor and normal tissues (adjacent normal tissues [TCGA data] and healthy tissues [GTEx data]) in some cancers. Specifically, RORC expression was significantly higher in BRCA, COAD, LUAD, OV, UCEC, and UCS. Similarly, Lin et al. (Lin et al., 2015) found that RORC expression increases in BRCA, while Dong et al. (Dong et al., 2021) found that RORC expression in LUAD was higher than in normal tissues.
It is well known that gene mutation and methylation can alter gene expression (Yang et al., 2014; Jia and Zhao, 2017). Our results showed that the RORC mutation rate in most cancer types was low, whereas RORC methylation significantly differed between cancer and normal tissues in several cancers. Interestingly, abnormal RORC methylation occurred in the majority of cancers with differential RORC expression, which indicates that differential RORC expression may be caused by abnormal methylation in some cancers.
We found that RORC expression was higher in older patients (≥65 years) than younger patients (<65 years) in LAML. Notably, Subramanian et al. (Subramanian et al., 2019) found that RORC expression decreased with age in human T lymphocytic virus (HTLV)-1-infected patients who did not develop adult T-cell leukemia (which can occur decades after HTLV-1 infection (Nakahata et al., 2011)), demonstrating that an age-dependent decline in RORC expression indicates a possible early event in HTLV-1-driven leukemogenesis. We also found that RORC expression was not sex-specific in most cancers, and RORC expression varied with tumor stage in some cancers. Similarly, a previous study reported that RORC expression in BLCA decreases with increasing tumor stage (Cao et al., 2019). Notably, RORC expression had prognostic value in some cancers, especially KIRC, LGG, and MESO. Consistently, Ait Ssi et al. (Ait Ssi et al., 2021) found that RORC expression is upregulated in LGG patients with a poor prognosis. In conclusion, RORC expression can be an important regulator of cancers and RORC has prognostic value in some cancers.
The immune microenvironment is a vital feature of tumors; it can be used to predict the clinical prognosis of patients and it also plays an important role in predicting the response to CIT (Hanahan and Weinberg, 2011). Several studies (Paijens et al., 2021; Zheng et al., 2021) have confirmed that tumors are locally infiltrated with various immune cell subsets, including macrophages, dendritic cells, mast cells, natural killer cells, CD4+ T cells, and CD8+ T cells. Different types of tumors have different levels of immune cell infiltration, and even different patients with the same type of tumor have different levels of immune cell infiltration, which is one reason why patients respond differently to CIT (Wu and Dai, 2017).
The results of our study showed that RORC expression was positively correlated with immune and stromal scores as well as Tregs. Tregs play a crucial role in maintaining immune tolerance and repressing antitumor immunity (Knochelmann et al., 2018). Siska et al. (Siska et al., 2017) showed there was higher Treg infiltration in advanced TGCT. Moreover, the authors suggested that an increase in Treg infiltration may lead to a poor CIT response in nonspermatogonial germ cell tumors. Interestingly, RORC expression was positively correlated with Tregs, naive CD4+ T cells, and plasma cells in THYM, but was negatively correlated with naive B cells, M0 macrophages, M1 macrophages, and resting mast cells in THYM. In cases of THYM, the imbalance between Th17/Tregs in THYM may be the pathological mechanism underlying the development of myasthenia gravis (MG) (Chen et al., 2021a). Furthermore, the increase in plasma cell levels in MG patients has previously been confirmed (Kohler et al., 2013). Moreover, impaired macrophage polarization affects T cell apoptosis and T cell-mediated autoimmunity (Ghosh et al., 2015; Veremeyko et al., 2018). Thus, RORC may contribute to the development of MG by altering the infiltration of immune cells in THYM. Thus, RORC may be a potential target for the treatment of MG in patients with THYM.
We also investigated the biological processes and signaling pathways involving RORC in cancers. TLRs and RLRs play a vital role in cancer immunity (Bourquin et al., 2020). Notably, TLR and RLR signaling pathways were enriched in the high RORC expression subgroup of MESO patients. Similarly, a previous study demonstrated that TLR and Rig-I contribute to the progression of malignant MESO (Wörnle et al., 2009), which means that RORC may be a potential CIT target for use in MESO patients. In short, RORC is an important gene in the immune microenvironment in cancer patients.
Regarding the negative correlations between RORC expression and immunostimulators, RORC expression exhibited the strongest negative correlation with NT5E in MESO. NT5E encodes CD73, which is an ectonucleotidase present on cancer cells that helps cancer cells convert ATP into adenosine (Kordaß et al., 2018). Adenosine is an effective immunomodulator that inhibits antitumor immune responses and promotes metastasis (Allard et al., 2017). Al-Taei et al. (Al-Taei et al., 2017) reported the regulatory function of CD73 in the immune microenvironment in MESO, demonstrating the promising role of RORC in CIT for the treatment of MESO. Regarding the positive correlations between RORC expression and immunostimulators, RORC expression exhibited the strongest positive correlation with TNFSF13 in ESCA. TNFSF13 is a proliferation-inducing ligand of the tumor necrosis factor (TNF) superfamily. It plays an important role in autoimmunity and has also been reported as a potential molecular target to overcome immunosuppression (Chen et al., 2021b). Studies have shown that high TNFSF13 expression in tumor cells and fibroblasts is associated with a poor prognosis of non-small cell lung cancer, and TNFSF13 also promotes the development of LAML (Qian et al., 2014; Chapellier et al., 2019). Furthermore, TNFSF13 plays a crucial role in triple-negative breast cancer, laryngeal squamous cell carcinoma, gastric cancer, and glioma (Wang et al., 2016; Lin et al., 2020; Chen et al., 2021b; Zhang et al., 2021).
Regarding the negative correlations between RORC expression and immunoinhibitors, RORC expression exhibited the strongest negative correlation with TGFB1 in ESCA. Recently, Talukdar et al. demonstrated that TGFB1 expression influences the prognosis of ESCA (Talukdar et al., 2021). Furthermore, several studies have reported that high TGFB1 expression is associated with poor prognosis in many cancers (Liang et al., 2020; de Streel and Lucas, 2021). These findings further confirmed that RORC may be a potential CIT target for treating ESCA. Regarding the positive correlations between RORC expression and immunoinhibitors, RORC expression exhibited the strongest positive correlation with IL10RB in TGCT. As Hanna et al. (Hanna et al., 2021) reported, IL10RB can promote antitumor immunity by maintaining the PD-1intTCF-1+CD8+ T cell population.
Regarding the correlations between RORC expression and MHC molecules (which are closely associated with cancer occurrence and development (Cornel et al., 2020)), RORC expression exhibited the strongest positive correlation with HLA-F in ACC, and the strongest negative correlation with B2M in UVM. Although an association between HLA-F and ACC has rarely been reported, the differential HLA-F expression in STAD, BRCA, and COAD (relative to normal tissue) has been confirmed (Ishigami et al., 2015; Huang et al., 2020; Wuerfel et al., 2020). B2M is a critical molecule in tumorigenesis and immune monitoring and is considered a latent CIT target (Wang et al., 2021). On the basis of the correlations between RORC expression and the immunomodulators mentioned above, we propose that RORC may be a potential CIT target for treating certain cancers.
PD-L1 expression is considered an effective biomarker that can predict the clinical efficacy of PD-1/PD-L1 inhibitors (Davis and Patel, 2019), and MSI and TMB are also effective CIT biomarkers (Le et al., 2015; Romero, 2019). Therefore, we further studied the correlations of RORC expression with PD-L1, TMB, and MSI. RORC was negatively associated with PD-L1 and TMB in BRCA, THCA, and THYM, and negatively correlated with TMB and MSI in LUSC. Notably, RORC was correlated (mostly negatively) with PD-L1 in most cancers. Lytle et al. (Lytle et al., 2019) found that inhibiting RORC expression hinders the progression of PAAD, which they believe may represent a new treatment strategy for PAAD. Interestingly, our results showed that in PAAD, RORC expression was negatively correlated with PD-L1, suggesting that high RORC expression may be a reason for the insensitivity to anti-PD-L1 treatment in PAAD. These findings suggest that low RORC expression may improve CIT responses in certain cancers. There was a non-significant tendency for the low RORC expression subgroups to exhibit a better CIT response than the high RORC expression subgroups in the three independent CIT cohorts. Because only three relevant cohorts were explored in this study, it is difficult to comprehensively elucidate the CIT response in relation to RORC expression levels. More CIT cohorts should be studied in the future.
In addition, we must acknowledge that our study has several further limitations. In particular, the data on RORC gene expression in tumor and normal tissues, as well as the data showing the association between RORC expression and cancer prognosis, were obtained retrospectively from public databases. Although our study has obtained useful findings, validation involving animal experiments and prospective multicenter, large-sample studies is required.
CONCLUSIONS
This study comprehensively demonstrates the important role that RORC plays in immunity in many cancers. These findings provide preliminary evidence for the application of RORC in CIT.
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Aims: microfibrillar-associated protein 2 (MFAP2), a component of the extracellular matrix, plays key roles in regulating growth factor signal transduction and various malignant tumors. However, the clinicopathological features of microfibrillar-associated protein 2 in gliomas have not been elucidated to date.
Methods: TCGA and CGGA databases were used to study the expression of microfibrillar-associated protein 2 in glioma and its relationship with clinicopathological features of patients with glioma. Western blotting was performed to detect the expression of microfibrillar-associated protein 2 protein in tissue samples from glioma patients. Gene set enrichment analysis (GSEA) was applied to detect biological processes and signal pathways related to microfibrillar-associated protein 2. Single-sample gene set enrichment analysis, TIMER 2.0, and TISIDB databases were used to evaluate the role of microfibrillar-associated protein 2 in tumor immune characteristics. The prognostic role of microfibrillar-associated protein 2 in glioma was analyzed using the Kaplan-Meier method and Cox regression. Survival data were used to establish a nomogram prediction model.
Results: microfibrillar-associated protein 2 expression was significantly elevated in gliomas. receiver operating characteristic analysis revealed good discrimination of microfibrillar-associated protein 2 between glioma and normal tissues. High expression of microfibrillar-associated protein 2 was associated with malignant phenotypes, such as histological type. Based on gene set enrichment analysis, we identified pathways associated with high microfibrillar-associated protein 2 expression. High microfibrillar-associated protein 2 expression was related to the infiltration of tumor immune cells, including Th2 cells and macrophages, and correlated with key markers of T-cell exhaustion. Based on the TISIDB database, microfibrillar-associated protein 2 was observed to be associated with chemokines, chemokine receptors, and multiple immunoinhibitors in glioma. Kaplan–Meier survival analyses revealed that high microfibrillar-associated protein 2 expression predicted poor overall survival, DSS, and PFS in patients with glioma. By combining microfibrillar-associated protein 2 and other prognostic factors, a nomogram prognostic prediction model was constructed, which demonstrated an ideal prediction effect.
Conclusion: microfibrillar-associated protein 2 is a potential prognostic marker that plays a key role in glioma development given its association with malignant phenotypes, cancer-related pathways and tumor immunity.
Keywords: microfibrillar-associated protein 2, glioma, prognostic biomarker, immune microenvironment, extracellular matrix
INTRODUCTION
As the most common intracranial primary tumor, glioma exhibits aggressive behavior and is associated with high disability and mortality rates (Ostrom et al., 2022). The World Health Organization (WHO) classifies gliomas according to their degree of malignancy, molecular markers and pathological features. (Louis et al., 2021). Additionally, newly identified molecular biomarkers have become increasingly important in defining diagnostic information and influencing clinical decision-making of gliomas. Indeed, significant tumor biomarkers are needed to clarify the molecular mechanisms underlying glioma occurrence and development (Kan et al., 2020).
Extracellular matrix (ECM) is a highly dynamic network comprising collagen, proteoglycans, glycosaminoglycans, elastin, fibronectin and several other glycoproteins (Theocharis et al., 2016). In normal and tumor tissues, ECM constituents and cell adhesion receptors bind to one another to constitute intricate cell scaffolds for cell residence. In addition, ECM acts as a storage and binding site of bioactive molecules. Signals from ECM are transmitted to cells via cell surface receptors and regulate various cell functions, such as survival, proliferation, migration, differentiation, and immune response, to maintain normal homeostasis (Brown, 2011; Humphrey et al., 2014). A growing body of research has demonstrated that ECM remodeling plays a major role in shaping the inflammatory and immune milieu of tumors. ECM plays multiple roles in regulation of the tumor immune cycle, including inhibiting cancer cell death, reducing the deliverance of cancer cell antigens, interfering with cancer antigen submission, triggering and activating of effector T cells, regulating T cell migration and regulating perturbations in identification and destruction of cancer cells by T cells (He et al., 2021).
Microfibrillar-associated proteins (MFAPs) are a group of ECM glycoproteins comprising components of ECM microfibrils that are involved in microfibrillar-assembly elastin production and tissue environmental stability (Zhu et al., 2021). MFAPs include five subfamily members (MFAP1-5), among which the MFAP2-encoding gene located at 1p36.13 was the first family member to be characterized. MFAP2 functions to regulate growth factor signal transduction (Craft et al., 2018). MFAP2 was recently reported to be associated with various malignant tumors. For example, as a prognostic marker of hepatocellular carcinoma, MFAP2 leads to hepatocellular carcinoma cell epithelial-mesenchymal transition, and also promotes hepatocellular carcinoma angiogenesis via vascular endothelial growth factor A (Zhang et al., 2021); MFAP2, an oncogene in gastric cancer, promotes the progression of cancer through the integrin α5β1/FAK/ERK1/2 signaling pathway (Yao et al., 2020); MFAP2 is highly expressed in melanoma and leads to melanoma invasion and migration by upregulating EMT-related proteins and Wnt/β-catenin signal pathway (Chen et al., 2020). However, the expression and effection of MFAP2 on gliomas have yet to be reported. Based on the current literature, we hypothesized that MFAP2 plays an important role in malignant phenotype of glioma invasion, metastasis, and immunosuppression by remodeling tumor-related ECM components.
In this study, we investigated the influence of MFAP2 in patient survival and the correlation between MFAP2 expression and clinicopathological elements of glioma. To this end, we harnessed RNA-seq data from the CGGA and TCGA databases and enriched signaling pathways related to MFAP2 through bioinformatics analysis. Furthermore, we investigated the prognostic value of MFAP2 in glioma using a nomogram model. Our analyses revealed a correlation between MFAP2 and immune cell infiltration in gliomas. It affords crucial insight into the roles of MFAP2 in glioma and provides new directions for exploring the occurrence and development mechanism of glioma.
MATERIALS AND METHODS
Western blotting
Tissue samples (Neurosurgery department, The First Hospital of Jilin University), including 16 pairs of gliomas and para-cancer tissues, were collected with the approval of the Research Ethics Committee of the First Hospital of Jilin University. They were lysed using RIPA buffer (Beyotime Biotechnology, Shanghai, China) supplemented with protease inhibitors. The concentration of the protein sample was calculated using the BCA protein analysis kit (Thermo Scientific MA, United States) as per the manufacturer’s instructions. The proteins in the sample (containing 20 μg total protein) were separated using SDS-PAGE and transferred onto PVDF membrane (Merck Micropore, Burlington, MA, United States). Next, the membrane was blocked with 5% non-fat dried milk in TBS at 20°C for 90 min. Then, the membrane was incubated overnight with primary antibodies at 4°C. Primary antibodies for MFAP2 and β-actin were purchased from Abmart (Shanghai, China). Thereafter, incubation with appropriate horseradish peroxidase-conjugated secondary antibodies was carried out at 20°C for 2 h. The membrane was visualized using a gel imaging system (Sage Creation Science Co. Ltd., Beijing, China).
Data collection and preprocessing
RNA-seq data in transcripts per million formats for TCGA (https://www.cancer.gov/tcga.) and GTEx (http://www.gtexportal.org) were harmonized using the Toil process in the UCSC Xena browser (https://xenabrowser.net/datapages/) (Vivian et al., 2017). Data were collected from GBMLGG of TCGA (689 cases of glioma) and corresponding normal tissues in GTEx (1,157 cases). Gene expression data for CGGA were extracted from GlioVis (http://gliovis.bioinfo.cnio.es/) (Bowman et al., 2017; Zhao et al., 2021). We first excluded patients with missing prognostic information or unknown clinical features. Data were divided into high- and low-expression groups according to the median expression of MFAP2. This study was carried out in accordance with the Declaration of Helsinki.
DEG analysis
Expression profiles (HTSeq-Counts) were compared using the R package DESeq2 (1.26.0) (Love et al., 2014) to identify DEGs between the high- and low-MFAP2 expression groups. A |log2 (FC)| >2 and adjusted p-value <0.05 were considered threshold values for DEGs.
The enrichment analysis on the DEGs
We used the cluster profiler R package (v3.14.3) to perform Gene Ontology (GO) enrichment analysis, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis, and GSEA enrichment analysis on the DEGs (Yu et al., 2012). In GSEA analysis, MSigDB category (c2. cp.v7.2. symbols.gmt) was used as the reference gene set (http://software.broadinstitute.org/gsea/msigdb). p-value <0.05 and q < 0.25 were considered as statistically significant.
Immune infiltration analysis
The ssGSEA method of GSVA (Hanzelmann et al., 2013) was applied to investigate the correlation between MFAP2 and the 24 immunocyte types. The signature of characteristic genes of various immune cells was derived from a previous study (Bindea et al., 2013). Spearman’s correlation was applied to analyze correlation between MFAP2 expression and glioma immunocytes. Wilcoxon rank sum test was applied to investigate the degree of glioma immunocytes infiltration in high- and low-MFAP2 expression groups.
TIMER 2.0 and TISIDB database
TIMER 2.0 (http://timer.comp-genomics.org/) was used to adjust the effects of tumor purity on gene expression and to perform relevant analysis (Li et al., 2017). TISIDB (http://cis.hku.hk/TISIDB/) was applied to analyze the correlation between MFAP2 and chemokine receptors, chemokines, and immunosuppressants (Ru et al., 2019).
Statistical analysis of clinical factors and prognosis
Statistical analyses were analyzed using R (version 3.6.3). MFAP2 expression levels in tumor and unpaired normal tissues (TCGA tumor vs TCGA normal + GTEx) were compared using the Wilcoxon rank-sum test. Wilcoxon rank-sum test and receiver operating characteristic (ROC) analysis were applied to compare MFAP2 expression in tumor and normal tissues. ROC analysis was performed with pROC (1.17.0.1) to estimate the ability of MFAP2 to differentiate glioma from normal tissues. Normal, corrected Chi-square, Wilcoxon rank-sum, and Kruskal–Wallis rank-sum tests were used to analyze the relationship between MFAP2 expression and clinicopathological features. Analysis of survival was implemented via a Cox proportional hazards model and Kaplan-Meier method. Hazard ratio (HR) of overall survival (OS) was estimated using univariate and multivariate Cox regression analysis. Variables with p < 0.05 in univariate Cox regression analysis were included in multivariate Cox regression analysis. Kaplan-Meier survival curves were drawn using Survminer (ver0.4.9, https://cran.r-project.org/web/packages/survminer/index.html).
Prognostic model construction
The independent predictive factors of glioma were established by univariate and multivariate Cox regression analysis. RMS (6.2–0, https://cran.rproject.org/web/packages/rms/index.html) and SURVIVAL (3.3–1, https://cran.r-project.org/web/packages/survival/index.html) were used to construct nomogram, and the calculation was repeated 200 times using the bootstrap method. Each group of 40 samples was used to verify the nomogram and to draw a correction curve.
RESULTS
Clinical characteristics of microfibrillar-associated protein 2 in glioma
We obtained clinicopathological characteristics of patients with glioma from the TCGA database (Table 1). The relationship between MFAP2 expression and clinical characteristics was analyzed using the Chi-square and Wilcoxon rank-sum tests. High MFAP2 expression levels were significantly associated with WHO grade, IDH status, histological type, 1p/19q co-deletion, primary therapy outcome, and age, p < 0.001, but not gender (p = 0.491) or race (p = 0.246). Contrastive research of 1,157 cases of normal tissues and 689 cases of glioma tissues in the TCGA-GTEx database showed that MFAP2 expression levels were significantly higher in glioma than in normal tissues (p < 0.001, Figure 1A). A total of 1741 DEGs between the high- and low-MFAP2 expression groups were identified, including 1715 upregulated genes and 26 downregulated genes (Figure 1B). Furthermore, MFAP2 overexpression exhibited a strong ability to differentiate glioma from normal tissue, with an AUC value of 0.876 (Figure 1C). To study the expression of MFAP2 protein in glioma, expression of MFAP2 protein was assessed in freshly isolated para-cancer and tumor tissues. It was found that the expression of MFAP2 protein in glioma tissues was higher than that in the para-cancer tissues (Figures 1D,H).
TABLE 1 | The characteristics of patients with glioma based on TCGA.
[image: Table 1][image: Figure 1]FIGURE 1 | Expression of MFAP2 in tumor and normal tissues of patients with glioma. (A) Higher MFAP2 expression in glioma compared to that in normal tissue from the TCGA-GTEx database. (B) DEGs between the high- and low-MFAP2 expression groups. (C) ROC analysis of MFAP2 revealed promising differentiation ability between tumor and normal tissues. (D) and (E) Representative Western blot and the corresponding expression levels of MFAP2 protein in para-cancer and tumor tissues. p-value significance codes: ***p ≤ 0.001, **p ≤ 0.01, *p ≤ 0.05.
Upregulation of microfibrillar-associated protein 2 in malignant phenotypes of glioma
According to WHO standards, gliomas are classified as grades I through IV according to their malignant degree, with the most malignant glioma was grade IV. We compared MFAP2 expression levels of gliomas of different grades in TCGA database and observed that MFAP2 positively correlated with glioma grade (Figure 2A). Given the influence of 1p19q co-deletion and IDH status on glioma, we researched the association between these factors and MFAP2 expression. Patients with high MFAP2 expression had a higher proportion of 1p19q non-codeletion (Figure 2B) and wild-type IDH (Figure 2C), which were both signs of poor prognosis. Subsequently, we observed that MFAP2 overexpression was related to the histological type of gliomas and was significantly overexpressed in glioblastoma multiforme (Figure 2D). Similar results were validated using the CGGA database (Figures 2E–H). Based on the CGGA database, we identified that MFAP2 expression was significantly higher in the recurrent and secondary groups than in the primary group (Figure 2I). MFAP2 expression was significantly higher in the TERT expression (Figure 2J) and chromosome seven gains/chromosome 10 loss groups (Figure 2L) but lower in the ATRX mutant group (Figure 2K). These results suggest that MFAP2 is overexpressed in gliomas with malignant phenotypes, which may be associated with the poor prognosis of gliomas.
[image: Figure 2]FIGURE 2 | The association between MFAP2 expression and clinicopathologic features. MFAP2 expression patterns for different grades of glioma in TCGA (A) and CGGA (E) database. MFAP2 expression patterns for different co-deletions of 1p/19q in glioma in TCGA (B) and CGGA (F) database. MFAP2 expression patterns for different IDH status of glioma in TCGA (C) and CGGA (G) database. MFAP2 expression patterns for different histological types of glioma in TCGA (D) and CGGA (H) database. (I) MFAP2 expression patterns for glioma recurrence in CGGA database. (J–L) Relationship between MFAP2 expression and TERT expression status (J), ATRT status (K), and chromosomes 7 and 10 (L) in TCGA database. Codel, codeletion. Non-codel, non-codeletion. WT, wild type. p-value significance codes: ***p ≤ 0.001, **p ≤ 0.01, *p ≤ 0.05. ns, not significant.
The functions of microfibrillar-associated protein 2 in glioma
To explore the role of MFAP2 in gliomas, the GO and KEGG enrichment analyses based on MFAP2 expression were performed. The results confirmed that the biological processes associated with MFAP2 were extracellular matrix organization, cell chemotaxis, regulation of angiogenesis, cellular response to tumor necrosis factor, and epithelial-to-mesenchymal transition. The cellular components where MFAP2 was localized were mostly the secretory granule lumen, transcription factor complex, tertiary granule, specific granule, and the extracellular matrix. The molecular functions of MFAP2 were associated with cytokine activity, extracellular matrix structural support, growth factor activity, chemokine receptor binding, and chemokine activity (Figure 3A). KEGG enrichment results confirmed that MFAP2 was involved in cytokine-cytokine receptor interaction, transcriptional misregulation in cancer, ECM-receptor interaction, focal adhesion, and the IL-17 signaling pathway (Figure 3B). GSEA was used for enrichment analysis of overexpressed MFAP2 to identify activated signaling pathways in gliomas. As presented in Figure 4, six pathways were identified, including the activation of matrix metalloproteinases (Figure 3C), MET promotion of cell motility (Figure 3D), chemokine receptor binding to chemokines (Figure 3E), cell surface interactions at the vascular wall (Figure 3F), immunoregulatory interactions between lymphoid and non-lymphoid cells (Figure 3G), and cell cycle checkpoints (Figure 3H). These results implied that MFAP2 plays an important role in glioma cell migration, proliferation, tumor invasion, angiogenesis and immune infiltration.
[image: Figure 3]FIGURE 3 | Analysis of the role of MFAP2 in glioma. (A) Analysis of the GO results. (B) Analysis of the KEGG signaling pathways involving the MFAP2 protein in glioma. (C–H) Enrichment plots from GSEA.
[image: Figure 4]FIGURE 4 | Association between tumor-infiltrating lymphocytes and MFAP2 in glioma. (A) Association between abundance of the 24 types of immunocytes and MFAP2 expression level. (B) Th2 infiltration level in the high- and low-MFAP2 expression groups in the TCGA cohort. (C–E) Correlation between MFAP2 expression and Th2 markers. (F) Macrophage infiltration level in the high- and low-MFAP2 expression groups in the TCGA cohort. (G–I) Correlation between MFAP2 expression and M2-like macrophage markers. (J–O) Correlation between MFAP2 expression and T cell exhaustion markers. p-value significance codes: ***p ≤ 0.001.
Relationship between microfibrillar-associated protein 2 expression level and immune infiltration
Spearman’s correlation coefficient was used to investigate the relationship between MFAP2 expression level and immune cell enrichment. MFAP2 expression level was positively correlated with Th2 cells, macrophages, eosinophils, neutrophils and T cells but negatively correlated with pDC, Tgd, and TFH (Figure 4A). In view of the immunosuppressive effects of Th2 cells and M2 macrophages in cancer, we investigated the relationship between their infiltration levels and MFAP2 expression. As the result shown, MFAP2 overexpression was correlated with Th2 cells infiltration (Figure 4B). MFAP2 expression levels were positively correlated with STAT6 (p < 0.001, r = 0.393) (Figure 4C), GATA3 (p < 0.001, r = 0.526) (Figure 4D), and STAT5A (p < 0.001, r = 0.443) (Figure 4E) in Th2 cells. In addition, MFAP2 overexpression was correlated with macrophages (Figure 4F). And at the same time, MFAP2 expression levels were positively correlated with key markers of M2 macrophages, including MS4A4A (p < 0.001, r = 0.452) (Figure 4G), CD163 (p < 0.001, r = 0.542) (Figure 4H), and VSIG4 (p < 0.001, r = 0.371) (Figure 4I). Moreover, MFAP2 expression levels were positively correlated with key markers of T-cell exhaustion, including GZMB (p < 0.001, r = 0.497) (Figure 4J), PDCD1 (p < 0.001, r = 0.495) (Figure 4K), PDCD1LG2 (p < 0.001, r = 0.508) (Figure 4L), CTLA4 (p < 0.001, r = 0.350) (Figure 4M), LAG3 (p < 0.001, r = 0.406) (Figure 4N), and HAVCR2 (p < 0.001, r = 0.406) (Figure 4O). Given the effects of tumor purity on the microenvironment in glioma, TIMER algorithm was used to correct the expression levels of key immune cell markers affecting tumor purity, and its correlation with MFAP2 was analyzed. We observed that MFAP2 was strongly linked to the majority of key markers of immune-infiltrating cells in LGG. MFAP2 expression in GBM did not exhibit a clear association with infiltrating immune cells (Supplementary Table S1).
Chemokines are essential modulators of the inflammatory response and play a major role in controlling the degree of immune cell infiltration. We identified an association between MFAP2 expression and chemokines; indeed, chemokines such as CCL5, CCL8, CCL14, and CXCL13 were associated with MFAP2 expression in both LGG and GBM. MFAP2 expression was also correlated with chemokine receptors in gliomas, such as CCR3, CCR7, CXCR4, and CXCR6, which were significantly associated with MFAP2 expression in both LGG and GBM (Figure 5).
[image: Figure 5]FIGURE 5 | Correlation between MFAP2 expression and chemokines or chemokine receptors in glioma from the TISIDB database. (A) Relevance between MFAP2 expression and chemokines in 30 tumors, including LGG and GBM. (B–E) Relevance between MFAP2 expression and chemokines (CCL5, CCL8, CCL14, and CXCL13) in LGG. (F–I) Correlation between MFAP2 expression and chemokines (CCL5, CCL8, CCL14, and CXCL13) in GBM. (J) Correlation between MFAP2 expression and chemokine receptors in 30 tumors, including LGG and GBM. (K–N) Correlation between MFAP2 expression and chemokine receptors (CCR3, CCR7, CXCR4, and CXCR6) in LGG. (O–R) Correlation between MFAP2 expression and chemokine receptors (CCR3, CCR7, CXCR4, and CXCR6) in GBM. Color images are available online.
Additionally, MFAP2 expression was correlated with immunoinhibitory in gliomas, such as ADORA2A, CD96, CD244, CSF1R, HAVCR2, IDO1, IL10, IL10RB, KDR, LAG3, LGALS9, PDCD1, PDCD1LG2, PVRL2, TGFB1, and TGFBR1, which were positively correlated with MFAP2 expression in both LGG and GBM (Figure 6).
[image: Figure 6]FIGURE 6 | Relevance between MFAP2 expression and immunoinhibitors in glioma in the TISIDB database. Correlation between MFAP2 expression and immunoinhibitors (ADORA2A, CD96, CD244, CSF1R, HAVCR2, IDO1, IL10, IL10RB, KDR, LAG3, LGALS9, PDCD1, PDCD1LG2, PVRL2, TGFB1, and TGFBR1) in LGG (A) and in GBM (B). Color images are available online.
Prognostic value of microfibrillar-associated protein 2 in glioma
To assess the prognostic value of MFAP2 in glioma, Kaplan–Meier survival analysis was performed. As presented in Figure 7A, high MFAP2 expression levels were markedly related to poorer overall survival of patients with glioma. We further verified disease special survival and progression-free interval and observed that both disease special survival and progression-free interval were lower in patients with glioma with high MFAP2 expression than in those with low MFAP2 expression (Figures 7B,C). Multivariate analysis revealed that high MFAP2 expression was associated with low survival in patients with WHO G3/G4 glioma (Figures 7D,E), IDH-mutated glioma (Figures 7F,G) and non-codeletion glioma (Figures 7H,I). These results suggest that patients overexpressing MFAP2 have poorer prognosis, underscoring the potential of MFAP2 as a prognostic biomarker (Table 2).
[image: Figure 7]FIGURE 7 | Kaplan–Meier survival analysis of patients with glioma based on MFAP2 expression in the TCGA database. (A) Overall survival. (B) Disease-specific survival. (C) Progression-free survival. (D) Overall survival of patients with WHO G2 glioma. (E) Overall survival of patients with WHO G3/G4 glioma. (F) Overall survival of patients with IDH wild-type glioma. (G) Overall survival of patients with IDH mutated glioma. (H) Overall survival of patients with 1p/19q codeletion glioma. (I) Overall survival of patients with non-codeletion glioma.
TABLE 2 | Cox regression analysis for clinical outcomes in glioma patients.
[image: Table 2]Foundation and verification of a prognostic nomogram that correlated with microfibrillar-associated protein 2 expression
To afford a quantitative method to predict the prognosis of glioma patients, we established a nomogram [C-index: 0.859 (0.841–0.877)] by integrating MFAP2 with classical clinical risk factors (Figure 8A). The projected OS rates of patients with glioma at 1, 3, and 5 years were calculated, and the calibration diagram shows that the deviation correction line is close to the ideal curve and nomogram prediction results are in good agreement with actual results (Figure 8B). Time-dependent ROC analyses were performed to identify the prognostic value of MFAP2-based risk scores. AUCs for the 1-, 3-, and 5-years OS predictions for the risk scores were 0.787, 0.795, and 0.752, respectively (Figure 8C). Since WHO grade, primary therapy outcome, age, IDH status, and 1p/19q codeletion are important clinicopathologic characteristics for glioma progression, we further performed ROC analysis combining MFAP2 expression with these parameters. The AUC results for 1-, 3-, and 5-years survival rates were 0.943, 0.898 and 0.768, respectively, for the following parameters: WHO grade, primary therapy outcome, age, IDH status, and 1p/19q codeletion (Figure 8D). On the other hand, the AUC results for 1-, 3-, and 5-years survival rates were 0.945, 0.898 and 0.778, respectively, based on the following parameters: WHO grade, primary therapy outcome, age, IDH status, 1p/19q codeletion and MFAP2 (Figure 8E). Collectively, these results indicated that our nomogram could accurately forecast survival of glioma patients.
[image: Figure 8]FIGURE 8 | Construction of MFAP2-related prognostic nomogram. (A) Nomogram survival prediction in patients with glioma. The top row presents the point value for each variable. (B) The calibration curve displays the difference between the model prediction of 1-, 3-, and 5-years survival and actual survival outcomes. (C) Time-dependent ROC curve AUC validated the effect of mfAP2-based risk score on prognosis. (D) Time-dependent ROC curve AUC validated the effects of WHO grade, primary therapy outcome, age, IDH status, and 1p/19q codeletion based risk score on prognosis. (E) Time-dependent ROC curve AUC validated the effect of WHO grade, primary therapy outcome, age, IDH status, and 1p/19q codeletion of the MFAP2-based risk score on prognosis.
DISCUSSION
Despite recent progress in multimodal treatments for glioma (particularly for the most invasive glioblastoma multiforme), the overall prognosis continue to be unfavorable and the long-term survival rate is very low (Tan et al., 2020). Indeed, the 5-year survival rate for glioma patients is only 6.8% (Ostrom et al., 2021). A principal malignant characteristic of gliomas is their ability to infiltrate. The tumor cells have infiltrated deep when a glioma develops. Studies on the role of tumor microenvironment in glioma invasion have been expanding in recent years. Tumor cells degrade surrounding ECM by secreting protease, resulting in tumor invasion (Tamai et al., 2022). MFAP2 is a key ECM glycoprotein and protein component of ECM microfibrils. Changes in MFAP2 expression regulate ECM remodeling (Gomez de Segura et al., 2021). By interacting with EGFL7, MFAP2 promotes its deposition into fibers in the endothelial ECM, thus playing a key role in vascular development (Villain et al., 2018). Growing evidence suggests that MFAP2 plays a crucial role in the development of malignant tumors. For instance, MFAP2 promotes motility of cancer cells through the integrin α5β1/FAK/ERK pathway in gastric cancer (Yao et al., 2020). In the current study, by analyzing clinicopathological data from patients with glioma, we confirmed for the first time that MFAP2 is associated with the malignant phenotype of glioma, tumor-related pathways, and tumor immunity. Our findings underscore the key role of MFAP2 in glioma development and highlight its potential as a prognostic biomarker.
In the present study, we systematically explored the transcriptome data related to glioma in TCGA and CGGA databases and observed that MFAP2 expression was meaningfully increased in glioma. MFAP2 overexpression exhibited promising discriminative power for distinguishing tumors from normal tissues. Next, we explored MFAP2 expression in various types of glioma and observed that MFAP2 expression levels correlated positively with tumor grade, histology, recurrence, and other biomarkers such as 1p19q codeletion, IDH status, TERT expression, ATRX status, and chromosomes 7 and 10. These outcomes correspond with a former report that MFAP2 promotes epithelial-mesenchymal transformation, proliferation, and migration in tumor cells (Chen et al., 2020; Yao et al., 2020; Zhang et al., 2021). The results of the functional analysis of MFAP2 protein in glioma revealed that MFAP2 correlated with signaling pathways activated in gliomas, such as activation of matrix metalloproteinases, MET promotion of cell motility, chemokine receptor binding to chemokines and cell cycle checkpoints. Mechanistically, MFAP2 overexpression may lead to ECM remodeling, epithelial-mesenchymal transformation, and promotion of tumor cell migration via the integrin α5β1/FAK/ERK (Yao et al., 2020); nevertheless, the specific mechanisms remain unclear.
Furthermore, this study demonstrated that MFAP2 was strongly associated with the degree of immune infiltration in glioma, especially Th2 cells and macrophages. Previous studies have reported that among different tumor-infiltrating lymphocyte subpopulations, two distinct subpopulations of CD4+ cells exist, namely, helper T cells (Th)1 and Th2 cells. Th2 cells generate IL-4 and IL-10, which promote tumor growth by inhibiting the host immune system (Dushyanthen et al., 2015; Zhao et al., 2019). Guided by different tumor microenvironment signals, macrophages differentiate into two functional phenotypes: classically activated macrophages (M1) and alternately activated macrophages (M2). Contrary to the antineoplastic effect of M1, M2 has antiphlogistic and oncogenous effects (Yang et al., 2020). By further assaying the correlation between MFAP2 expression levels and immune cells, we observed that the improved MFAP2 expression correlated positively with markers of Th2 cells and M2 macrophages. In addition, an increase in MFAP2 expression correlated positively with markers of T cell exhaustion. The association between MFAP2 and immune cells suggests that MFAP2 plays a pivotal role in the regulation of tumor immunity in gliomas. The relationship between high MFAP2 expression and immune cell infiltration in glioma was further confirmed by an analysis of key immune cell markers. However, TIMER2.0 database analysis revealed that MFAP2 in LGG was significantly associated with immune-infiltrating cells, but not with GBM. This may be because tumor cells adopt different strategies to inhibit the immune system at different stages of the antitumor immune response to survive (Liu and Cao, 2016). We further researched the relationship between MFAP2 expression and chemokines, chemokine receptors, and immunoinhibitors in gliomas. We observed that these parameters were correlated in both LGG and GBM. These results suggest that high MFAP2 expression in gliomas plays a pivotal role in immunosuppression and that targeting MFAP2 is a potential therapeutic strategy to improve the outcome of immunotherapy.
To predict the prognosis of glioma, predictive risk models have increasingly been established, and these different roles in the prognostic risk assessment of glioma patients (Qu et al., 2020; Qu et al., 2021a). Among the clinicopathological parameters, age, histopathology, IDH status, 1p/19q status, radiotherapy, chemotherapy, and recurrence were identified as independent prognostic factors for patients diagnosed with high-grade glioma. The visual prediction model on which these findings are based has been reported to exhibit strong predictive value (Qu et al., 2021b). Recent progress in sequencing technology has promoted in-depth investigations into the molecular diagnosis of gliomas, revealing several genetic biomarkers (Hu and Qu, 2021; Mao et al., 2022). The diagnostic and prognostic value of biomarkers in glioma was confirmed, and some biomarkers were used to guide the diagnosis and treatment of glioma in the fifth edition of the classification of central nervous system tumors released by WHO in 2021 (Louis et al., 2021). Before our study, there have been a lot of prognostic markers in glioma. However, glioma is a kind of malignant tumor with multigene abnormalities. Its pathogenesis may be the high expression of proto-oncogenes and/or the inactivation as well as deletion of tumor suppressor genes, leading to the proliferation and malignant transformation of malignant cells (Seidu et al., 2017). Consequently, when it comes to predicting patients’ prognoses, one biomarker is not sufficient and multiple biomarkers are required (Qu et al., 2021a). In this study, Kaplan-Meier survival and Cox regression analysis showed that high MFAP2 expression levels predicted poor OS, DSS, and PFS in patients with glioma. Common clinicopathological parameters combined with the analysis of MFAP2 expression improve the predictive ability of OS in glioma patients. Moreover, the nomogram based on multivariate Cox analysis could predict short- or long-term survival of patients with glioma. Collectively, these findings highlight the potential of MFAP2 as a novel prognostic biomarker and a potential target for glioma immunotherapy.
The current study has several limitations. A major shortcoming is that the functions and mechanisms of MFAP2 were explored in vitro, they were needed to be further confirmed by in vivo and in vitro experiments. Secondly, in addition to TCGA and CGGA cohorts, another retrospective single-center cohort is necessary to validate the above findings. In this study, we have made a preliminary discovery that provides a basis for our next experiments to explore functional mechanisms.
CONCLUSION
In conclusion, the current study verified the role of MFAP2 in malignant progression and immune microenvironment of glioma. MFAP2 overexpression is relevant to poor prognosis and is considered an independent factor in patients with glioma. Our findings reveal that MFAP2 may be a valuable prognostic marker for gliomas.
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Background: The non-receptor protein tyrosine phosphatase (PTPN) gene family has been considered to be involved in the oncogenesis and development of multiple cancers. However, its prognostic utility and immunological relevance in breast cancer (BrCa) have not been clarified.
Methods: A transcriptional level interpretation of the expressions and prognostic values was analyzed using the data from The Cancer Genome Atlas (TCGA) cohort. In addition, GO and DAVID pinpoint the functional enrichment of PTPNs. Moreover, the immune correlations of PTPN7 in BrCa and pan-cancer were further investigated based on the TCGA cohort and were testified using the in-house and the Gene Expression Omnibus (GEO) cohorts.
Results: For systematic analysis of the PTPN family, we found that the expression levels of PTPN1, PTPN6, PTPN7, PTPN18, PTPN20, and PTPN22 was promoted in tumor tissues while comparing with paraneoplastic tissues during our study. We further investigated their functions and protein-protein interactions (PPI), and these results strongly suggested that PTPN family was associated with protein dephosphorylation. Next, we performed an immunological relevance analysis and found that PTPN7 was correlated with immune infiltration, suggesting a stronger association of PTPN7 with immuno-hot tumors in BrCa. In addition, results from the in-house cohort confirmed the positive correlation between PTPN7 and PD-L1. The pan-cancer analysis revealed that PTPN7 was related to PD-L1 and CTLA-4 expression in almost all cancer types. Finally, the predictive value of PTPN7 for immunotherapy was significant in two independent GEO cohorts.
Conclusion: In conclusion, this is the first extensive research on the correlation between PTPN family expression and immune characterization in BrCa. As results, PTPN7 expression is associated with immuno-hot tumors and could be a promising predictive biomarker for immunotherapy in not only BrCa but multiple cancers.
Keywords: PTPN, bioinformatics, breast cancer, immune infiltration, biomarker
1 INTRODUCTION
Breast cancer (BrCa) is one of the most frequent kinds of cancer and is the common cause of cancer-related death among female worldwide (Wang et al., 2021a). There will be around 51,400 new cases of BrCa in 2022, which ranks the first among all cancers (Siegel et al., 2022). The morbidity and mortality of BrCa vary from country to country, with age-standardized incidence ranging from a high of 112.3 per 100,000 in Belgium to a low of 35.8 per 100,000 (Lei et al., 2021). Early detection and diagnosis of BrCa are crucial to improving curative effects and clinical outcomes. Treatments for BrCa includes surgical excision, radiotherapy, endocrine therapy, chemotherapy, and immunotherapy (Trayes and Cokenakes, 2021). Tumor biomarkers are representatives of these characteristics used to predict outcomes. What’s more, there are various outcomes while the immunotherapy involved in BrCa caused by individual presentation. Unpredictable, unrealizable, and uncountable situation happened in BrCa immunotherapy. (Emens, 2018) Additionally, due to the lack of BrCa-specific biomarker the reaction for different subtypes of BrCa is intricate and unexplainable such as the TNBC is an immune-hot type cancer for consider. (Howlader et al., 2018) However, the incomprehensive recognition of BrCa take the challenge of BrCa treatment. Therefore, it is necessary to identify novel biomarkers that are meaningful for the prognostic evaluation and therapeutic prediction in BrCa.
Non-receptor protein tyrosine phosphatase (PTPN) is a group of enzymes involved in tyrosine phosphorylation (Chen et al., 2020). Tyrosyl phosphorylation is a bidirectional and elastic process that plays a key role in many cellular signaling pathways (Li et al., 2013). PTPNs are encoded by 103 genes divided into four major superfamily categories, each of which is given a formal gene name by the Human Genome Organization in the Nomenclature Committee (Alonso et al., 2004). The 17 non-receptor PTPs belonging to the biggest family class I are labeled as PTPNs, followed by numbers, under the latter scheme. More evidence has emerged in recent years indicating members of the PTPN gene family are involved in a wide range of physiological and pathological processes, including cell proliferation, immunological response, and metabolism (Lu et al., 2022). Similarly, members of the PTPN family have a role in the oncogenesis and development of multiple malignancies. For example, PTPN12 plays an essential role in tumor growth and the transformation of triple-negative breast cancer (Thummuri et al., 2015; Nair et al., 2018). Simultaneously, PTPN3 inhibits the growth of lung neuroendocrine cancer (Koga et al., 2021). Moreover, PTPN18 inhibits the metastasis of endometrial cancer cells (Cai et al., 2019). In general, this evidence makes the PTPNs promising prognostic and therapeutic targets for cancer therapy. However, the unique functions and immuno-correlations of PTPN family genes in BrCa have not been fully elucidated so far.
In this study, we investigated the expression of PTPN in BrCa specimens and discussed its clinical characteristics using The Cancer Genome Atlas (TCGA) database. We also comprehensively analyzed the correlation between PTPNs and characteristics of tumor microenvironment (TME). In addition, an in-house cohort was used to confirm the correlation between PTPN7 and PD-L1 at the protein level in BrCa. Moreover, the pan-cancer analysis of PTPN7 was also conducted, which revealed that PTPN7 might be a novel predictive biomarker for immunotherapy.
2 MATERIALS AND METHODS
2.1 Public data acquisition
The data of RNA-sequencing (RNA-seq) and clinical information in the TCGA were downloaded from the UCSC Xena data portal (https://xenabrowser.net/). In addition, the GSE35640 (Ulloa-Montoya et al., 2013), GSE126044 are the non-small cell lung cancer datasets. Moreover, GSE35640 (Ulloa-Montoya et al., 2013)is early-stage lung cancer dataset and PRJNA558949 (Blenman et al., 2022) is the TNBC dataset. Except PRJNA558949 is from the NCIB BioProject, the others are from the GEO database. All of datasets are the RNA-seq data from cancer patients receiving immunotherapy, were also acquired from the official website (https://www.ncbi.nlm.nih.gov/geo/).
2.2 Kaplan-meier plotter database analysis
Kaplan-Meier plotter (https://kmplot.com/analysis/) is a website’s tool comprising gene expression cohorts, clinical information, survival data which contained multiple types of cancer patients (Sun et al., 2019). All cancer samples accessible on the Kaplan-Meier plotter were aimed to evaluate the prognostic values of PTPNs in BrCa. The patients, who is diagnosed with BrCa, were divided into cohorts based on expression levels of PTPNs in the median reproduction, with the rest of the settings set to default. Kaplan-Meier survival plots were derived into display all of the cohorts. The log-rank p-value, 95 percent confidence interval (95%CI), and hazard ratio (HR) were computed and shown online.
2.3 Database for annotation, visualization, and integrated discovery database analysis
The Database for Annotation, Visualization, and Integrated Discovery (DAVID) was employed to perform gene ontology (GO) analysis of PTPNs (Dennis et al., 2003). The background variable was chosen to be the human genome (Homo sapiens). When the false discovery rate (FDR) was less than 0.05, enrichment terms were judged statistically significant.
2.4 Protein-protein interaction network construction
GeneMANIA is a dynamic and visual protein-protein interaction (PPI) prediction tool based on website, which aimed to create a customizable function for the inspection of genes with comparable functions (Warde-Farley et al., 2010; Esmaeili et al., 2019). GeneMANIA was used to analyze the PPI of PTPN family members in this study. The STRING database incorporates data from a variety of sources, including experimental data, computer prediction approaches, and publicly available text collections. It is open to the public and is updated on a regular basis (Szklarczyk et al., 2021). In this research, we used the STRING tool to construct the PPI network of PTPNs and the result was visualized with Cytoscape. The MCC algorithm was used to identify the PPI hub gene in the network.
2.5 Estimation of the immunological characteristics of the TME
The tumor Immune Estimation Resource (TIMER) database is an online tool for systematic analysis of immune cell infiltration across diverse cancer types from TCGA (Li et al., 2017). TIMER uses a deconvolution algorithm to estimate the abundance of tumor-infiltrating immune cells (TIICs) based on gene expression profiles (Dong et al., 2020). We evaluated PTPN7 and PTPN22 expression in multiple cancers and the correlation of PTPN7 and PTPN22 expression with the abundance of TIICs, including B cells, CD8+ T cells, and CD4+ T cells, neutrophils, macrophages, and dendritic cells, and the tumor purity. To validate the involvement of PTPN7 in cancer immunity in BrCa, we assessed the correlations between PTPN7 and immune checkpoints expression, immune cell markers expression, as well as IPS. In addition, we split the patients into high- and low-PTPN7 groups based on PTPN7 transcriptional levels using a 50 percent threshold and compared tumor mutation burden (TMB) in BrCa.
2.6 Linked omics database analysis
A web-based tool for evaluating multidimensional data cohorts is the Linked Omics database (http://www.linkedomics.org/login.php) (Vasaikar et al., 2018). Gene set enrichment analysis was used to predict the functional functions of PTPN7 in BrCa using the Linked Omics tool in the term of Gene Ontology (GO) analysis. For all parameters, the default choices were utilized.
2.7 Clinical samples
The BrCa tissue microarray (TMA, Cat. HBre-Duc060CS-03) was obtained from Outdo BioTech (Shanghai, China). The tissue microarray contained 30 tumor samples and 30 paired adjacent samples. Detailed clinicopathological characteristics of the cohorts were provided by Outdo BioTech. The tissue microarray was submitted for immunohistochemistry (IHC) staining in this research. Ethical approval (YB-M-05–02) for the study of tissue microarray slides was granted by the Clinical Research Ethics Committee, Outdo Biotech (Shanghai, China).
2.8 Immunohistochemistry staining
Immunohistochemistry (IHC) staining was directly conducted on the HBre-Duc060CS-03 TMA with standard procedures. The primary antibodies used were as follows: anti-PTPN7 (1: 800 dilution, 15286-1-AP, Proteintech, Wuhan, China) and anti-PD-L1 (Ready-to-use, Cat. GT2280, GeneTech, Shanghai, China). Antibody staining was visualized with DAB and hematoxylin staining, and stained sections were scanned using Aperio Digital Pathology Slide Scanners. The stained sections were examined separately by two pathologists according to the assessment criteria on a 12-point scale by generating the immunoreactivity score (IRS) for semi-quantitative analysis. The percentage of positively stained cells was scored as 0–4: 0 (<5%), 1 (6–25%), 2 (26–50%), 3 (51–75%) and 4 (>75%). The staining intensity was scored as 0–3: 0 (negative), 1 (weak), 2 (moderate), and 3 (strong). The immunoreactivity score (IRS) equals to the percentages of positive cells multiplied with staining intensity (Mei et al., 2021).
2.9 Statistical analysis
R 4.0.2 and Graphpad Prism 6 were used to conduct all of the statistical studies depicted in the figures. To see if there was an obvious difference in continuous parameters between the two groups. The Wilcoxon rank-sum test was utilized which aimed for comparing categorical variables, the chi-square test was performed. The log-rank test was used to analyze the prognostic significance of categorical variables. If not stated otherwise, a two-paired p-value is no more than 0.05 that deemed statistically tremendous in all analyses. *p < value 0.05, **p < value 0.01, ***p < value 0.001, and ****p < value 0.0001 were used to determine statistical significance.
3 RESULTS
3.1 Expression levels, mutations, and prognostic values of PTPNs in BRCA
Initially, a thorough examination of the expressions as well as prognostic significance of PTPNs in BrCa was carried out. We analyzed the expression levels of PTPNs in the TCGA database and discovered that PTPN1, PTPN6, PTPN7, PTPN18, PTPN20, and PTPN22 were significantly upregulated in tumor samples, while PTPN4, PTPN5, PTPN10, PTPN11, PTPN13, PTPN14, and PTPN21 were downregulated in tumor samples (Figure 1A). In addition, we also analyzed the mutation of PTPNs and found that the mutation rates of PTPTNs were overall low (Supplementary Figure S1). Based on the analysis of patients’ overall survival (OS) and relapse-free survival (RFS), we found that some members of the PTPN family may be associated with a better prognosis in BrCa. Regarding OS, with the downregulation of PTPN1/4/6/7/10/13/18/21/21, the worse prognosis was established, while with the downregulation of PTPN11/14, the better prognosis happened (Figure 1B). Regarding RFS, we observed that most of PTPNs expression were associated with worse prognosis, except PTPN2/11/12 (Figure 1C). Through the above preliminary analysis, we can conclude that the PTPN family has the value of further research in BrCa.
[image: Figure 1]FIGURE 1 | Expression levels and prognostic values of PTPNs in BrCa. (A) Expression levels of PTPNs genes in the normal and tumor groups. (B) Forest plot displaying the prognostic values of PTPNs for OS generated by using the Kaplan-Meier plotter database. (C) Forest plot displaying the prognostic values of PTPNs for RFS generated by using the Kaplan-Meier plotter database.
3.2 Functions and PPI construction of PTPNs
Next, we analyzed the potential functions of PTPNs. As showed in Figure 2A, PTPNs mainly participated in peptidyl-tyrosine dephosphorylation, located in cytoplasm, and regulated protein tyrosine phosphatase activity (Figure 2A, Supplementary Table S1). In addition, we exhibited the PPI network of PTPNs and their partners using the GeneMANIA tool (Figure 2B). Moreover, we identified PTPN11 as the central member of PTPNs using the STRING and Cytoscape tools (Figure 2C). Overall, these results provide preliminary insight into the functions of PTPNs.
[image: Figure 2]FIGURE 2 | Functions of PTPNs and their interacted networks. (A) GO analysis of PTPN family based on the DAVID tool. (B) Predicted pathways of PTPNs using the GeneMANIA tool. The interconnections between proteins were explored in terms of physical interaction, coexpression and shared protein domains. (C) PPI network of PTPNs constructed using the STRING tool and visualized using the Cytoscape tool.
3.3 Immunological correlations of PTPNs in BrCa
Malignant tumor cells utilize immunosuppressive means to against anti-tumor immunity. The approach to interrupt the PD-1/PD-L1 pathway is named as immune checkpoint blockade (Hamanishi and Konishi, 2014). Given the significant role of PD-L1 in tumor immunity, we next evaluated the correlations between PTPNs and PD-L1 expression. The expression of several PTPNs was positively correlated with PD-L1 (Figure 3A), among which PTPN7 and PTPN22 had the strongest correlation with PD-L1 (Figures 3B,C). An abundance of TIICs in cancer has been utilized to forecast cancer sentinel lymph node suasion and prognosis (Bodurtha Smith et al., 2017). High level mRNA expressions of PTPN7 and PTPN22 were significantly negatively correlated with tumor purity. In addition, the expression of PTPN7 and PTPN22 mRNA was optimistically correlated with the infiltration levels of B cells, CD8+ T cells, and CD4+ T cells, neutrophils, macrophages, and dendritic cells. These results strongly suggest that PTPNs are contained promising relationship with immune infiltration in BrCa (Figures 3E,F).
[image: Figure 3]FIGURE 3 | Correlations between PTPNs and PD-L1 as well as immune infiltration in BrCa. (A) PTPNs and their correlation with programmed cell death-ligand 1. Red: positive association, blue: negative association. (B,C) Correlation between PTPN7 and PTPN22 and PD-L1. (D,E) Correlation of PTPNs expression with immune infiltrating level in BrCa. expressions were significantly positively related to tumor purity. While PTPN7 and PTPN22 expressions were significantly positively correlated with infiltrating levels of CD8 T cells, CD4 T cells, macrophages, neutrophils, and dendritic cells in BrCa.
3.4 PTPN7 predicts inflamed TME in BrCa
Both PTPN7 and 22 were correlated with immune invasion, but the high expression of PTPN7 was associated with a better prognosis, suggesting that PTPN7 was more correlated with immuno-hot tumors. Because previous studies indicated that immuno-hot tumors have a better prognosis (Cai et al., 2021). Thus, we next performed an in-depth analysis of PTPN7 in BrCa. First, PTPN7 was positively correlated with most gene markers of multiple immune cells (Figure 4A). In addition, PTPN7 was also positively correlated with multiple immune checkpoints expression (Figure 4B). Moreover, one of our interpretations revealed that PTPN7 was affirmatively correlated with IPS (Figure 4C). Additionally, TMB and mutation rates of several critical genes, including TP53, PIK3CA, CDH1, TTN, GATA3, and KMT2C were tremendously increased in the high PTPN7 cohort (Figures 4D,E). Then, the GO interpretation based on Linked Omics were driven to embellish the functional enrichment of PTPN7 and their genes (Figure 4F, Supplementary Table S2). Next, HBreDuc060CS04 TMA was used as a validation cohort (Figure 5A). In the term of PTPN7 expression, there was a substantial difference between BrCa and paracancerous tissues which revealed the PTPN7 expression was higher in tumor tissues (Figures 5B,C). In addition, we found that PTPN7 was positively correlated with PD-L1 expression in the current cohort (Figures 5D,E). Overall, these results reveal that PTPN7 is related to immuno-hot tumors in BrCa.
[image: Figure 4]FIGURE 4 | Immuno-correlations between PTPN7 in BrCa and its functions. (A) Correlations between PTPN7 and gene markers for immune cells. (B) Correlations between PTPN7 and common inhibitory immune checkpoints. (C) The different PTPN7 expression that the IPS are existing in four types which is pd1&ctla4 positive or negative. (D) Mutational profiles of commone genes in the different PTPN7 expression group in the TCGA cohort. (E) Comparison of PTPN7 expression in high and low PTPN7 groups. (F) GO analysis of PTPN7 in BrCa based on the Linked Omics tool.
[image: Figure 5]FIGURE 5 | Validation of PTPN7 expression in BrCa and its correlation with PD-L1. (A) Using the TMA which contained PTPN7 & PD-L1 and acquiring the tissue images. (B) Representative images revealing PTPN7 expression in tumor and para-tumor tissues. Magnification, 200×. (C) Expression levels of PTPN7 in tumor and para-tumor tissues. (D) Representative images revealing PD-L1 expression in the high and low PTPN7 groups. Magnification, 200× (E) Correlation between PTPN7 and PD-L1 expression.
3.5 Immunological correlation of PTPN7 in pan-cancer
Subsequently, we analyzed the expression of PTPN7 and its immunological correlation in pan-cancer tissues. Compared with para-tumor specimens, PTPN7 was upregulated in tumor specimens of STAD, CHOL, HNSC, ESCA, BRCA, KIPR, KIRC, LUAD, LIHC, CESE, and GMB (Figure 6A). The immune interaction and mechanism between PTPN7 and infiltration derived by immune cells in pan-cancer was analyzed, PTPN7 was negatively correlated with tumor purity but positively correlated with multiple immune cells infiltration in most cancer types (Figure 6B). In addition, we also plotted the interaction between PTPN7 and PD-L1 & CTLA-4 expression. It could be observed that PTPN7 was positively correlated with PD-L1 and CTLA-4 expression across almost all cancer types (Figures 6C,D). The R and p values were displayed in Supplementary Table S3 and Supplementary Table S4. Collectively, these findings uncover that PTPN7 may play a vital role in the tumor immunity in the pan-cancer.
[image: Figure 6]FIGURE 6 | Immuno-correlation of PTPN7 in pan-cancer. (A) Expression of PTPN7 in pan-cancer. (B) Correlations between PTPN7 and 6 TIICs calculated with the TIMER algorithm. The color indicates the correlation coefficient. (C,D) The correlation between PTPN7 and PD-L1 &CTLA-4 in various tumor types.
3.6 PTPN7 predicts the response to immunotherapy
Given the pan-cancer positive correlation between PTPN7 and immuno-factors, we speculated that PTPN7 could be an innovative biomarker to forecast the consequence to immunotherapy. In the GSE35640 dataset, PD-L1 and PTPN7 were highly expressed in patients with a better immunotherapeutic response (Figures 7D,E), and PTPN7 was positively correlated with PD-L1 expression (Figure 7H). What’s more, we found in the GSE126044 dataset, the expression of PD-L1 was not varied while PTPN7 was upregulated in patients with a better immunotherapeutic response (Figures 7G,H). The positive gradient momentum between PTPN7 and PD-L1 was also observed in the GSE126044 dataset (Figure 7I). Additionally, we compared PTPN7 with PD-1 in the three individual clinical cohort which PRJNA558949, GSE35640 and GSE126044 included. There has the similar diagnostic performance in the TNBC and early-stage lung cancer (Supplementary Figure S2A,B). Interestingly, we observe that PTPN7 is kind of PD-1’s substitute in the non-small cell lung cancer which performs almost equal contribution as PD-1 (Supplementary Figure S2C). Overall, PTPN7 can be a novel biomarker to predict the response to immunotherapy in cancer.
[image: Figure 7]FIGURE 7 | The predictive values of PTPN7 for immunotherapy. (A,D,G) Expression of PD-L1 in patients with different responses to immunotherapy in the three GEO cohorts. (B,E,H) Expression of PTPN7 in patients with different responses to immunotherapy in the three GEO cohorts. (C,F,I) Correlation between PD-L1 and PTPN7 in the three GEO cohorts.
4 DISCUSSION
PTPNs dominate tyrosine phosphorylation and vice versa which in the cell level of signal transmission with protein-tyrosine kinases, as members of the protein tyrosine phosphatases family (Tonks, 2006). There have been several studies focusing on the connections between specific PTPN members and various neoplasms (Chen et al., 2020; Cubas et al., 2020; Wang et al., 2021b). Interestingly, to date, no coverage has outlined how the PTPN family genes are linked to BrCa and the interaction between the PTPN family and pan-cancer. To reveal the relationship between PTPNs and BrCa and pan-cancer, we conducted a demonstration of PTPN7 as a biomarker in predicting the response of immunotherapy to diverse tumors that provide immuno-hot signals.
In this study, we used large-scale RNA-seq data to analyze PTPNs and experimentally verified the role of PTPNs in BrCa. We discovered that PTPN7 was adversely connected with tumor purity in BrCa tumor types, but positively correlated with numerous immune cell infiltration. The intracellular content level of PTPNs in BrCa found in public databases was inconsistent, but PTPN7 was overexpressed in tumor tissues compared to paired para-tumor tissues in the current cohort. As for the prognostic values of PTPNs in BrCa, high expression of PTPN7 was associated with a better prognosis. It has been established that PTPN7 plays a role in the control of T cell antigen receptor (TCR) signaling, which is considered to work by dephosphorylating the molecules connected to the MAP kinase pathway. (Petersen et al., 1999) (Gene ID: 5778) However, the functional role of PTPN7 in BrCa remains to be further studied.
Compared to other cancer types, Most of BrCa subtypes have traditionally been thought to be an immune-cold except (Xie et al., 2020); However, TNBC shows the greatest promise in the application of immunotherapy, and the lack of targeted therapeutic options makes it especially important to find new targets (Berger et al., 2021). This study reveals the association between the expression of PTPNs and the gene markers of multiple immunological checkpoints and immune invading cells were shown to be highly linked with the expression of PTPN7. The correlation between PTPN7 and these immune characteristics suggests that PTPN7 plays an important role in regulating the tumor immune microenvironment that indicates PTPN7 would be a promising biomarker for the immunotherapy sensitivity or the thermal and cold pointer vice versa.
The pan-cancer immunoassay was begun in 2017 (Lee et al., 2008; Charoentong et al., 2017). As the first immunoassay special biomarker monoclonal antibody RP215 had been revealed, the research has been put into a new level of the analysis which built several cohorts of gene family and annalistic tools, our study is aimed to provide a promising biomarker during PTPN family in order to enlarge the recognition of tumor regulation and genesis. What’s more, high TMB consistently selects for ICB treatment benefits. By whole-exome sequencing, the current predicted TMB thresholds proposed more than 190 non-synonymous somatic mutations which observed in lung, bladder, brain, and neck malignancies (WES) (Cai et al., 2021). In high TMB tumors treated with single-agent PD-(L)1 antibody, PD-L1 expression influences response to ICB; however, response to anti-CTLA4 or anti-PD-1/CTLA-4 combination therapy cloud not able to influence by PD-L1 expression (Huang et al., 2021). There are no well-established disease-specific TMB for predicting response in a variety of different cancers. Therefore, our study presents a novel biomarker that could be a pointer to predicting the response for certain cancer during immunotherapy. Last but not least, as the function of PTPN7 has been reported that this PTP was discovered to be involved in the control of TCR signaling, which is hypothesized to work by dephosphorylating molecules involved in the MAP kinase pathway (Inamdar et al., 2019). The phenomena of PTPN7 which overexpressed during the pan cancer genesis is prospective for in-depth research that may be helpful to recognized PTPN7 as a novel pan cancer biomarker.
5 CONCLUSION
In summary, this is the first comprehensive investigation of the relationship between PTPN family expression and clinical features in BrCa which represent a promising biomarker for immunotherapy prediction. Concretely, PTPN7 expression is associated with immuno-hot tumors in BrCa and multiple cancers, which could be a promising predictive biomarker for immunotherapy.
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Extensive evidence has revealed that ferroptosis plays a vital role in HCC development and progression. Fanconi anemia complementation group D2 (FANCD2) has been reported to serve as a ferroptosis-associated gene and has a close relationship with tumorigenesis and drug resistance. However, the impact of the FANCD2-related immune response and its mechanisms in HCC remains incompletely understood. In the current research, we evaluated the prognostic significance and immune-associated mechanism of FANCD2 based on multiple bioinformatics methods and databases. The results demonstrated that FANCD2 was commonly upregulated in 15/33 tumors, and only the high expression of FANCD2 in HCC was closely correlated with worse clinical outcomes by OS and DFS analyses. Moreover, ncRNAs, including two major types, miRNAs and lncRNAs, were closely involved in mediating FANCD2 upregulation in HCC and were established in a ceRNA network by performing various in silico analyses. The DUXAP8-miR-29c-FANCD2 and LINC00511-miR-29c-FANCD2 axes were identified as the most likely ncRNA-associated upstream regulatory axis of FANCD2 in HCC. Finally, FANCD2 expression was confirmed to be positively related to HCC immune cell infiltration, immune checkpoints, and IPS analysis, and GSEA results also revealed that this ferroptosis-associated gene was primarily involved in cancer-associated pathways in HCC. In conclusion, our investigations indicate that ncRNA-related modulatory overexpression of FANCD2 might act as a promising prognostic and immunotherapeutic target against HCC.
Keywords: HCC, ferroptosis, FANCD2, prognosis, ceRNA, immunotherapy
INTRODUCTION
Hepatocellular carcinoma (HCC) remains the sixth and third leading cause of cancer-related morbidity and death globally among men and women (Sung et al., 2021; Siegel et al., 2022). HCC accounts for 75–85% of primary liver cancer cases, with an increasing incidence in China and the United States (Islami et al., 2017; Tapper and Parikh, 2018; Zhou et al., 2019). Despite advances in traditional treatment methods, including surgical resection, orthotopic liver transplantation, and locoregional therapies, the survival of patients with HCC is still particularly poor (Forner et al., 2018; Llovet et al., 2021). Currently, four forms of immune checkpoint inhibitors have proven to be promising and effective immunotherapy strategies for HCC (Killock, 2017; Vogel and Saborowski, 2022). However, only a subset of patients can benefit from immunotherapy, with a generally efficient response rate of no more than 20% (Cheng et al., 2020; Sangro et al., 2020). Our main aim is to identify immune-modulatory biomarkers for diagnosis, prognosis, and treatment of HCC.
Fanconi anemia complementation group D2 (FANCD2) belongs to one of the DNA repair markers, which is a class of Fanconi anemia (FA) proteins that regulate DNA damage responses and maintain genomic integrity (Liu et al., 2010; Semlow and Walter, 2021). Recent studies have demonstrated that FANCD2 in HCC cells maintains resistance to DNA-damaging tumor suppression by increasing DNA repair activity, FANCD2 deletion restricts chemoresistance of HCC cells in vitro (Palagyi et al., 2010), and elevated FANCD2 is closely linked to adverse prognosis in HCC (Komatsu et al., 2017), glioma cells (Chen et al., 2021), breast cancer (Fagerholm et al., 2013), colorectal cancer (Ozawa et al., 2010), and non-small-cell lung cancer (Ferrer et al., 2005). FANCD2 has been reported to elicit an active role in the negative regulation of ferroptosis (Song et al., 2016), a recently new form of programmed cell death characterized by iron-dependent peroxide lipid accumulation, leading to many forms of tumors that are sensitive to ferroptosis induction treatment (Dixon et al., 2012). However, the immune-regulating effect on this ferroptosis-associated gene in HCC onset and progression remains unexplored.
In our current study, we deciphered the role of ferroptosis-associated gene FANCD2 expression and prognosis in pancancers anchored by several databases. Subsequently, ncRNAs, including two major types, miRNAs and lncRNAs, were found to be closely involved in mediating FANCD2 in HCC and were analyzed through ceRNA. Finally, a high level of FANCD2 in HCC was also positively associated with immune cell infiltration, immune checkpoints, and IPS analysis, suggesting that ncRNA modulatory upregulation of FANCD2 is an immune-associated biomarker with an adverse influence on HCC patient clinical survival.
METHODS
Data collection and expression
The expression data of FANCD2 and corresponding clinical information in 33 types of tumors were processed from UCSC Xena (Navarro Gonzalez et al., 2021) (https://xena.ucsc.edu/) using R software (Version 4.0.3; https://www.R-project.org) and Strawberry Perl (5.3.0.1). The expression of FANCD2 in HCC was also verified by the Integrative Molecular Database of Hepatocellular Carcinoma (HCCDB), which contains 15 public HCC expression datasets and provides candidate-targeted gene expression prognosis and coexpression analysis (http://lifeome.net/database/hccdb/search.html) (Lian et al., 2018). Furthermore, the Cancer Cell Line Encyclopedia (CCLE) database was used to determine the diverse expression of FANCD2 in HCC cell lines (https://portals.broadinstitute.org/ccle/about) (Barretina et al., 2019).
starBase online database and lncRNA subcellular locations
The starBase database (http://starbase.sysu.edu.cn/) (Li et al., 2014) was applied to verify FANCD2 expression and prognostic status in many tumors. Then, this website, including PITA, RNA22, miRmap, microT, miRanda, PicTar, and TargetScan, was adopted to predict the upstream miRNA of target genes (FANCD2) and the expression and survival status of screened miRNAs in HCC. Subsequently, to ascertain candidate lncRNAs via a competing endogenous RNA (ceRNA) mechanism, the upstream lncRNAs of the miR-29c-3p-FANCD2 axis were predicted, and the web was conducted to examine lncRNA expression and its correlation with FANCD2 together with miR-29c-3p. Finally, Cytoscape software (v3.6.0) was used to visualize the FANCD2-regulated ceRNA network.
Arched by binomial distribution approaches, the iLoc-lncRNA database (Su et al., 2018) and lncLocator database (Lin et al., 2021) were applied to accurately predict the subcellular locations of lncRNAs, encompassing four locations of lncRNAs in a cell (nucleus, cytoplasm, ribosome, and exosome).
Overall survival and disease-free survival analyses
Kaplan–Meier (KM) survival curves, including overall survival (OS) and disease-free survival (DFS) analyses, combined with a log-rank test mapped differences of FANCD2 for all types of TCGA tumors employing the GEPIA tool (http://gepia.cancer-pku.cn) (Tang et al., 2019), which was validated by the HCCDB (Lian et al., 2018). p < 0.05 was treated as the significance threshold for all statistical analyses.
Analysis of tumor immunity aimed at Fanconi anemia complementation group D2
The association between FANCD2 expression and infiltrating immune cells, such as B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells, was analyzed across the HCC patients captured from the TIMER2 web server (https://cistrome.shinyapps.io/timer/) (Li et al., 2020), which was incorporated into 10,897 samples from TCGA.
Immunotherapy has proven to be an effective and promising strategy against tumors, especially involving the use of CTLA-4, PD-1, and PD-L1 antibodies to treat several types of tumors (Galluzzi et al., 2020). Therefore, we used the TIMER2 database to explore the interplay between FANCD2 and these immune checkpoints. The immunophenoscore (IPS), which can be obtained from the TCIA website (https://tcia.at/home), has been verified to predict the patients’ response to immune checkpoint inhibitors (ICIs). A higher IPS has a better outcome with ICI treatment (Charoentong et al., 2017).
Gene set enrichment analysis
Gene set enrichment analysis (GSEA) (Subramanian et al., 2005), including Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional enrichment analyses, was used to determine the potential mechanisms and functions of FANCD2 in HCC, with the following parameters: nPerm = 1,000, minGSSize = 10, maxGSSize = 1,000, and nominal p-value < 0.05.
RESULTS
Overview of the workflow
Our goal was to detect the potential function of FANCD2 in various TCGA cancer types and to investigate the correlation of immunotherapy between FANCD2 and HCC (Figure 1). To this end, we collected various public data sources and conducted a series of bioinformatics and functional genomic analyses.
[image: Figure 1]FIGURE 1 | Research workflow of construction and analysis of the FANCD2 ceRNA network.
Fanconi anemia complementation group D2 mRNA expression across cancers
Aberrantly expressed analysis from TCGA data revealed that FANCD2 was differentially expressed in many human tumor tissues, and that FANCD2 mRNA overexpression was found in BLCA, BRCA, CHOL, COAD, ESCA, GBM, HNSC, KIRC, KIRP, HCC, LUSC, PRAD, THCA, and UCEC, whereas FANCD2 loss was found in KICH (Figure 2A). We further evaluated whether FANCD2 expression is high in most human cancers compared with matched normal samples utilizing the starBase database. This result indicated that FANCD2 mRNA expression in BLCA, BRCA, CHOL, COAD, GBM, HCC, LUSC, READ, STAD, and UCEC was also high (Figures 2B–K), suggesting that FANCD2 acts as an oncogene in multiple tumors, which was also verified by the HCCDB (Supplementary Figure S1A and Table 1).
[image: Figure 2]FIGURE 2 | Pancancer expression profiling analysis of FANCD2. (A) Interactive body map of FANCD2 mRNA expression constructed by GEPIA. (B–K) Expression of FANCD2 was analyzed between TCGA cancer tissues and GTEx normal tissues (*p < 0.05, **p < 0.01, ***p < 0.001).
TABLE 1 | Differential expression analysis of FANCD2 from clinical cohorts impinged on the HCCDB.
[image: Table 1]Prognostic implication of Fanconi anemia complementation group D2 in screened cancers
Next, we used the GEPIA database within the RNA sequencing data from TCGA and GTEx data to ascertain the prognostic implication of FANCD2, including OS and DFS, in the aforementioned 10 cancers (BLCA, BRCA, CHOL, COAD, GBM, HCC, LUSC, READ, STAD, and UCEC). The results indicated that only the high level of FANCD2 showed worse OS in HCC (p = 0.0047, HR = 1.7, Figure 3), which was consistent with DFS in HCC (p = 0.00017, HR = 1.8) (Figure 4). Intriguingly, we also used the CCLE database and found that FANCD2 in most HCC cell lines had at least partly high levels (Supplementary Figure S1B). The finding that high FANCD2 activity in HCC was associated with unfavorable OS (p = 0.00767 and 0.00325, Supplementary Figures S1C,D) indicates that overexpressed FANCD2 might be a crucial prognostic factor in HCC.
[image: Figure 3]FIGURE 3 | Correlation of FANCD2 expression with patient OS. (A–J) K-M method showed that high expression of FANCD2A was closely correlated with shorter lifetimes in BLCA, BRCA, CHOL, COAD, GBM, LIHC, LUSC, READ, STAD, and UCEC.
[image: Figure 4]FIGURE 4 | Correlation of FANCD2 expression with patient DFS. (A–J) K-M method showed that increased expression of FANCD2A was closely related to disease-free survival lifetimes in BLCA, BRCA, CHOL, COAD, GBM, LIHC, LUSC, READ, STAD, and UCEC.
Prediction and analysis of upstream miRNAs of Fanconi anemia complementation group D2
Non-coding RNAs, including miRNAs and lncRNAs, that account for nearly 98% of transcriptomes have long been thought of as pivotal players in the biological regulation of cancer cells, such as ceRNA and gene expression (Beermann et al., 2016). Therefore, our first aim was to identify possible miRNAs involved in modulating FANCD2. Notably, miRNAs directly bind to the 3′-untranslated region (UTR) of the corresponding target mRNA, leading to their repression or posttranscriptional gene silencing (Goodall and Wickramasinghe, 2021). These findings revealed that eight screened miRNAs directly interact with FANCD2 upstream (Figure 5A) and are negatively associated with hsa-let-7c-5p, hsa-miR-29a-3p, hsa-miR-34a-5p, and hsa-miR-29c-3p in HCC via correlation analysis (p < 0.05, Figures 5B–I). Among these miRNAs, hsa-miR-29c-3p was markedly distinct from FANCD2 expression (Figure 6A). Intriguingly, low hsa-miR-29c-3p in HCC revealed unfavorable patient OS through the K-M plotter database, and it was significantly low in the aforementioned tumors (Figures 6B–D). The 3’ UTR arising from FANCD2 that targeted miR-29c-3p was also successfully predicted by the starBase database (Figure 5E). These outcomes suggested that hsa-miR-29c-3p is the most likely regulatory miRNA of FANCD2 in HCC.
[image: Figure 5]FIGURE 5 | Identification of the miRNA-FANCD2 regulatory network in HCC. (A) FANCD2-associated miRNA network was visualized using Cytoscape. (B–I) Expression correlation between predicted miRNAs and FANCD2 in HCC analyzed by the starBase database.
[image: Figure 6]FIGURE 6 | Identification of miR-29c-3p as the most potential regulatory miRNA of FANCD2 in HCC. (A) Association between FANCD2 and miR-29c-3p expression is shown in the dot plot. (B) Expression distribution of miR-29c-3p in HCC. (C,D) Kaplan‒Meier survival analysis of miR-29c-3p. (F) Base pairing of miR-29c-3p of the 3′ UTR in FANCD2-binding sites.
Prediction and analysis of upstream lncRNAs of hsa-miR-29c-3p
In addition to screened miRNAs, we predicted hsa-miR-29c-3p-modulatory lncRNAs in HCC using the starBase database and observed eight possible lncRNAs (Figures 7A–J). Anchored by the ceRNA hypothesis, lncRNAs have been viewed as sponges of miRNAs to restrict the reduction in the role of target mRNAs (Salmena et al., 2011). Accordingly, DUXAP8 and LINC00511 in HCC were elevated compared with those in normal samples, and their high levels were reciprocally relevant to better patient OS among all eight lncRNAs (Figures 8A–D). More importantly, DUXAP8 and LINC00511 were strongly associated with FANCD2 expression but were antithetical to hsa-miR-29c-3p, according to the starBase database (Figures 8E,F).
[image: Figure 7]FIGURE 7 | Expression of upstream lncRNAs predicted by miR-29c-3p. (A) AC098828.2, (B) H19, (C) LINC0068, (D) LINC0051, (E) SNHG17, (F) LINC01270, (G) DUXAP8, (H) TUGI, (I) LINC01521, (J) AL031587.5.
[image: Figure 8]FIGURE 8 | DUXAP8 and LINC00511 are the most likely upstream lncRNAs of the hsa-miR-29c-3p-FANCD2 axis in HCC. (A–D) Kaplan‒Meier survival analysis of DUXAP8 and LINC00511 through OS and DFS analyses. (E,F) Comparison of DUXAP8 and LINC00511 and FANCD2 expression in HCC. (G) Base pairing of DUXAP8 and LINC00511 of the 3′ UTR in miR-29c-5-binding sites. (H) Prediction of DUXAP8 and LINC00511 subcellular localization using lncLocator. (I) FANCD2-associated ceRNA network was visualized using Cytoscape.
To determine whether these two lncRNAs were involved in regulating FANCD2-based ceRNAs, we used the lncLocator database and the iLoc-lncRNA database to analyze their subcellular localization. As seen in Figures 8H,I and Supplementary Figures 2A,B, DUXAP8 was mainly distributed in the cytoplasm, while LINC00511 was mostly located in the ribosome, indicating that the former in HCC are more likely to participate in the FANCD2-specific ceRNA network. The target sequence of the 3’ UTR of DUXAP8 and LINC00511 paired with miR-29c-3p was predicted via the starBase online database (Figure 8G). To this end, both lncRNAs most likely are upstream lncRNAs of the hsa-miR-29c-3p-FANCD2 axis in HCC, especially DUXAP8 (Figure 8J).
Fanconi anemia complementation group D2 induces immune infiltration in the hepatocellular carcinoma tumor microenvironment
It has been well documented that infiltrating immune cells exert a crucial role in the tumor microenvironment (TME), which can regulate the initiation and development of cancers (Su et al., 2018; Cózar et al., 2021; Jhunjhunwala et al., 2021). When we examined the tumor immunity of FANCD2, we found that the FANCD2 expression level in HCC showed a significant interaction with immune infiltration (Figure 9A). As shown in Figure 9A, the FANCD2 expression level in HCC had an enormously positive correlation with neutrophils, purity, macrophages, CD4+ T cells, CD8+ T cells, dendritic cells, and B cells, indicating that FANCD2 could be of great importance in the regulation of the immune infiltration function of HCC.
[image: Figure 9]FIGURE 9 | Correlation of FANCD2 expression with immune infiltration level (A) and immune checkpoints (B–D) in HCC.
Interaction between Fanconi anemia complementation group D2 and immune checkpoints and IPS analysis
Immune checkpoints, including PD-1/PD-L1 and CTLA-4, have gained attention in cancer-associated therapy via immune surveillance and escape (Dall'Olio et al., 2022; Doroshow et al., 2021). We ascertained the role of the immune response of FANCD2 in HCC with PD-1, PD-L1, or CTLA-4 using TIMER data and found that FANCD2 expression was strongly statistically associated with PD-1, PD-L1, and CTLA-4 in HCC (Figures 9B–D), demonstrating that FANCD2 might mediate HCC carcinogenesis of immune escape.
The IPS values (ips_ctla4_neg_pd1_pos, ips_ctla4_pos_pd1_neg, ips_ctla4_pos_pd1_neg, and ips_ctla4_pos_pd1_pos) have been validated in predicting cancer patients’ responses to anti-CTLA-4 treatment. Here, we noted a marked rise in scores in the low-FANCD2 group (Figures 10A–D; p < 0.05), implying that the low-FANCD2 group is more suitable for anti-CTLA-4 and anti-PD-1/PD-L1 immunotherapy.
[image: Figure 10]FIGURE 10 | Correlation of FANCD2 expression with the immunophenoscore (IPS) in HCC. (A) ips_ctla4_neg_pd1_neg, (B) ips_ctla4_neg_pd1_pos, (C) ips_ctla4_pos_pd1_neg, (D) ips_ctla4_pos_pd1_pos.
Enrichment analysis of Fanconi anemia complementation group D2
To predict the functions or pathways that FANCD2 in HCC may modulate, GSEA was carried out. The results showed that activated FANCD2 was positively enriched in the cell cycle, p53 signaling pathway, mTOR signaling pathway, DNA replication, TGF-beta signaling pathway, Wnt signaling pathway, and RNA degradation (p < 0.05; Figure 11), revealing the tumor-associated and even tumor-promoting roles of FANCD2 and shedding light on its potential mechanisms in HCC.
[image: Figure 11]FIGURE 11 | GSEA functional enrichment of FANCD2 in HCC.
DISCUSSION
HCC is a malignant tumor that threatens human health (Llovet et al., 2021). Despite advancements in immunotherapy against HCC, only a minority of patients are eventually able to prolong their survival time (Cheng et al., 2020; Faivre et al., 2020; Pinter et al., 2021). The identification of better immune-associated prognostic biomarkers for timely detection, early diagnosis, and treatment of HCC is urgently needed. Accumulating evidence has shown that FANCD2 can significantly resist ferroptosis-related concentrations of iron and lipid ROS in various diseases (Song et al., 2016; Li et al., 2021), acting as a ferroptosis-related regulator. Ferroptosis can also regulate immune activity within the HCC microenvironment (Zhao et al., 2020). Nevertheless, little progress has been achieved in studying the roles and mechanisms of this ferroptosis-related gene against HCC.
Our current study investigated whether the ferroptosis-related gene FANCD2 in the pancancer analysis was more activated than in counterpart tissues, as validated in the starBase database, other databases, and many published articles. Survival analysis further revealed that only FANCD2 at a high expression level had shorter OS and DFS survival in HCC, indicating that this gene could serve as a potential and prognostic target in this deadly cancer.
It has been well documented that lncRNAs can act as ceRNA networks by relieving the suppressive effects of targeted genes through miRNAs to facilitate their expression (Salmena et al., 2011; Tay et al., 2014). Our study found that there were eight possible miRNAs that contained binding sites for FANCD2 identified by bioinformatics analysis. Further analysis of only hsa-miR-29c was incorporated in our following study, as this miRNA deficiency was closely associated with a more favorable prognosis and reversely correlated with FANCD2 mRNA expression, implying that hsa-miR-29c is more likely to modulate FANCD2 mRNA stability. This hypothesis is supported by previous studies, reporting that miR-29c plays a tumor-suppressive role in various cancers, such as hepatocellular carcinoma (Wu et al., 2019), non-small-cell lung cancer (NSCLC) (Sun et al., 2018), endometrial cancer (EC) (Li et al., 2019), colon cancer (Chen et al., 2017), prostate cancer (Li et al., 2018), and pancreatic cancer (Lu et al., 2021). For instance, overexpression of miR-29c-3p in HCC can activate large tumor suppressor gene 1 (LATS1) expression and demethylation of LATS1 via DNMT3B, thereby impeding HCC cell tumor growth and migration both in vitro and in vivo (Wu et al., 2019). Intriguingly, this is in agreement with other results reported by SW Nam’s group (Bae et al., 2014). These data suggest that FANCD2 is possibly a direct target of miR-29c-3p in HCC.
To date, extensive evidence has shown that lncRNAs could act as a molecular sponge for miRNAs in cancers via the ceRNA mechanism to modulate ferroptosis. For example, lncRNAs HULC in HCC induced ATF4 stability by competitively binding to miR-3200-5p, resulting in the inhibition of ferroptosis (Guan et al., 2022). Among these lncRNAs, we found that nine possible lncRNAs in HCC were screened through the starBase database, and the high activity of both DUXAP8 and LINC00511 within HCC had poorer survival outcomes. Interestingly, we observed that both lncRNAs displayed a positive correlation with FANCD2 expression but were opposite to miR-29c-3p. Our result further supports previous observations that DUXAP8 (Liu et al., 2021) and LINC00511 (Hu et al., 2020) act as ceRNA for miR584-5p together with miR195, further contributing to HCC cell proliferation, invasion, and migration, and DUXAP8 has also been reported to be ferroptosis-associated lncRNA (Xing et al., 2021). Overall, these data uncover that this lncRNA functions as the molecular sponge in HCC impinged on ceRNA machinery.
Tumor-infiltrating immune cells have generally emerged as critical controllers of the immunological response, as they are surrounded by various infiltrating inflammatory cells that can be exploited to modulate ferroptosis-inducing resistance in tumor cells or mediate antitumor immunity (Whiteside, 2002; Wattenberg and Beatty, 2020; Zhao et al., 2020). For example, CD4+ T cells represent a major component of the adaptive immune system, establishing effective antitumor properties (Togashi et al., 2019; Oh and Fong, 2021). Indeed, we also found that FANCD2 in HCC was strongly associated with the high infiltration of CD4+ T cells. Apart from this, it harbors the same trend in the infiltration of neutrophils, purity, macrophages, CD8+ T cells, dendritic cells, and B cells. These data demonstrate that FANCD2 is an essential component of the adaptive immune system against HCC cells. Immunotherapy has been shown to be the backbone of effective treatment against cancer cells. Its blockade of the interaction between ICIs, such as CTLA-4, PD-1, and PD-L1 antibodies, and their ligands with IC inhibitors has been approved to treat several types of tumors, depending on the results of the trials (Sharma and Allison, 2020). Importantly, FANCD2 in HCC revealed a similar trend to the aforementioned three checkpoints, which has been successfully validated by IPS analysis, indicating that it might exert a pivotal role in restoring immune cytotoxic activity.
Although GSEA was explored to decipher the tumor-associated and even tumor-promoting roles of FANCD2, encompassing the cell cycle, p53 signaling pathway, mTOR signaling pathway, DNA replication, and TGF-beta signaling pathway, there are some restrictions of the current study that need to be highlighted. First, gathering more robust data or samples of HCC is needed to verify the tumor-promoting role of FANCD2. Furthermore, despite using comprehensive and deep in silico analysis, we provided few experiments with meaningful insights into the DUXAP8-miR-29c-FANCD2 and LINC00511-miR-29c-FANCD2 axes via the ceRNA network and the effect of FANCD2 on antitumor immunity.
In summary, this is the first study to report that ncRNA-regulated FANCD2 in HCC plays a tumor-promoting role based on the starBase database, HCCDB, TIMER database, and GEPIA database, indicating that it can be employed as a potential prognostic marker. In addition, our studies reveal that this ferroptosis-associated regulator harbors a strong association with HCC immunity, including immune infiltration cells, immune infiltration markers, and immune checkpoints, suggesting its significant immunological antitumor value. Thus, FANCD2-mediated ceRNA offers a promising strategy for novel targeted HCC therapies.
DATA AVAILABILITY STATEMENT
Publicly available datasets were analyzed in this study. These data can be found at: (https://xena.ucsc.edu/) and (http://starbase.sysu.edu.cn/).
AUTHOR CONTRIBUTIONS
ZY designed the experiments and wrote the manuscript; YS and YL modified the language of the manuscript. YM and GD collected the data and provided references; HZ analyzed the data, conducted the experiments, and revised the manuscript; and BT provided financial support.
ACKNOWLEDGMENTS
We sincerely acknowledge the contributions from TCGA project and starBase.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.955225/full#supplementary-material
Supplementary Figure S1 | Prediction of DUXAP8 and LINC00511 subcellular localization using iLoc-lncRNA.
Supplementary Figure S2 | Comprehensive analysis of FANCD2 in HCC. (A) Differential expression of FANCD2 across cancers according to the HCCDB. (B) Differential expression of FANCD2 in multiple HCC cell lines according to the CCLE database. (C,D) Kaplan‒Meier survival analysis of FANCD2 in HCC through the HCCDB.
REFERENCES
 Bae, H. J., Noh, J. H., Kim, J. K., Eun, J. W., Jung, K. H., Kim, M. G., et al. (2014). MicroRNA-29c functions as a tumor suppressor by direct targeting oncogenic SIRT1 in hepatocellular carcinoma. Oncogene 33 (20), 2557–2567. doi:10.1038/onc.2013.216
 Barretina, J., Caponigro, G., Stransky, N., Venkatesan, K., Margolin, A. A., Kim, S., et al. (2019). Addendum: The Cancer Cell Line Encyclopedia enables predictive modelling of anticancer drug sensitivity. Nature 565 (7738), E5–E6. doi:10.1038/s41586-018-0722-x
 Beermann, J., Piccoli, M. T., Viereck, J., and Thum, T. (2016). Non-coding RNAs in development and disease: Background, mechanisms, and therapeutic approaches. Physiol. Rev. 96 (4), 1297–1325. doi:10.1152/physrev.00041.2015
 Charoentong, P., Finotello, F., Angelova, M., Mayer, C., Efremova, M., Rieder, D., et al. (2017). Pan-cancer immunogenomic analyses reveal genotype-immunophenotype relationships and predictors of response to checkpoint blockade. Cell. Rep. 18 (1), 248–262. doi:10.1016/j.celrep.2016.12.019
 Chen, G., Zhou, T., Li, Y., Yu, Z., and Sun, L. (2017). p53 target miR-29c-3p suppresses colon cancer cell invasion and migration through inhibition of PHLDB2. Biochem. Biophys. Res. Commun. 487 (1), 90–95. doi:10.1016/j.bbrc.2017.04.023
 Chen, Q., Wang, W., Wu, Z., Chen, S., Chen, X., Zhuang, S., et al. (2021). Over-expression of lncRNA TMEM161B-AS1 promotes the malignant biological behavior of glioma cells and the resistance to temozolomide via up-regulating the expression of multiple ferroptosis-related genes by sponging hsa-miR-27a-3p. Cell. Death Discov. 7 (1), 311. doi:10.1038/s41420-021-00709-4
 Cheng, A. L., Hsu, C., Chan, S. L., Choo, S. P., and Kudo, M. (2020). Challenges of combination therapy with immune checkpoint inhibitors for hepatocellular carcinoma. J. Hepatol. 72 (2), 307–319. doi:10.1016/j.jhep.2019.09.025
 Cózar, B., Greppi, M., Carpentier, S., Narni-Mancinelli, E., Chiossone, L., and Vivier, E. (2021). Tumor-infiltrating natural killer cells. Cancer Discov. 11 (1), 34–44. doi:10.1158/2159-8290.Cd-20-0655
 Dall'Olio, F. G., Marabelle, A., Caramella, C., Garcia, C., Aldea, M., Chaput, N., et al. (2022). Tumour burden and efficacy of immune-checkpoint inhibitors. Nat. Rev. Clin. Oncol. 19 (2), 75–90. doi:10.1038/s41571-021-00564-3
 Dixon, S. J., Lemberg, K. M., Lamprecht, M. R., Skouta, R., Zaitsev, E. M., Gleason, C. E., et al. (2012). Ferroptosis: An iron-dependent form of nonapoptotic cell death. Cell. 149 (5), 1060–1072. doi:10.1016/j.cell.2012.03.042
 Doroshow, D. B., Bhalla, S., Beasley, M. B., Sholl, L. M., Kerr, K. M., Gnjatic, S., et al. (2021). PD-L1 as a biomarker of response to immune-checkpoint inhibitors. Nat. Rev. Clin. Oncol. 18 (6), 345–362. doi:10.1038/s41571-021-00473-5
 Fagerholm, R., Sprott, K., Heikkinen, T., Bartkova, J., Heikkilä, P., Aittomäki, K., et al. (2013). Overabundant FANCD2, alone and combined with NQO1, is a sensitive marker of adverse prognosis in breast cancer. Ann. Oncol. 24 (11), 2780–2785. doi:10.1093/annonc/mdt290
 Faivre, S., Rimassa, L., and Finn, R. S. (2020). Molecular therapies for HCC: Looking outside the box. J. Hepatol. 72 (2), 342–352. doi:10.1016/j.jhep.2019.09.010
 Ferrer, M., Span, S. W., Vischioni, B., Oudejans, J. J., van Diest, P. J., de Winter, J. P., et al. (2005). FANCD2 expression in advanced non-small-cell lung cancer and response to platinum-based chemotherapy. Clin. Lung Cancer 6 (4), 250–254. doi:10.3816/CLC.2005.n.005
 Forner, A., Reig, M., and Bruix, J. (2018). Hepatocellular carcinoma. Lancet 391 (10127), 1301–1314. doi:10.1016/s0140-6736(18)30010-2
 Galluzzi, L., Humeau, J., Buqué, A., Zitvogel, L., and Kroemer, G. (2020). Immunostimulation with chemotherapy in the era of immune checkpoint inhibitors. Nat. Rev. Clin. Oncol. 17 (12), 725–741. doi:10.1038/s41571-020-0413-z
 Goodall, G. J., and Wickramasinghe, V. O. (2021). RNA in cancer. Nat. Rev. Cancer 21 (1), 22–36. doi:10.1038/s41568-020-00306-0
 Guan, L., Wang, F., Wang, M., Han, S., Cui, Z., Xi, S., et al. (2022). Downregulation of HULC induces ferroptosis in hepatocellular carcinoma via targeting of the miR-3200-5p/ATF4 Axis. Oxid. Med. Cell. Longev. 2022, 9613095. doi:10.1155/2022/9613095
 Hu, W. Y., Wei, H. Y., Li, K. M., Wang, R. B., Xu, X. Q., and Feng, R. (2020). LINC00511 as a ceRNA promotes cell malignant behaviors and correlates with prognosis of hepatocellular carcinoma patients by modulating miR-195/EYA1 axis. Biomed. Pharmacother. 121, 109642. doi:10.1016/j.biopha.2019.109642
 Islami, F., Miller, K. D., Siegel, R. L., Fedewa, S. A., Ward, E. M., and Jemal, A. (2017). Disparities in liver cancer occurrence in the United States by race/ethnicity and state. Ca. Cancer J. Clin. 67 (4), 273–289. doi:10.3322/caac.21402
 Jhunjhunwala, S., Hammer, C., and Delamarre, L. (2021). Antigen presentation in cancer: Insights into tumour immunogenicity and immune evasion. Nat. Rev. Cancer 21 (5), 298–312. doi:10.1038/s41568-021-00339-z
 Killock, D. (2017). Immunotherapy: Nivolumab keeps HCC in check and opens avenues for checkmate. Nat. Rev. Clin. Oncol. 14 (7), 392. doi:10.1038/nrclinonc.2017.70
 Komatsu, H., Masuda, T., Iguchi, T., Nambara, S., Sato, K., Hu, Q., et al. (2017). Clinical significance of FANCD2 gene expression and its association with tumor progression in hepatocellular carcinoma. Anticancer Res. 37 (3), 1083–1090. doi:10.21873/anticanres.11420
 Li, C., Zhang, Y., Liu, J., Kang, R., Klionsky, D. J., and Tang, D. (2021). Mitochondrial DNA stress triggers autophagy-dependent ferroptotic death. Autophagy 17 (4), 948–960. doi:10.1080/15548627.2020.1739447
 Li, J., Fu, F., Wan, X., Huang, S., Wu, D., and Li, Y. (2018). Up-regulated miR-29c inhibits cell proliferation and glycolysis by inhibiting SLC2A3 expression in prostate cancer. Gene 665, 26–34. doi:10.1016/j.gene.2018.04.086
 Li, J. H., Liu, S., Zhou, H., Qu, L. H., and Yang, J. H. (2014). starBase v2.0: decoding miRNA-ceRNA, miRNA-ncRNA and protein-RNA interaction networks from large-scale CLIP-Seq data. Nucleic Acids Res. 42, D92–D97. doi:10.1093/nar/gkt1248
 Li, L., Shou, H., Wang, Q., and Liu, S. (2019). Investigation of the potential theranostic role of KDM5B/miR-29c signaling axis in paclitaxel resistant endometrial carcinoma. Gene 694, 76–82. doi:10.1016/j.gene.2018.12.076
 Li, T., Fu, J., Zeng, Z., Cohen, D., Li, J., Chen, Q., et al. (2020). TIMER2.0 for analysis of tumor-infiltrating immune cells. Nucleic Acids Res. 48 (W1), W509–W514. doi:10.1093/nar/gkaa407
 Lian, Q., Wang, S., Zhang, G., Wang, D., Luo, G., Tang, J., et al. (2018). Hccdb: A database of hepatocellular carcinoma expression Atlas. Genomics Proteomics Bioinforma. 16 (4), 269–275. doi:10.1016/j.gpb.2018.07.003
 Lin, Y., Pan, X., and Shen, H. B. (2021). lncLocator 2.0: a cell-line-specific subcellular localization predictor for long non-coding RNAs with interpretable deep learning. Bioinformatics 37, 2308–2316. doi:10.1093/bioinformatics/btab127
 Liu, T., Ghosal, G., Yuan, J., Chen, J., and Huang, J. (2010). FAN1 acts with FANCI-FANCD2 to promote DNA interstrand cross-link repair. Science 329 (5992), 693–696. doi:10.1126/science.1192656
 Liu, Z., Lu, J., Fang, H., Sheng, J., Cui, M., Yang, Y., et al. (2021). m6A modification-mediated DUXAP8 regulation of malignant phenotype and chemotherapy resistance of hepatocellular carcinoma through miR-584-5p/MAPK1/ERK pathway Axis. Front. Cell. Dev. Biol. 9, 783385. doi:10.3389/fcell.2021.783385
 Llovet, J. M., Kelley, R. K., Villanueva, A., Singal, A. G., Pikarsky, E., Roayaie, S., et al. (2021). Hepatocellular carcinoma. Nat. Rev. Dis. Prim. 7 (1), 6. doi:10.1038/s41572-020-00240-3
 Lu, Y., Tang, L., Zhang, Z., Li, S., Liang, S., Ji, L., et al. (2021). Corrigendum to "long noncoding RNA TUG1/miR-29c Axis Affects cell proliferation, invasion, and migration in human pancreatic cancer. Dis. Markers 2021, 5150272. doi:10.1155/2021/5150272
 Navarro Gonzalez, J., Zweig, A. S., Speir, M. L., Schmelter, D., Rosenbloom, K. R., Raney, B. J., et al. (2021). The UCSC genome browser database: 2021 update. Nucleic Acids Res. 49 (D1), D1046–d1057. doi:10.1093/nar/gkaa1070
 Oh, D. Y., and Fong, L. (2021). Cytotoxic CD4(+) T cells in cancer: Expanding the immune effector toolbox. Immunity 54 (12), 2701–2711. doi:10.1016/j.immuni.2021.11.015
 Ozawa, H., Iwatsuki, M., Mimori, K., Sato, T., Johansson, F., Toh, H., et al. (2010). FANCD2 mRNA overexpression is a bona fide indicator of lymph node metastasis in human colorectal cancer. Ann. Surg. Oncol. 17 (9), 2341–2348. doi:10.1245/s10434-010-1002-7
 Palagyi, A., Neveling, K., Plinninger, U., Ziesch, A., Targosz, B. S., Denk, G. U., et al. (2010). Genetic inactivation of the Fanconi anemia gene FANCC identified in the hepatocellular carcinoma cell line HuH-7 confers sensitivity towards DNA-interstrand crosslinking agents. Mol. Cancer 9, 127. doi:10.1186/1476-4598-9-127
 Pinter, M., Jain, R. K., and Duda, D. G. (2021). The current landscape of immune checkpoint blockade in hepatocellular carcinoma: A review. JAMA Oncol. 7 (1), 113–123. doi:10.1001/jamaoncol.2020.3381
 Salmena, L., Poliseno, L., Tay, Y., Kats, L., and Pandolfi, P. P. (2011). A ceRNA hypothesis: The rosetta stone of a hidden RNA language?Cell. 146 (3), 353–358. doi:10.1016/j.cell.2011.07.014
 Sangro, B., Chan, S. L., Meyer, T., Reig, M., El-Khoueiry, A., and Galle, P. R. (2020). Diagnosis and management of toxicities of immune checkpoint inhibitors in hepatocellular carcinoma. J. Hepatol. 72 (2), 320–341. doi:10.1016/j.jhep.2019.10.021
 Semlow, D. R., and Walter, J. C. (2021). Mechanisms of vertebrate DNA interstrand cross-link repair. Annu. Rev. Biochem. 90, 107–135. doi:10.1146/annurev-biochem-080320-112510
 Sharma, P., and Allison, J. P. (2020). Dissecting the mechanisms of immune checkpoint therapy. Nat. Rev. Immunol. 20 (2), 75–76. doi:10.1038/s41577-020-0275-8
 Siegel, R. L., Miller, K. D., Fuchs, H. E., and Jemal, A. (2022). Cancer statistics, 2022.Ca. Cancer J. Clin. 72 (1), 7–33. doi:10.3322/caac.21708
 Song, X., Xie, Y., Kang, R., Hou, W., Sun, X., Epperly, M. W., et al. (2016). FANCD2 protects against bone marrow injury from ferroptosis. Biochem. Biophys. Res. Commun. 480 (3), 443–449. doi:10.1016/j.bbrc.2016.10.068
 Su, Z. D., Huang, Y., Zhang, Z. Y., Zhao, Y. W., Wang, D., Chen, W., et al. (2018). iLoc-lncRNA: predict the subcellular location of lncRNAs by incorporating octamer composition into general PseKNC. Bioinformatics 34 (24), 4196–4204. doi:10.1093/bioinformatics/bty508
 Subramanian, A., Tamayo, P., Mootha, V. K., Mukherjee, S., Ebert, B. L., Gillette, M. A., et al. (2005). Gene set enrichment analysis: A knowledge-based approach for interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. U. S. A. 102 (43), 15545–15550. doi:10.1073/pnas.0506580102
 Sun, D. M., Tang, B. F., Li, Z. X., Guo, H. B., Cheng, J. L., Song, P. P., et al. (2018). MiR-29c reduces the cisplatin resistance of non-small cell lung cancer cells by negatively regulating the PI3K/Akt pathway. Sci. Rep. 8 (1), 8007. doi:10.1038/s41598-018-26381-w
 Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A., et al. (2021). Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. Cag doi:10.3322/caac.21660
 Tang, Z., Kang, B., Li, C., Chen, T., and Zhang, Z. (2019). GEPIA2: An enhanced web server for large-scale expression profiling and interactive analysis. Nucleic Acids Res. 47 (W1), W556–W560. doi:10.1093/nar/gkz430
 Tapper, E. B., and Parikh, N. D. (2018). Mortality due to cirrhosis and liver cancer in the United States, 1999-2016: Observational study. Bmj 362, k2817. doi:10.1136/bmj.k2817
 Tay, Y., Rinn, J., and Pandolfi, P. P. (2014). The multilayered complexity of ceRNA crosstalk and competition. Nature 505 (7483), 344–352. doi:10.1038/nature12986
 Togashi, Y., Shitara, K., and Nishikawa, H. (2019). Regulatory T cells in cancer immunosuppression - implications for anticancer therapy. Nat. Rev. Clin. Oncol. 16 (6), 356–371. doi:10.1038/s41571-019-0175-7
 Vogel, A., and Saborowski, A. (2022). Medical therapy of HCC. J. Hepatol. 76 (1), 208–210. doi:10.1016/j.jhep.2021.05.017
 Wattenberg, M. M., and Beatty, G. L. (2020). Overcoming immunotherapeutic resistance by targeting the cancer inflammation cycle. Semin. Cancer Biol. 65, 38–50. doi:10.1016/j.semcancer.2020.01.002
 Whiteside, T. L. (2002). Tumor-induced death of immune cells: Its mechanisms and consequences. Semin. Cancer Biol. 12 (1), 43–50. doi:10.1006/scbi.2001.0402
 Wu, H., Zhang, W., Wu, Z., Liu, Y., Shi, Y., Gong, J., et al. (2019). miR-29c-3p regulates DNMT3B and LATS1 methylation to inhibit tumor progression in hepatocellular carcinoma. Cell. Death Dis. 10 (2), 48. doi:10.1038/s41419-018-1281-7
 Xing, X. L., Yao, Z. Y., Ou, J., Xing, C., and Li, F. (2021). Development and validation of ferroptosis-related lncRNAs prognosis signatures in kidney renal clear cell carcinoma. Cancer Cell. Int. 21 (1), 591. doi:10.1186/s12935-021-02284-1
 Zhao, Y., Li, M., Yao, X., Fei, Y., Lin, Z., Li, Z., et al. (2020). HCAR1/MCT1 regulates tumor ferroptosis through the lactate-mediated AMPK-SCD1 activity and its therapeutic implications. Cell. Rep. 33 (10), 108487. doi:10.1016/j.celrep.2020.108487
 Zhou, M., Wang, H., Zeng, X., Yin, P., Zhu, J., Chen, W., et al. (2019). Mortality, morbidity, and risk factors in China and its provinces, 1990-2017: A systematic analysis for the global burden of disease study 2017. Lancet 394 (10204), 1145–1158. doi:10.1016/s0140-6736(19)30427-1
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Yang, Song, Li, Mao, Du, Tan and Zhang. 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: 13 October 2022
doi: 10.3389/fgene.2022.1024096


[image: image2]
Construction of a novel prognostic signature based on the composition of tumor-infiltrating immune cells in clear cell renal cell carcinoma
Weiwei Yu1*†, Jiahui Lu1† and Cen Wu2*
1Department of Oncology, The Affiliated Wuxi People’s Hospital of Nanjing Medical University, Wuxi, Jiangsu, China
2Department of General Surgery, Rudong People’s Hospital, Nantong, Jiangsu, China
Edited by:
Feng Xu, Shantou University, China
Reviewed by:
Sajad Najafi, Shahid Beheshti University of Medical Sciences, Iran
Yongjie Zhou, Fudan University, China
Yanan Jiang, Harbin Medical University, China
* Correspondence: Weiwei Yu, yuweiweiwxry@163.com; Cen Wu, admiral_cen@126.com
†These authors have contributed equally to this work
Specialty section: This article was submitted to Cancer Genetics and Oncogenomics, a section of the journal Frontiers in Genetics
Received: 21 August 2022
Accepted: 03 October 2022
Published: 13 October 2022
Citation: Yu W, Lu J and Wu C (2022) Construction of a novel prognostic signature based on the composition of tumor-infiltrating immune cells in clear cell renal cell carcinoma. Front. Genet. 13:1024096. doi: 10.3389/fgene.2022.1024096

Emerging evidence has uncovered that tumor-infiltrating immune cells (TIICs) play significant roles in regulating the tumorigenesis and progression of clear cell renal cell carcinoma (ccRCC). However, the exact composition of TIICs and their prognostic values in ccRCC have not been well defined. A total of 534 ccRCC samples with survival information and TIIC data from The Cancer Genome Atlas (TCGA) dataset were included in our research. The ImmuCellAI tool was employed to estimate the abundance of 24 TIICs and further survival analysis explored the prognostic values of TIICs in ccRCC. In addition, the expression levels of immunosuppressive molecules (PDL1, PD1, LAG3, and CTLA4) in the high- and low-risk groups were explored. Various subtypes of TIICs had distinct infiltrating features and most TIICs exhibited dysregulated abundance between normal and tumor tissues. Moreover, specific kinds of TIICs had encouraging prognostic values in ccRCC. Further analysis constructed a 4-TIICs signature to evaluate the prognosis of ccRCC patients. Cox regression analyses confirmed the independent prognostic role of the signature in ccRCC. Moreover, immunosuppressive molecules, including PD1, LAG3, and CTLA4, were significantly upregulated in the high-risk group and predicted poor prognosis. However, PDL1 was not changed between high- and low-risk groups and could not predict poor prognosis. To sum up, our research explored the landscape of TIICs in ccRCC and established a novel 4-TIIC prognostic signature, which could effectively predict the prognosis for patients with ccRCC. Based on this signature, we also concluded that PDL1 may not predict prognosis in ccRCC.
Keywords: TIICs, ccRCC, ImmuCellAI, prognosis, bioinformatics analysis
INTRODUCTION
Renal cell carcinoma (RCC) is the most widespread malignancy in the urinary system in adults, which takes up more than 90% of adult renal tumors. According to the tumor statistical data announced by the American Cancer Society (ACS), there will be 79,000 new cases of kidney and renal pelvis tumors, which cause about 13,920 cancer-related deaths in the United States (Siegel et al., 2022). Among all RCC subtypes, clear cell renal cell carcinoma (ccRCC) is the most common subtype, accounting for about 75%–85% of total RCC (Baldewijns et al., 2008). Usually, ccRCC is resistant to chemotherapy. Encouragingly, ccRCC has been confirmed to be sensitive to immunotherapies (Liu et al., 2022). With the recent breakthroughs in immunotherapy for solid tumors, several immune checkpoint inhibitors have been approved for treatment for ccRCC, which opens up new prospects for the treatment of ccRCC (Hammers, 2016). For example, nivolumab plus ipilimumab, pembrolizumab plus axitinib, avelumab plus axitinib, nivolumab plus cabozantinib, and atezolizumab plus bevacizumab received approval by the United States Food and Drug Administration (US-FDA) as first-line therapy for advanced ccRCC (Nocera et al., 2022).
For a long time, it has been considered that the response to immunotherapy is dependent on the abundance of tumor-infiltrating immune cells (TIICs) in the tumor microenvironment (TME) (Tahkola et al., 2018; Stenzel et al., 2020). With the significant advancement of high-throughput sequencing technologies and the development of computer-aided algorithms, it is possible to assess the abundance of TIICs based on transcriptome data. Several classic algorithms such as CIBERSORT (Newman et al., 2015), MCPcounter (Becht et al., 2016), TIMER (Li et al., 2017), xCell (Aran et al., 2017), and EPIC (Racle et al., 2017) have been widely applied to evaluate the abundance of TIICs (Liu et al., 2021; Li et al., 2022), estimate the status of tumors and even build immune-related diagnostic and prognostic signatures. In addition, Miao et al. constructed a highly accurate algorithm, which was named ImmuCellAI, which was used to estimate the tumor-infiltrating levels of TIICs (Miao et al., 2020), and expanding the scope of assessment of tumor-infiltrating levels of more T cell subsets. However, ImmuCellAI-dependent TIIC assessment has not been applied in ccRCC to describe the landscape of TIICs.
In this research, based on the ImmuCellAI method and ccRCC transcriptome data from The Cancer Genome Atlas (TCGA) dataset, we performed a deep analysis of the effects of TIICs in ccRCC patients. As the result, we developed a novel prognostic signature based on four types of immune cells, including exhausted T cell (Tex), induced regulatory T cell (iTreg), T helper 17 cell (Th17), and central memory T cell (Tcm), which may exactly distinguish risk stratification in ccRCC patients. In addition, we also performed the subgroup analysis and enrichment analysis, and compared the expression of immunosuppressive molecules in various groups (Figure 1). To sum up, the current study established a novel 4-TIIC signature to predict prognosis and tumor immune microenvironment in ccRCC.
[image: Figure 1]FIGURE 1 | The flow chart of the current study.
MATERIALS AND METHODS
Data acquisition
The survival data and RNA-seq data (IlluminaHiSeq) of ccRCC samples were obtained from the UCSC Xena website (https://xenabrowser.net/datapages/). TIIC data of ccRCC samples was downloaded from the ImmuCellAI website (http://bioinfo.life.hust.edu.cn/web/ImmuCellAI/) (Miao et al., 2020). Patients with missing or insufficient data were excluded from this research. Finally, 534 samples with completed survival and TIICs data were reserved for analysis.
Least absolute shrinkage and selection operator cox analysis
In survival analysis, the overall survival (OS) event was set as the endpoint of observation. The 534 ccRCC samples were divided randomly into the training cohort (n = 267) and the testing cohort (n = 267). The training cohort was applied for prognostic signature construction, while the testing cohort and entire cohort were applied for validation of the established signature. To establish a TIIC-dependent prognostic signature, univariate Cox regression was firstly applied to screen the prognostic values of 24 TIIC abundance. The least absolute shrinkage and selection operator (LASSO) Cox regression model with ten-fold cross-validation was performed using R package “glmnet” and then applied for the further selection of prognostic TIICs and building prognostic signature. The risk score equaled the infiltrating abundance of TIICs multiplied by corresponding regression coefficients. Kaplan-Meier curves and log-rank test were applied to assess the difference in OS by setting the median value of the risk score as the cut-off value. Univariate and multivariable Cox analyses were performed to explore the independent prognostic value of the risk score in combination with clinic-pathological features.
Identification of differentially expressed genes
R language was applied to screen differentially expressed genes (DEGs) between low-risk and high-risk samples using the R package “limma.” The thresholds of extracting DEGs were as follows: |log2 [fold change (FC)]| > 1, and p < 0.01. Volcano plots were drawn using the SangerBox tool (Shen et al., 2022). Next, Database for Annotation, Visualization and Integrated Discovery (DAVID, https://david.ncifcrf.gov/) was employed to perform Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses of DEGs. The human genome (Homo sapiens) was selected as the background variable. The top five terms or terms with p value <0.05 were exhibited as results.
Collection of clear cell renal cell carcinoma specimens
The tumor tissue microarray of ccRCC (TMA, HKidE180Su02) was purchased from Outdo BioTech (Shanghai, China). The HKidE180Su02 cohort contained 150 ccRCC and 30 para-tumor samples. Detailed clinic-pathological information on the TMA and follow-up data were provided by Outdo BioTech, which was exhibited in Supplementary Table S1. Ethical approval was granted by the Clinical Research Ethics Committee in Outdo Biotech (Shanghai, China).
Immunohistochemistry staining and semi-quantitative assessment
Immunohistochemistry (IHC) staining was conducted on the HKidE180Su02 TMA according to the standardized procedures. The sections were then washed with xylene for three 5-min. The sections were rehydrated by successive washes in 100%, 90%, and 70% graded ethanol. Hydrogen peroxidase was used to block endogenous peroxidase activity for 20 min. The antigen retrieval solution is EDTA. The primary antibody used in our research was anti-PD-L1 (Ready-to-use, Cat. GT2280, GeneTech). Antibody staining was visualized with DAB and hematoxylin counterstain, and stained TMA was captured using Aperio Digital Pathology Slide Scanners. The stained TMA was independently evaluated by two pathologists. Expression levels of PD-L1 in tumor cells were semi-quantitatively assessed by estimating the immunoreactivity score (IRS) (Mei et al., 2020; Mei et al., 2021). Briefly, the percentage of positively stained cells was scored as 0–4: 0 (<5%), 1 (6%–25%), 2 (26%–50%), 3 (51%–75%) and 4 (>75%). The staining intensity was scored as 0–3: 0 (negative), 1 (weak), 2 (moderate), and 3 (strong). The IRS equals the percentages of positive cells multiplied by staining intensity.
Statistical analysis
R 4.0.2 and GraphPad Prism 8.0 were applied as the main tools for the statistical treatment and figure display. The difference between the two groups was mostly detected by Student’s t-test. Correlation analysis was conducted by Pearson’s test. The LASSO Cox regression model was applied to further screen the prognostic TIICs using R package “glmnet.” Kaplan-Meier survival plots were built to compare the difference in OS using the log-rank test. Univariate and multivariate Cox regression models were used to calculate the hazard ratio (HR) of the risk score to clinic-pathological features for OS. For all analyses, p value <0.05 was deemed to be statistically significant and labeled with *p < 0.05, **p < 0.01, and ***p < 0.001.
RESULTS
The infiltrating levels and distribution of tumor-infiltrating immune cells in clear cell renal cell carcinoma
To gain a comprehensive insight into TIICs in ccRCC, the ImmuCellAI was used to assess TIICs levels in ccRCC samples from the TCGA dataset. A heatmap was plotted to exhibit 24 immune cells abundance in normal and tumor samples (Figure 2A). We further compared the level of each TIIC in ccRCC tissues. As the results exhibited, most TIICs were significantly dysregulated in ccRCC tissues. Cytotoxic T cell (Tc), Tex, type 1 regulatory T cell (Tr1), etc. were significantly enriched, while CD4+ naive cell, CD8+ naive cell, Th2, etc. were notably decreased in ccRCC tissues compared with the normal tissue (Figure 2B). In addition, the correlation between TIICs in ccRCCs was evaluated to understand the potential relationships among different immune cell types. It was uncovered that the fractions of several types of immune cells had a correlation with each other in TCGA (Figure 3A). Subsequently the proportion of various TIICs in ccRCC samples. The results exhibited that CD4+ naive cell had the lowest abundance level, while Th2 had the highest abundance level in ccRCC (Figure 3B). Taken together, given most kinds of TIICs being dysregulated in ccRCC, we speculated that infiltrating TIICs might play significant roles in mediating ccRCC progression.
[image: Figure 2]FIGURE 2 | The distribution of TIICs in ccRCC. (A) The heatmap of the 24 TIICs abundance based on TCGA data. Red represents high abundance, and blue represents low abundance. (B) The infiltrating abundance of 24 TIICs in normal and tumor tissues. Significance was calculated with Student’s t-test. *p < 0.05, **p < 0.01, ***p < 0.001.
[image: Figure 3]FIGURE 3 | The correlation and proportion of TIICs in ccRCC. (A) Correlation matrix of 24 TIICs in ccRCC samples. Red represents positive correlation, and blue represents negative correlation. Significance was calculated with Pearson correlation analysis. (B) The proportion of 24 TIICs in ccRCC.
The prognostic values of tumor-infiltrating immune cells in clear cell renal cell carcinoma
The patients were divided into two groups at the cut-off value of the median infiltrating levels to assess the prognostic values of TIICs in ccRCC. The results exhibited that several kinds of TIICs had notableprognostic values in ccRCC patients (Figure 4). Patients with higher levels of Tex, natural regulatory T cell (nTreg), Th1, effector memory T cell (Tem), and CD8+ T cell had notably worse OS, while high infiltrating levels of Th2, Tcm, and gamma delta T cell (Tgd) predicted better prognosis in ccRCC patients (Figure 4). Overall, these findings revealed that several TIICs have specific prognostic values, which could be used as prognostic indicators in ccRCC.
[image: Figure 4]FIGURE 4 | The prognostic values of TIICs in ccRCC patients. Overview of Kaplan-Meier analysis for the prognostic values of 24 TIICs in ccRCC. Red represents risky factor, and blue represents protective factor. Significance was calculated with log-rank analysis.
Construction and validation of a 4-tumor-infiltrating immune cells prognostic signature
In view of the notable prognostic values of TIICs, we tried to establish a TIIC-associated prognostic signature. Firstly, we conducted univariate Cox regression to initially screen TIICs with significant effects on the prognosis of ccRCC in the training cohort and thus five types of TIICs were extracted (Supplementary Table S2). Secondly, LASSO Cox analysis was performed to further detect the effective TIICs and construct prognostic signature (Supplementary Figures S1A,B). Six TIICs were identified and then used to construct a prognostic signature. We successfully constructed a 4-TIIC signature (2.307*Tex+1.586*iTreg-0.556*Th17-3.679*Tcm) to evaluate the prognosis of ccRCC patients based on the tumor-infiltrating levels of these four TIICs and their regression coefficients (Supplementary Figure S1C).
Based on the median value of the risk score, the patients in the training cohort were assigned into low- and high-risk groups. The distributions of four TIICs in the training cohort were exhibited in Figure 5A. Kaplan-Meier analysis showed that patients with high-risk showed notably worse OS compared with those with low risk (Figure 5B). In addition, the AUC in the training cohort was 0.716, showing a highly exact identification capability (Figure 5C). To test the prognostic value of the immune signature, the testing cohort and the entire cohort were employed. The distributions of four TIICs in the testing and entire cohorts were shown in Figures 5D,G. Similar to the training cohort, the prognosis of high-risk patients was notably worse than those of the low-risk patients in both testing and entire cohorts (Figures 5E,H). ROC analysis confirmed the satisfactory prognostic accuracy of the 4-TIIC signature in testing and entire cohorts as well (Figures 5F,I). Moreover, univariate and multivariate Cox analysis confirmed that this prognostic signature could independently predict the prognosis for ccRCC patients (Table 1). Totally, the novel signature could effectively predict the prognosis for ccRCC patients.
[image: Figure 5]FIGURE 5 | Construction and validation of a 4-TIIC prognostic signature for ccRCC. The heatmap showed the infiltrating abundance of four TIICs in the low and high-risk groups in (A) the training cohort, (D) the testing cohort, and (G) the entire cohort. Patients in the high-risk group exhibited worse prognosis than those in the low-risk group in (B) the training cohort, (E) the testing cohort, and (H) the entire cohort. Significance was calculated with log-rank analysis. ROC analysis of the 4-TIIC signature in (C) the training cohort, (F) the testing cohort, and (I) the entire cohort.
TABLE 1 | Univariate and multivariate analysis of survival factors in patients with ccRCC.
[image: Table 1]Subtype prognostic analysis of the 4-tumor-infiltrating immune cells signature in clear cell renal cell carcinoma
We next evaluate the prognostic value of the 4-TIIC signature in ccRCC patients with different clinic-pathological features in the entire cohort. The risk score could confirm satisfactory prognostic discrimination in patients with different genders and ages (Figures 6A–D). In terms of the clinical stage, the risk score was lowly correlated with OS in stage I and II patients, whereas in stage III and IV patients, the OS of patients with a higher risk score was obviously worse than that of the low expression group (Figures 6E,F). Furthermore, subgroup analysis by differentiation grade exhibited that the risk score did not have an association with OS in grade I and grade II patients, but in the patients with worse tumor differentiation, the OS of grade III and IV patients with high-risk score was notably worse than that with low-risk score (Figures 6G,H). Interestingly, subgroup analysis revealed that the prognostic value of 4-TIIC signature was more notable in patients with higher TNM stages and poorer differentiated grades.
[image: Figure 6]FIGURE 6 | Subgroup analysis of the prognostic value of the risk score in ccRCC. (A,B) The prognostic value of the risk score in female and male patients. (C,D) The prognostic value of the risk score in patients with different ages. (E,F) The prognostic value of the risk score in patients at different clinical stages. (G,H) The prognostic value of the risk score in patients with various differentiated grades. Significance was calculated with log-rank analysis.
Expression levels of immunosuppressive molecules in various groups
To further understand the progression of ccRCC in term of the 4-TIIC signature, we exacted DEGs between two groups. A total of 194 genes were upregulated in the high-risk groups and 37 genes were upregulated in the low-risk group. We next extracted DEGs for enrichment analysis. The results showed that genes upregulated in the high-risk groups were associated with immune-related functions, and genes upregulated in the low-risk groups were relatively scattered (Table 2).
TABLE 2 | GO and KEGG analysis of DEGs between low- and high-risk groups.
[image: Table 2]Given the four types of immune cells in the prognostic signature, we speculated that ccRCC samples in the high-risk group may be in the immunosuppressive status. Thus, we compared the expression of several immunosuppressive immune checkpoints, including PDL1, PD1, LAG3, and CTLA4 in ccRCC samples in low- and high-risk groups. The results showed that PDL1 was not changed between high- and low-risk groups and could predict well prognosis, but PD1, LAG3, and CTLA4 were significantly upregulated in samples with high-risk (Figures 7A,B). Considering the unusual result, we further explored the prognostic value of PDL1 in ccRCC. A total of 150 ccRCC patients were involved and the result showed that PDL1 was not a prognostic factor in ccRCC patients (Figures 7C,D). Taken together, based on the 4-TIIC signature, we found that PDL1 might not be a prognostic biomarker in ccRCC.
[image: Figure 7]FIGURE 7 | Expression levels of immunosuppressive molecules in various groups. (A) Expression levels of PDL1, PD1, CTLA4, and LAG3 in ccRCC with low- and high-risk. Significance was calculated with Student’s t-test. ***p < 0.001. (B) Prognostic values of PDL1, PD1, CTLA4, and LAG3 in ccRCC. Significance was calculated with log-rank analysis. (C) Representative images revealing PDL1 expression in ccRCC samples using anti-PDL1 staining. Magnification, × 200. (D) Prognostic values of PDL1 in 150 ccRCC patients. Significance was calculated with log-rank analysis.
DISCUSSION
A previous study presented by Chevrier et al. (2017) built an immune atlas of ccRCC and found 17 tumor-associated macrophage subtypes and 22 T cell subtypes. Besides, they suggested that immune cell compositions have obvious associations with progression-free survival (PFS) of ccRCC patients. Moreover, it was found in a study that ccRCC relapse after surgery has an association with decreased T cell infiltration level (Ghatalia et al., 2019). Authoritative research indicated a close correlation of immune cell infiltration with ccRCC progression and its value in prognosis and relapse prediction (Giraldo et al., 2017). In the current study, we systematically summarized the infiltrating levels and features of TIICs in ccRCC tissues by using the ImmuCellAI algorithm. Most dysregulated TIICs were found in ccRCC, which might play a significant role in ccRCC progression.
Growing numbers of research suggested that the abundance of TIICs in TME was associated with patient’s prognosis (Wang et al., 2020; Cai et al., 2021). CIBERSORT, a classic deconvolution algorithm, has been widely used to evaluate TIIC abundance in cancers (Newman et al., 2015). Ge et al. (2019) used CIBERSORT to describe infiltrating features of TIICs and found that M0 & M1 macrophages and CD4 memory activated T cells notably over-infiltrated into colorectal cancer tissues in comparison with normal tissues. In ccRCC, Liu et al. (2020) estimated TIICs using the ESTIMATE algorithm, and found that TIICs have certain effects on genetic mutations and can be used as biomarkers to assess the prognosis of tumor patients. However, for all we know, there was no study on the prognostic value of combined multiple immune cells in ccRCC. As a significant finding in this report, we constructed a novel 4-TIIC signature to predict the prognosis for ccRCC patients based on the levels of Tex, iTreg, Th17, and Tcm. The validation and Cox analysis confirmed the promising prognostic value of this signature in ccRCC.
Tex is a group of T cells with reduced effector functions and continuous expressions of inhibitory receptors such as TIGIT, LAG3, and PDCD1 (Wherry and Kurachi, 2015). Some studies confirmed that the high level of Tex infiltration has an association with deleterious prognosis in various cancers (Kong et al., 2016; Nakano et al., 2018). The infiltration of Tex expressing CD8/PDCD1/TIM3/LAG3 in localized ccRCC can identify the patients with worse prognosis to benefit from adjuvant therapy (Giraldo et al., 2017). iTreg is a highly immunosuppressive, therapy-resistant Treg, which is driven to converse from conventional CD4+ T cell, and can suppress the anti-cancer immune reaction, thus enhancing the tumor development (Whiteside et al., 2012). Th17 acts as a pro-inflammatory mediator, which maintains a good balance for regulating suitable adaptive immune reaction through co-operating with the immunosuppressive Treg cells (Marshall et al., 2016). Huang et al. (2019) revealed that long-lived ccRCC patients have high levels of Th17. The last hub TIIC in our signature was Tcm, a subset of memory T cells with key roles in the occurrence and development of cancers (Zhang et al., 2014). The expressional levels of CD4+/CD8+ Tcm were increased in gastric cancer patients after cancer surgery, revealing their tumor-suppressive roles (Zhang et al., 2014). In the current study, we defined the significant prognostic roles of these four TIICs in ccRCC with a novel prognostic signature, namely, Tex and iTreg were risky indicators, while Th17 and Tcm were protective indicators. Moreover, by combining the abundance of these four TIICs, we could exactly predict the prognosis of ccRCC.
Furthermore, given that Tex and iTreg were risky indicators, while Th17 and Tcm were protective indicators, the features of TME in ccRCC patients with high risk should be highly immunosuppressive. The expression levels of PD1, LAG3, and CTLA4 were also upregulated in samples with high risk and could predict poor prognosis in ccRCC. However, PDL1 was not changed in patients with various risks and could not be a prognostic factor in ccRCC. In a previous study, PDL1 expression was observed in 70.4% ccRCC and the corresponding patients had worse prognosis (Kammerer-Jacquet et al., 2017). However, another research revealed that the level of PDL1 expressed in tumor cells was not associated with prognosis in ccRCC (Lee et al., 2020). In conjunction with the conclusion of our study, we hold the opinion that the prognostic value of PDL1 should be further explored.
CONCLUSION
To sum up, we analyze the 24 TIIC subgroups in ccRCC patients based on RNA sequencing data using the ImmuCellAI algorithm. We identify that several TIICs are associated with prognosis in ccRCC patients. Thereafter, we identify a 4-TIIC signature, which can accurately predict OS for ccRCC patients. However, it is required to conduct further large-scale clinical investigations to validate our results and explore the potential mechanisms interlinking TIICs in ccRCC progression.
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Background: Immunotherapy has been a promising approach option for lung cancer.
Method: All the open-accessed data was obtained from the Cancer Genome Atlas (TCGA) database. All the analysis was conducted using the R software analysis.
Results: Firstly, the genes differentially expressed in lung cancer immunotherapy responders and non-responders were identified. Then, the lung adenocarcinoma immunotherapy-related genes were determined by LASSO logistic regression and SVM-RFE, respectively. A total of 18 immunotherapy response-related genes were included in our investigation. Subsequently, we constructed the logistics score model. Patients with high logistics score had a better clinical effect on immunotherapy, with 63.2% of patients responding to immunotherapy, while only 12.1% of patients in the low logistics score group responded to immunotherapy. Moreover, we found that pathways related to immunotherapy were mainly enriched in metabolic pathways such as fatty acid metabolism, bile acid metabolism, oxidative phosphorylation, and carcinogenic pathways such as KRAS signaling. Logistics score was positively correlated with NK cells activated, Mast cells resting, Monocytes, Macrophages M2, dendritic cells resting, dendritic cells activated and eosinophils, while was negatively related to Tregs, macrophages M0, macrophages M1, and mast cells activated. In addition, ERVH48-1 was screened for single-cell exploration. The expression of ERVH48-1 increased in patients with distant metastasis, and ERVH48-1 was associated with pathways such as pancreas beta cells, spermatogenesis, G2M checkpoints and KRAS signaling. The result of quantitative real-time PCR showed that ERVH48-1 was upregulated in lung cancer cells.
Conclusion: Our study developed an effective signature to predict the immunotherapy response of lung cancer patients.
Keywords: lung adenocarcinoma, immunotherapy response, ERVH48-1, tumor environment, predictive model
INTRODUCTION
Deaths from lung cancer account for a significant percentage of all cancer-related deaths (Nguyen et al., 2022). There are many types of lung cancer, but the majority of them are non-small cell lung cancer (NSCLC) (Zhang et al., 2021). As cancer genomics has advanced in the past few decades, several mutations have been identified as lung adenocarcinoma (LUAD) driver genes, such as KRAS, epidermal growth factor receptors (EGFRs), c-METs, and so on (Chen et al., 2019; Wang et al., 2019; Sun et al., 2020; Wang et al., 2020). A variety of drugs have since been developed to target mutations in driver genes. Despite receiving targeted therapies, most patients eventually develop resistance to them, partly due to secondary mutations in the tumor (Foggetti et al., 2021; Tumbrink et al., 2021).
Biologically-based cancer immunotherapy provides new perspectives for cancer treatment (Denisenko et al., 2018). Generally, LUAD often has high tumor mutational burden (TMB) and immunogenicity characteristics (Skoulidis et al., 2018). Therefore, LUAD is an ideal immunotherapy indication (Zhang et al., 2020). Nowadays, immune therapy, like immune checkpoints (ICI), has shown encouraging results. ICI treatment, however, is relatively ineffective for LUAD patients (Santarpia et al., 2020). So far, a series of biomarkers that predict the treatment effectiveness of ICI have been verified, including immune cell status, PD-L1 expression levels, neoantigens, intestinal flora, and TMB (Peng et al., 2020). Transcriptome sequencing files have recently made it possible to estimate the immune status of cancer using the Tumor Immune Dysfunction and Exclusion (TIDE) algorithm. The core is to determine whether T cells are depleted in immune “hot” tumors, or whether there are three types of suppressive T cell infiltration in immune “cold “tumors (Connolly et al., 2021; Shao et al., 2021). There is an urgent need to build a model based on immunotherapy-related genes to indicate the clinical efficacy of ICI.
Cancer immune status is closely related to the prognosis of patients and can indicate the effect of immunotherapy (Ren et al., 2021; Yu et al., 2021). In our investigation, the lung cancer patients were divided into the corresponding immunotherapy responders and non-responders groups through the TIDE algorithm. The characteristic genes of immunotherapy were screened by LASSO logistic regression and the SVM-RFE algorithm. Logistics regression analysis was used to establish a logistics model based on the immunotherapy characteristic genes, and each patient was assigned a logistics score according to the identified formula. Furthermore, we investigated the underlying difference in patients with high and low logistic score. Finally, ERVH48-1 was identified as an underlying target to interfere with the response of immunotherapy in LUAD patients.
METHODS
Data acquisition
The transcriptomic data and clinical information of lung adenocarcinoma patients were obtained from the Cancer Genome Atlas database (TCGA-LUAD project). The format of transcriptomic data was STAR-counts and the format of clinical data was bcr-xml. All raw data was organized using the author’s R and Perl code. Before analysis, all the data were preprocessed, including probe annotation, missing value completion and Data standardization. The baseline information of enrolled patients was shown in Table 1.
TABLE 1 | The baseline information of the TCGA-LUAD patients.
[image: Table 1]Evaluation of immunotherapy response
Each patient’s response rate to immunotherapy was assessed using the Tumor Immune Dysfunction and Exclusion (TIDE) algorithm (Fu et al., 2020). Specifically, the cancer type was selected as NSCLC. Among them, patients with TIDE >0 were considered non-responders to immunotherapy, and patients with TIDE <0 were considered responders to immunotherapy.
Machine learning algorithm and logistic model
The LASSO logistic regression and SVM-RFE algorithm were performed to optimize variable selection (Deo, 2015). The immunotherapy characteristic genes of LUAD were screened by LASSO logistic regression and SVM-RFE algorism. Logistics regression analysis was used to establish a logistics model based on the immunotherapy characteristic genes, and each patient was assigned a logistics score according to the identified formula.
Biological enrichment
The Gene Set Enrichment Analysis (GSEA) algorithm was utilized to explore the differences in biological pathways (Subramanian et al., 2005). The reference gene set was Hallmark and c2. cp.kegg.v2022.1. Hs.symbols.gmt file. Gene Ontology (GO) analysis was conducted using the “Clusterprofiler” package (Yu et al., 2012).
Immunocytes infiltration assessment
Immunocyte infiltration was quantified using the “CIBERSORT” algorithm (Chen et al., 2018).
Genome instability analysis
TMB and microsatellite instability (MSI) were obtained directly from the TCGA database. Tumor stemness index mRNAsi and EREG-mRNAsi were obtained from previously published articles (Malta et al., 2018).
Single-cell RNA-seq analysis
ERVH48-1 analysis at single-cell RNA-seq level was performed via the http://tisch.comp-genomics.org/home/website.
Cell lines and quantitative real-time (qRT) PCR
Normal BEAS-2B and lung cancer A549, H1299, and SPC-A1 cell lines were laboratory stocks. Total RNA was extracted using an RNA extraction kit following the protocol. SyBr Green PCR system was used for the qRT-PCR. The primers used were as follows: ERVH48-1, forward primer, 5′-CTC​CGG​GTT​CCA​ACC​AAT​G-3′, reverse primer, 5′-AGA​GGC​GAC​TAG​AGG​CTG​AG-3’; GAPDH, forward primer, 5′- GGA​GCG​AGA​TCC​CTC​CAA​AAT-3′, reverse primer, 5′- GGC​TGT​TGT​CAT​ACT​TCT​CAT​GG-3’.
Statistical analysis
An analysis of the data was conducted using R software, and a p value of 0.05 on both sides was considered statistically significant.
RESULTS
Screening immune response-related genes
The whole flow chart of this study was shown in Supplementary Figure S1. To obtain immune response-related genes, we first divided patients into the immunotherapy responders group and the non-responders group. Figure 1A showed the TIDE score of each LUAD patient. The patients with TIDE score <0 were defined as the immunotherapy responder group, and those with TIDE score >0 were the non-responder group. The “limma” package was utilized to screen for differential expression analysis between the two specific groups, defined as immunotherapy-related candidate genes (Figure 1B). The LASSO logistic regression and SVM-RFE algorithm were used to optimize variable selection. The lung adenocarcinoma immunotherapy-related genes were screened by LASSO logistic regression and SVM-RFE, respectively. The LASSO logistic regression algorithm obtained a total of 18 immunotherapy characteristic genes (Figures 1C,D). The SVM-RFE algorithm screened 22 immunotherapy characteristic genes (Figure 1E). Lastly, the intersection of LASSO logistics regression and SVM-RFE algorithms identified 18 immunotherapy characteristic genes, including GABRA3, SST, APCDD1L, CEACAM8, GPR1, ERVH48-1, EPYC, IGF2, PLPP4, PADI3, MAGEA6, APELA, OBP2A, GAP43, MAGEA3, CYP4Z2P, MAGEA1, IMPA1P1 (Figures 1F,G).
[image: Figure 1]FIGURE 1 | Identification of the immunotherapy characteristic genes. Notes: (A) TIDE analysis was performed to evaluate the immunotherapy response of each patient. (B) Volcano plots depicted differentially expressed genes between immunotherapy responders and non-responders; (C,D): LASSO logistic regression analysis based on differentially expressed genes between immunotherapy responders and non-responders. (E) SVM-RFE analysis based on differentially expressed genes between immunotherapy responders and non-responders; (F,G): The intersection of LASSO logistics regression and SVM-RFE algorithms identified 18 immunotherapy characteristic genes.
Predictive performance of immunotherapy response-related molecules
Next, we found a different expression pattern in characteristic genes between the immunotherapy responders and non-responders groups. For example, GABRA3, EPYC, OBP2A, PAI3, SST, IGF2, GAP43, GPR1, MAGA6, MAGEA1, APCDD1L, PLPP4, MAGEA3, ERVH48-1, and APELA were highly expressed in the immunotherapy non-response group, while CEACAM8, CYP4Z2P, and IMPA1P1 were highly expressed in the immunotherapy responders group (Figure 2A). In addition, ROC curves were utilized to assess the predictive performance of 18 characteristic genes for immunotherapy of LUAD. The AUC values of all characteristic genes were >0.5 and the AUC value of APCDD1L was 0.766 (Figures 2B–S).
[image: Figure 2]FIGURE 2 | Evaluation of the prediction performance of immunotherapy characteristic genes. Notes: (A) Expression level of identified 18 characteristic genes in immunotherapy responders and non-responders; (B–S): Prediction performance of 18 characteristic genes in LUAD immunotherapy response.
Construction of logistics model
To effectively evaluate the clinical efficacy of immunotherapy for each patient, we constructed the logistics model based on immunotherapy characteristic genes. Each patient was assigned a logistics score according to the formula: Logistics score = 1.14,241,470 + GABRA3 * -0.20857125 + EPYC * -0.28555130 + OBP2A * -0.23632246 + CEACAM8 * 0.20820226 + PADI3 * -0.04657940 + CYP4Z29 * 0.09164072 + SST * -0.03457475 + IGF2 * -0.92090211 + GAP43 * -0.24484709 + GPR1 * -0.32626723 + MAGEA6 * 0.36074564 + MAGEA1 * - 0.13692973 + APCDD1L * -0.3694431 + MAGEA3 * -0.29105109 + ERVH48-1 * -0.25158873 + APELA * -0.17219285 + IMPA1P1 * 0.75190815”.
Figure 3A displayed the logistics score of each patient. We found that the patients in the immunotherapy responder group had a higher logistics score (Figure 3B). The ROC curve indicated that the logistics score had excellent performance in predicting LUAD immunotherapy response (Figure 3C, AUC: 0.851). Among the patients with low logistics scores, only 12.1% responded to immunotherapy significantly, while 63.2% of those with high logistics scores responded significantly (Figure 3D). In addition, we found a significantly higher level of CTLA4 and PDCD1 in patients with low logistics score (Figure 3E).
[image: Figure 3]FIGURE 3 | Logistics regression model. Notes: (A) Logistic regression model was constructed based on the identified characteristic genes; (B) Differences of logistics score between immunotherapy responders and nonresponders; (C) ROC curve was utilized to assess the performance of Logistics score in predicting the response to immunotherapy in LUAD patients; (D) Proportion of immunotherapy responders and non-responders in patients with high and low logistics score; (E) The level of key immune checkpoints in patients with high and low logistics score.
Biological enrichment analysis
Subsequently, we performed GSEA pathway analysis and GO analysis on patients with high and low logistics score subgroups. We found that pathways related to immunotherapy were mainly enriched in many metabolic pathways such as fatty acid metabolism, bile acid metabolism, oxidative phosphorylation, and carcinogenic pathways such as KRAS signaling up, MYC targets, epithelial-mesenchymal transition (Figure 4A). The loop diagram showed the enrichment of immunotherapy response-related genes in the pathway, such as GO: 0048568 and GO: 0048562 (Figure 4B). Kyoto Encyclopedia of Genes and Genomes (KEGG) based on GSEA analysis indicated that the terms of linoleic acid metabolism, arachidonic acid metabolism, ether lppid metabolism, alpha linolemic acid metabolism, fc epsilon ri signaling pathway, metabolism of xenobiotics by cytochrome P450, long term depression, glycerophospholipid metabolism, tyrosine metabolism were significantly enriched in the patients with high logistics score (Supplementary Figure S2).
[image: Figure 4]FIGURE 4 | Biological enrichment analysis. Notes: (A) GSEA analysis between high and low logistics score based on the Hallmark gene set; (B) GO analysis between high and low logistics score.
Tumor microenvironment assessment
The quantified immune cell in the tumor microenvironment of each LUAD patient was shown in Figure 5A. Correlation analysis showed that logistics score was positively correlated with NK cells activated, monocytes, macrophages M2, dendritic cells activated, and eosinophils, while negatively related to T cells CD4 memory activated, Tregs and mast cells activated (Figure 5B). Subsequently, the infiltration level of 22 immune cells in the high and low logistics score subgroups were shown in Figure 5C. Also, correlation analysis showed that TMB index and EREG-mRNAsi scores were higher in the low logistics score group, while MSI scored was higher in the high logistics score patients (Figures 5D–G).
[image: Figure 5]FIGURE 5 | Immune infiltration analysis. Notes: (A) The CIBERSORT algorithm was utilized to quantify the immune infiltration in the LUAD tumor microenvironment; (B) Correlation of logistics score and quantified immune cells; (C) Infiltration level of quantified immune cells in patients with high and low logistics score; (D–G): Level of TMB, MSI, mRNAsi and EREG-mRNAsi in patients with high and low logistics score.
Role of ERVH48-1 in lung adenocarcinoma
Univariate Cox regression analysis suggested that ERVH48-1 was significantly associated with the clinical performance of LUAD patients, suggesting that this gene could affect both the immune response and the progression of LUAD (Figure 6A). Kaplan-Meier survival curves also indicated the significant effect of ERVH48-1 on patients disease-specific survival and progression-free survival (Figures 6B,C). Subsequently, the expression of ERVH48-1 in patients with different clinical features was detected, and it was found that the expression of ERVH48-1 was increased in patients with distant metastasis (Figures 6D–I). We performed pathway enrichment analysis and found that ERVH48-1 mainly changed related pathways such as pancreas beta cells, spermatogenesis, G2M checkpoint and KRAS signaling (Figure 6J).
[image: Figure 6]FIGURE 6 | Further exploration of ERVH48-1. Notes: (A) Univariate Cox regression analysis of the characteristic genes; (B,C): Difference in disease-specific survival and progression-free survival in patients with high and low logistics score; (D–I): The expression of ERVH48-1 in populations with different clinical characteristics; (J) Pathway enrichment analysis of ERVH48-1.
Based on the online website, we evaluated the expression levels of ERVH48-1 in different cells. ERHV48-1 was mainly expressed in tumor cells and mast cells (Figures 7A,B). Moreover, we found that the expression of key immune checkpoints was decreased in the patients with high ERHV48-1 expression (Figure 7C). Results of qRT-PCR showed that ERVH48-1 was upregulated in lung cancer cells (Supplementary Figure S3).
[image: Figure 7]FIGURE 7 | Single-cell analysis of ERVH48-1. Notes: (A,B): The ERVH48-1 expression in different cell subgroups; (C): The level of key immune checkpoints in patients with high and low logistics score.
DISCUSSION
In our investigation, we collected the TCGA-LUAD dataset to construct prognostic immunotherapy response features. The signature consisted of 18 immune response-related genes. Fain et al. observed that the downstream promoter in tumor cells overlaps with the DNA methylation site, and then activates the hypermethylation of its long transcript, resulting in a similar regional DNA hypermethylation pattern, including tumor suppressor genes (Fain et al., 2021). Another investigation demonstrated that the expression of PLPP4 in lung cancer patients with a higher malignant degree was also increased (Zhang et al., 2017). In our paper, a model consisting of 18 immune response characteristic genes can efficiently predict the clinical response of LUAD patients to immunotherapy.
In general, previous prognostic stratification prediction models are based on the real characteristics of tumors, like clinical TNM stage, tumor texture, vascular growth distribution and nerve infiltration. Certain components of innate and adaptive immunity were also actively involved in the progression of cancer (Rolfo et al., 2021). An investigation has shown that the immunological profiles (type, location and number of tumor-infiltrating immune cells) were a better predictor of patient survival than traditional histopathology in colon cancer (Dejima et al., 2021). The “Immunoscore” was a quantitative tool for predicting tumor immunogenicity. In addition to the current histopathological staging system, it is undergoing clinical research on a variety of cancer types (Pfirschke et al., 2016; Della Corte et al., 2020). In addition to determining tumor immune microenvironment from RNA sequencing data, immune characteristics can be used to predict patient clinical performance. In addition to the survival rate of patients, this immune characteristic was also a predictor of response to ICI treatment. In our investigation, patients with low logistics score had poor responses to immunotherapy, suggesting that for the selection of patients before ICI treatment, these 18 immune response-related characteristic genes may be useful. In the process of selecting patients for ICI treatment, PD-L1 expression, TMB, mRNAsi, and EREG-mRNAsi have been measured (Li et al., 2021a). The predictive performance of this immune feature was not related to mRNAsi. On the contrary, we found a significant decrease in TMB in the high logistics score group. Due to logistics score being a complex model with multiple variables, we believe that other variables may help to improve the prediction effect of logistics score groups.
Based on the cancer-immune cycle hypothesis, the anti-tumor effect involved many gradual processes (Duhen et al., 2018). Cancer develops when some steps of the process are hindered, including an increase in immune checkpoint expression, impaired T-cell infiltration, and antigen regulation (Li et al., 2021b). As a result, patients may benefit little from ICI treatment when immune checkpoints are not the only rate-limiting step. In our investigation, patients with high logistics score had higher immune checkpoint molecules level. It can be inferred from the higher levels of immune checkpoint molecules that the high logistics score group already possessed T cell activation. Therefore, patients with high logistics scores may be more sensitive to ICI treatment. In the clinical, the application of our logistics model might contribute to the therapy section of the individual patient.
Although some positive results have been achieved, there were still some limitations. Firstly, this immune feature was constructed based on public data sets. The predictive ability needs to be further verified in randomized controlled cohorts. In addition, we used the logistics score to simulate the patients response to ICI treatment. But there are not enough immunotherapy cohorts to validate our model, so the logistics score still cannot completely replace the real treatment response.
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Despite the recent increase in the use of immune checkpoint blockade (ICB), no ICB medications have been approved or are undergoing large-scale clinical trials for glioma. T cells, the main mediators of adaptive immunity, are important components of the tumor immune microenvironment. Depletion of T cells in tumors plays a key role in assessing the sensitivity of patients to immunotherapy. In this study, the bioinformatics approach was applied to construct T cell depletion-related risk assessment to investigate the impact of T cell depletion on prognosis and ICB response in glioma patients. The Cancer Genome Atlas (TCGA) and GSE108474 glioma cohorts and IMvigor210 immunotherapy datasets were collected, including complete mRNA expression profiles and clinical information. We used cell lines to verify the gene expression and the R 3.6.3 tool and GraphPad for bioinformatics analysis and mapping. T cell depletion in glioma patients displayed significant heterogeneity. The T cell depletion-related prognostic model was developed based on seven prognostic genes (HSPB1, HOXD10, HOXA5, SEC61G, H19, ANXA2P2, HOXC10) in glioma. The overall survival of patients with a high TEXScore was significantly lower than that of patients with a low TEXScore. In addition, high TEXScore scores were followed by intense immune responses and a more complex tumor immune microenvironment. The “hot tumors” were predominantly enriched in the high-risk group, which patients expressed high levels of suppressive immune checkpoints, such as PD1, PD-L1, and TIM3. However, patients with a low TEXScore had a more significant clinical response to immunotherapy. In addition, HSPB1 expression was higher in the U251 cells than in the normal HEB cells. In conclusion, the TEXScore related to T cell exhaustion combined with other pathological profiles can effectively assess the clinical status of glioma patients. The TEXScore constructed in this study enables the effective assessment of the immunotherapy response of glioma patients and provides therapeutic possibilities.
Keywords: glioma, T cell exhaustion, immunotherapy, prognosis prediction, tumor environment
INTRODUCTION
Despite aggressive treatment, gliomas are among the least successful primary tumors of the central nervous system, with a 5-year survival rate of less than 5% (Miller et al., 2021). Loss of effector function and increase in immunosuppressive molecules are the main features of T cell exhaustion (Dominguez-Villar et al., 2019; Choe et al., 2021). Indeed, it is common for CD4+ and CD8+ T cell numbers to be reduced within the tumor and in circulation among patients with glioma (Wang et al., 2017; Levite, 2021). As checkpoint inhibitors are witnessing an expanded range of indications, an increasing number of patients are receiving them (Zeng et al., 2013; Giles et al., 2018). Although PD-1 antibodies have been found to produce durable clinical responses in advanced melanoma, bladder cancer, liver cancer, and other types of cancer, it is unclear whether this treatment is feasible in glioma, suggesting the necessity to further investigate the mechanisms of T cell depletion in glioma (Farhood et al., 2019; Hu et al., 2019; Zheng et al., 2020; Laumont et al., 2021; Ye et al., 2021).
Various subtypes of T cells have been shown to play different roles in gliomas, primarily by mediating adaptive immune responses (Flores-Toro et al., 2020; Choi et al., 2021). Among them, T-regs and Th2 cells suppress antitumor immunity, whereas CD8+ and CD4+ T cells act as cytotoxic antitumor immune cells. Indeed, the tumor-killing capacity of many T cells of this kind may be suppressed in gliomas; as the tumor microenvironment becomes more complex, the prognosis becomes more inferior. It has been shown to be closely related to the tumor microenvironment, immunotherapy, and tumor prognosis (Du Four et al., 2016; Lowther et al., 2016; Jahan et al., 2018). With a large body of studies currently investigating the mechanism of T cell depletion on tumor progression and the causes of T cell immunosuppression in tumors, the overall relationship between T cell depletion and prognosis in glioma, as well as between the tumor microenvironment and immunotherapy sensitivity, remains unclear.
In our investigation, risk assessment related to T cell depletion in glioma, an independent factor for clinical outcomes, was developed using large-scale bioinformatics analysis. Patients with glioma were also examined for the relationship between clinical progression and T cell depletion to uncover the underlying mechanisms driving tumor progression.
MATERIALS AND METHODS
Data collection
Gene transcriptome data for low-grade gliomas (LGGs) and glioblastomas (GBMs) were collected from The Cancer Genome Atlas (TCGA), GSE108474 was downloaded as background corrected and RMA-normalized data, and the IMvigor 210 cohort was used as an immunotherapy cohort to verify clinical treatment outcomes. Among them, TCGA-LGG included a total of 515 samples’ transcriptome and clinical data, and TCGA-GBM included a total of 599 samples’ transcriptome and clinical data.
All transcriptome profiles were converted to transcripts per million (TPM) prior to analysis. Transcriptome data obtained from different platforms were corrected using the normalizeBetweenArrays function. Finally, transcriptome matrix data were screened to calculate the average value of duplicated genes.
Assessment of immune cell infiltration
CIBERSORTx is a suite of machine learning tools for assessing cell abundance and cell-type-specific gene expression patterns from a large set of tissue transcriptome profiles (Steen et al., 2020). QuanTIseq is a method to quantify the tumor immune background as determined by the type and density of tumor-infiltrating immune cells (Finotello et al., 2017). TIMER explores the association between immune infiltration and a wide range of factors by performing predictive calculations of the levels of tumor-infiltrating immune subsets of cancer types with a comprehensive study of the molecular characteristics of tumor-immune interactions (Li et al., 2017). CIBERSORTx, QuanTiseq, and TIMER were employed to analyze the cell infiltration in TCGA samples, and the immune cell infiltration from TCGA data was investigated to identify the relationship between infiltrated immune cells, especially CD4+ and CD8+ T cells, and overall survival (OS) of glioma patients, with p < 0.05 being the entry for further analysis.
Gene set enrichment analysis
The Gene Set Enrichment Analysis (GSEA) algorithm was applied to perform biological pathway enrichment between the two groups with Hallmark, Gene Ontology (GO), and Kyoto Encyclopedia of Genes and Genomes (KEGG) reference gene sets.
Weighted correlation network analysis
Weighted correlation network analysis (WGCNA) can be used to describe the correlation between candidate features and gene sets. WGCNA was conducted using the R package WGCNA, and to ensure scale-free topological networks, the power value was set to β = 3 and the soft threshold parameter of scale-free networks to R2 = 0.9. Seven modules were retrieved as a result, with the green module displaying the closest relationship to the clinic for further study.
Construction of TEXScore model
Random forest analysis was first performed on the selected genes, with the initial nTree = 1,000. When the error rate reached the minimum at nTree = 859, seven genes with relative importance greater than 0.2 were extracted for analysis. LASSO regression analysis was applied to the model equation, as follows: 
[image: image]
Coef represents the importance index for each gene in the analysis random forest analysis. Gene expression values represent the expression values of the corresponding genes. For the assigned risk score, patients above the median risk score were defined as the high-risk group, whereas those below the median risk score were defined as the low-risk group. ROC and KM curves were used to assess model performance.
Cell culture
GBM cell lines (U251) and normal human astrocyte cell lines (HEB) were obtained from Dr. Cai and Dr. Chen, respectively. The cells were seeded in RPMI-1640/DMEM supplemented with 10% fetal bovine serum (Gibco, China) at 37°C in a 5% CO2 atmosphere.
Quantitative real-time PCR
Cells were treated with TRIzol reagent (Takara, Japan). We then extracted all RNA and reverse-transcribed it into cDNA. qRT-PCR was used to analyze the relative expression of HSPB1, and data were normalized to GAPDH. The primers used are listed in Supplementary Table S1.
Statistical analysis
All data analysis results in our investigation were processed using R software. For continuous variables with normal distribution, we conducted Student’s t-test, while non-normally distributed continuous variables were calculated using the Mann–Whitney U test. Differential expression analysis was conducted with a threshold set at |logFC| > 0.5 and p < 0.05.
RESULTS
T cell-related model construction
First, the three pathways of IL2, IFN-γ, and TNFα were assessed for their Gene Set Variation Analysis (GSVA) scores according to the HALLMARK gene set, based on which unsupervised clustering analysis was conducted. The delta results showed that grouping into four clusters yielded the best results (Figure 1A). The heat map illustrates the expression levels of IL2, IFN-γ, and TNFα pathways in different subtypes, and we found that the pathways of IL2, IFN-γ, and TNFα all presented a state of high expression in cluster B (Figure 1B). Subsequently, the proportion of glioma and LGG patients in different TEXcluters was examined, with GMB patients accounting for the highest proportion (50%) in Cluster B and only 1% in Cluster D (Figure 1C). Meanwhile, the predictive efficacy of their TEX groupings was tested, all of which showed that patients in Cluster D had the best survival status, whereas patients in Cluster B had the worst survival (Figure 1D). The immune cell infiltration component of the tumor microenvironment of the four cluster patients was assessed using the CIBERSORTX algorithm, and Cox regression analysis was performed to investigate the prognostic value of a wide range of cells in each TEXCluster patient. Among them, resting T cell memory was found to be a protective factor in both TEXb and TEXc (Figure 1E). Therefore, resting T cell memory was grouped according to its level of infiltration and tested to predict clinical outcomes in glioma patients. Intriguingly, patients with high T cell memory resting infiltration had poorer survival prognosis (Figure 1F). Therefore, further analysis was conducted.
[image: Figure 1]FIGURE 1 | (A) Unsupervised clustering classification. (B) Heatmap showed the expression of IL2/IFNG/TNFA pathway in different subtypes and clinical pathology. (C) Bar chart showed the proportion of LGG and GBM in different molecular subtypes. (D) K-M analysis of four subtypes. (E) The effect of different immune cell subsets in tumor microenvironment on the clinical outcome of glioma. (F) Effect of infiltration level of T cells CD4 memory resting on clinical outcome.
Identification of T cell exhausted related genes
Differential expression analysis was performed on patients with TEXCluster 4, and concatenation was performed for WGCNA analysis. The WGCNA method was used to screen for clinically relevant genes, and a weighted gene co-expression network was constructed using the following parameters: power of β = 4 and scale-free R2 = 0.9. Consequently, seven color modules were finally obtained by merging similar modules, and the MEgreen group was found to be the most relevant to survival-related information, after which MEgreen was selected for subsequent analysis (Figures 2A,B).
[image: Figure 2]FIGURE 2 | (A) Network topology analysis of various soft threshold power. (B) Module-clinical feature association: Each row corresponded to a module feature gene, and each column corresponded to a clinical feature. (C) Survival random forest analysis was conducted to assess the importance of variables. (D) Seven genes were most related to survival. (E) K-M analysis showed the predictive performance of the model. (F) The ROC curve showed the accuracy of the prediction model in predicting 1-, 3-, and 5-year survival status.
Construction of TEXScore prediction model
Based on the selected gene sets and corresponding clinical outcomes, we performed survival random forest analysis, an algorithm was used to process right-censored survival data. When Ntree = 859, the error rate was the lowest, and the seven genes most associated with clinical outcomes were HSPB1, HOXD10, HOXA5, SEC61G, H19, ANXA2P2, and HOXC10 (Figure 2C). The importance of these genes in predicting the clinical outcome of patients with glioma is shown in Figure 2D. The LASSO regression algorithm was used to construct the model.
[image: image]
As shown by the Kaplan–Meier curve, patients with a low TEXScore had a significantly higher OS rate than those with a high TEXScore (p < 0.001), suggesting that the overall survival time of patients would decrease with increasing risk score (Figure 2E), and the ROC curve indicated that its performance in predicting survival rate at 1, 3, and 5 years was 0.870, 0.887, and 0.843, respectively (Figure 2F). It was found by the multivariate COX regression analysis that TEXSore was an independent factor for prognosis with a Hazard ratio of 2.014 (Figure 3A). An external dataset was used to validate the predictive performance of the TEXScore model, and the Kaplan–Meier survival results were in agreement with the training set (Figure 3B). We then detected the expression of HSPB1, the most important gene, in the normal human astrocyte cell line (HEB) and GBM cell line (U251), and found significant differences. HSPB1 was expressed at higher levels in U251 cells than in HEB cells (Supplementary Figure S1). These results indicated that HSPB1 plays an important role in glioma progression.
[image: Figure 3]FIGURE 3 | (A) Multivariate COX regression analysis demonstrated that RiskScore was an independent predictor. (B) K-M analysis showed the predictive performance of the model in external cohort. (C–E) Biological function analysis based on GO dataset.
Exploration of the correlation between TEXScore and biological function
Based on the HALMARK, KEGG, and GO datasets, we explored the correlation between TEXScore and biological function in patients with glioma. First, we found that the TEXScore was correlated with tumor pathways, including positive regulation of cell activation, focal adhesion, and the JAK-STAT signaling pathway. The TEXScore was also highly correlated with toll-like receptor signaling, granulocyte migration pathway, adaptive immune response, and other immune pathways (Figures 3C–E). Both the HALMARK and KEGG gene sets confirmed these results (Figure 4).
[image: Figure 4]FIGURE 4 | (A–C) Biological function analysis based on HALLMARK dataset. (D,E) Biological function analysis based on KEGG dataset.
The levels of pathway enrichment in patients with high and low TEXScore are illustrated in the heatmap (Figure 5A). Based on the above GSEA results, several gene sets were selected for GSVA analysis, and a negative correlation was found between TEXScore and tumor formation and other pathways, such as the ERBB signaling pathway and WNT signaling pathway, but a positive correlation with mismatch repair, antigen processing, and presentation (Figure 5B).
[image: Figure 5]FIGURE 5 | (A) Heatmap showed the enrichment of GSVA analysis (The enrichment degree of each patient in tumor formation and other related pathways). (B) Correlation between TEXScore and pathways. (C) Immunomodulator expression levels in different TEXScore groups.
Correlation of TEXScore with immune checkpoints
To check the effectiveness of the TEXScore in predicting the clinical response to immunotherapy in glioma patients, the expression of immune checkpoints in patients with high and low TEXScore was examined. The results showed that immune checkpoint expression was higher in patients with a high TEXScore than in those with a low TEXScore (Figure 5C). Subsequently, the degree of immune cell infiltration in patients in the high and low TEXScore groups was calculated using quanTlseq and TIMER algorithms. The quanTlseq algorithm revealed that the M2 macrophage component was significantly enriched in the high TEXScore patients, whereas immune effector cells were predominant in the low-risk group (Figure 6A).
[image: Figure 6]FIGURE 6 | (A,B) Infiltration levels of immune cell subsets in different TEXScore groups. (C–F) High and low TEXScore patients with its mutation landscape.
The TIMER algorithm showed a higher proportion of both immune effector cells and M macrophages in the high-risk group, which sheds light on the subsequent analysis of whether the immune effector cells in the high-risk group were in a state of immune depletion (Figure 6B). The mutations in LGG and glioma are shown in Figure 6C. Figures 6D,E present the mutation landscape of the high and low TEXScore patients, respectively, with the high TEXScore group having a lower mutation rate than the low TEXScore group. The overall mutation landscape is illustrated in Figure 6F, including variant classification, mainly composed of missensemutation, variant type, mainly composed of SNPs, SNV class, mainly composed of C > T, and variants per sample, Mediant:32.
Data from IMvigor210 were then obtained to validate the performance of the TEXScore model in predicting the effect of immunotherapy. First, the patients were categorized into high- and low-risk groups according to the TEXScore formula. The Kaplan–Meier survival model proved the effectiveness of TEXScore in predicting the clinical outcome of patients, with patients with a high TEXScore experiencing worse survival status than those with a low TEXScore (Figure 7A). Following this, the bar chart demonstrates that patients with low TEXScore responded more significantly to immunotherapy (Figure 7B), suggesting that the lower the TEXScore, the better the patients responded to immunotherapy, with PR and CR patients having the lowest TEXScore (Figures 7C,D).
[image: Figure 7]FIGURE 7 | (A) Comparison of clinical outcomes between high and low TEXScore patients. (B) Bar chart showed the effectiveness of immunotherapy in patients with high and low TEXScore. (C,D) TEXScore corresponding to the clinical response of patients to immunotherapy.
DISCUSSION
A growing body of research suggests that rather than being an immune-privileged organ, there are many innate and adaptive immune responses within the central nervous system (von Roemeling et al., 2020; Broekman et al., 2018; Schmitt et al., 2021). A complex tumor immune microenvironment in gliomas is formed by tumor cells, stromal cells, immune cells, and extracellular matrix (Hambardzumyan et al., 2016; De Boeck et al., 2020). T cells, a class of immune cells that are essential for the immune response in gliomas, play a key role in tumorigenesis and progression (Quail and Joyce, 2017; O'Rourke et al., 2017). As a result, T cells appear to be key to glioma immunotherapy. Reportedly, significant heterogeneity in T cell depletion exists between different grades of gliomas and between samples of the same grade (Woroniecka et al., 2018; Sadik et al., 2020; Kreatsoulas et al., 2022). To this end, seven T cell depletion-related genes with prognostic value in gliomas were filtered out, based on which a TEXScore model was constructed. As the results suggest, significant differences exist in the risk assessment of gliomas of different grades, subtypes, and molecular characteristics. In particular, a more complex tumor immune microenvironment in glioma patients usually predicts a far more interior prognosis. According to this study, higher risk assessment scores were associated with stronger immune responses, a more complex tumor immune microenvironment, and a worse prognosis for glioma patients. It has been indicated in several studies that while TEXScore positively correlates with certain immunotherapeutic targets and is enriched in hot tumors (positively correlated with immune cell infiltration), it also correlates with T cells depletion markers, such as HSPB1 and HOXA5, suggesting that the stronger the suppression of antitumor immunity, the greater the depletion of T cells in gliomas. Recent studies have also revealed the failure of depleted T cells to recover their tumor-killing capacity. The findings of this study were further validated in the IMvigor 210 immunotherapy dataset, as patients with a low TEXScore proved to significantly benefit from immunotherapy. Consequently, the development of a TEXScore model would contribute to the effective prediction of prognosis and immunotherapy effects in patients with glioma.
Random forest analysis and LASSO regression analysis were employed to construct the risk assessment related to T cell depletion in glioma, a pioneering practice. The generated TEXScore may provide a promising assessment of the prognosis and tumor immune microenvironment among glioma patients, and because of its well-validated performance in other cohorts, it may serve well for clinical translation. Heat shock protein beta-1 (HSPB1) is a negative regulator of iron cancer cell death, and HSPB1, as a new regulator of iron cancer cell death in previous experiments, plays an important role in iron-mediated cancer therapy (Sun et al., 2015). HOXD10, HOXA5, and SEC61G have all been shown to play an important role in breast tumorigenesis and were identified as potential biomarkers for the diagnosis of breast cancer (Stasinopoulos et al., 2005; Vardhini et al., 2014; Ma et al., 2021). In addition, SEC61G was identified as a novel prognostic marker to predict survival and treatment response in glioblastoma patients in recent studies (Liu et al., 2019). H19 has been shown to play an important role in the tumorigenicity and stemness of glioblastoma and may be a therapeutic target for the treatment of glioblastoma in the future (Jiang et al., 2016). In a cell experiment, pseudogene ANXA2P2 knockdown showed its tumor suppressor function by inhibiting the PI3K/PKB pathway in glioblastoma cells (Ni et al., 2021). HOXC10 belongs to the homeobox gene family, which encodes a highly conserved family of transcription factors that play an important role in morphogenesis in all multicellular organisms. Similarly, HOXC10 overexpression promotes angiogenesis in human gliomas through interaction with PRMT5 and upregulation of VEGFA expression in vitro (Tan et al., 2018; Guan et al., 2019). These results suggest that our selected prognostic genes play an important role in glioma or cancer and are sufficient to demonstrate the stability of prognostic models. Currently, the efficacy of immunotherapy for glioma remains unclear, and there are no clinical trials on the potential benefits of immunotherapy in glioma patients. With our TEXScore, the T cell depletion levels of glioma patients can be effectively assessed with differentiated immunotherapy-predicted outcomes, as validated by the validation cohort and IMvigor 210 immunotherapy dataset. Furthermore, the TEXScore provides certain predictive values for immunotherapy treatment of glioma patients, which may serve as a fundamental basis for the treatment of glioma patients for further clinical applications in the future.
In the present study, TEXScore was found to be correlated with positive regulation of cell activation, focal adhesion, JAK STAT signaling pathway, and other tumor pathways, and significantly correlated with Toll-like receptor signaling, granulocyte migration pathway, adaptive immune response, and other immune pathways. In addition, there was a negative correlation between TEXScore and pathways, such as tumor formation, including ERBB signaling pathway and WNT signaling pathway, and a positive correlation with mismatch repair, antigen processing, and presentation, indicating the effectiveness of risk assessment scores in describing the relative status of tumor activation pathways and antitumor immune depletion in glioma samples. The risk assessment score was effective in describing the relative status of tumor activation pathways and antitumor immune depletion in glioma samples. Although several previous studies have been conducted on the prediction of immunotherapy response among glioma patients, hundreds of genes were used as test subjects. However, with our TEXScore, the response of patients in the IMvigor cohort to immunotherapy could be predicted by detecting only seven T cell depletion-related genes. We are convinced that the TEXScore may lead to promising clinical applications to facilitate the development of new glioma immunotherapies.
However, this study has several limitations. First, this was a retrospective study and no prospective study was performed for validation. Second, there is no public dataset of immunotherapy for glioma patients to validate immunotherapy outcomes. In addition, the interaction between T cell depletion and tumor cells should be further investigated in combination with single cell sequencing. Finally, while we validated the relative expression of HSPB1 using qRT-PCR analysis, it is necessary to thoroughly investigate the mechanisms by which these seven genes modulate T cell depletion in gliomas in order to better integrate risk assessment and clinical practice. But our experiment remains somewhat superior, and we identify a reliable model composed of genes involved in T cell depletion, unlike other common prognostic models, by assessing global gene expression profiles, and the model is of great value in predicting glioma patient outcomes.
CONCLUSION
In brief, upon the assessment of global gene expression profiles, a reliable TEXScore model consisting of seven genes related to T cell depletion was identified, which is of great value in predicting the prognosis of glioma patients and may help set targets for treating glioma patients.
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CMTM7 recognizes an immune-hot tumor microenvironment and predicts therapeutic response of immunotherapy in breast cancer well
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Breast cancer (BRCA) is a complex disease that leads to major mortalities and unsatisfactory clinical outcomes among women worldwide. CKLF-like MARVEL transmembrane domain-containing 7 (CMTM7) is a potential tumor suppressor and regulator of PD-L1, which has been found as a functional signature in considerable oncogenesis, progression, and therapeutic resistance via deletion and downregulation. In this research, triple-negative breast cancer (BRCA), a molecular subtype having a lower response to endocrinotherapy but a higher response to chemotherapy and immunotherapy, showed higher transcriptional levels of CMTM7. Moreover, CMTM7 positively correlated with immunomodulators, tumor-infiltrating immune cells (TIICs), and immune checkpoints in many independent datasets. Furthermore, in an immunotherapy cohort of BRCA, patients with high CMTM7 expression were more sensitive to immunotherapy, and the therapeutic predictive value of CMTM7 is higher than that of PD-1 and PD-L1. To sum up, CMTM7 correlated with an inflamed tumor microenvironment and identified immune-hot tumors, which can be a novel biomarker for the recognition of immunological characteristics and an immunotherapeutic response in BRCA.
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INTRODUCTION
Breast cancer (BRCA) is a complex disease that is the cause of major mortalities among women, and the worldwide incidence of BRCA changes between 27 in 100,000 (Africa and East Asia) and 97 in 100,000 (North America) (Bray et al., 2018). According to statistics, BRCA accounts for about 30% of female carcinomas and 15% of mortality-to-incidence (Sung et al., 2021). Although the way BRCA is viewed has changed drastically due to the increasing extensive description of the molecular characteristics of BRCA (Curtis et al., 2012; Ellis et al., 2017), the current therapeutic approaches for BRCA mainly focus on comprehensive treatment, including surgery, chemotherapy, and targeted therapy (Waks and Winer, 2019; Trayes and Cokenakes, 2021). More importantly, controversy remains around all aspects of BRCA treatment (McDonald et al., 2016).
In recent years, with the application of immune-checkpoint inhibitors (ICIs), immunotherapy has developed rapidly and revolutionized the management of multiple solid tumors (Emens, 2018). Accumulating data supports a key role for the immune system in determining both response to standard therapy and long-term survival in patients with BRCA (Savas et al., 2016). For example, a clinical trial on atezolizumab (programmed death 1 [PD-L1] inhibitor) plus nab-paclitaxel in BRCA showed that the median overall survival (OS) in the intention-to-treat patients who received atezolizumab (21 months) was longer than that in those who received a placebo (18.7 months) (Schmid et al., 2020). Although the application of immunotherapy based on PD-1 or PD-L1 blockade has achieved encouraging results, we still cannot ignore that most patients present primary or acquired resistance to immunotherapy agents (Yang, 2015).
Based on previous findings, the composition of the tumor microenvironment (TME) might involve in the response to several treatments. Furthermore, tumors can be identified as cold or hot according to their TME (Cai et al., 2021). To be specific, cold tumors tend to exhibit immunosuppressive TME and are resistant to chemotherapy and immunotherapy, while hot tumors are more sensitive to these therapies and characterized by T-cell infiltration and immunosuppressive TME (Gajewski et al., 2017; Hu et al., 2020; Mao et al., 2022). Collectively, the hot tumors showed a favorite therapeutic response to immunotherapy, such as anti-PD-1/PD-L1 therapy (Zemek et al., 2019). Thus, distinguishing hot and cold tumors is an effective method to demarcate the response to immunotherapy.
Recent in-depth studies revealed that CKLF-like MARVEL transmembrane domain-containing member (CMTM) is closely associated with the genesis, development, and metastasis of tumors, displaying opposing activities in diverse human tumors (Wu et al., 2019). CMTM7 can be a biomarker reflecting the progression and immune status of tumor samples (Jin et al., 2018; Liu et al., 2021). Yongdong Jin et al. (2018) found that the downregulation of CMTM7 facilitates the proliferation and tumorigenesis of gastric cancer cells in vitro and in vivo. In addition, in BRCA, the downregulation of CMTM7 can activate the EGFR/Akt signaling pathway to promote tumorigenesis and metastasis of tumor cells (Lu et al., 2021). Notably, increasing evidence proved that CMTM6 can maintain the expression of PD-L1 and enhance the ability of the expression of PD-L1 in tumor cells to inhibit T cells (Burr et al., 2017; Mezzadra et al., 2017), and the dual knockdown of CMTM6 and CMTM7 observably downregulated the expression of PD-L1 in the breast cancer cell line MCF-7Mes than the single knockdown of CMTM6 (Xiao et al., 2021). Collectively, all previous findings suggested that CMTM7 could be a biomarker reflecting tumor progression and immune status.
Therefore, in the current study, we first divided the BRCA patients according to the expression levels of CMTM7 and its co-expressed genes. Multiple bioinformatics analyses revealed that patients in the CMTM7-high group tended to have an inflamed TME, which is the characteristic of the immune-hot tumor. Furthermore, in the immunotherapy cohorts of BRCA, patients with the CMTM7-high phenotype showed a better therapeutic response to immunotherapy. In addition, the immunotherapeutic predictive value of CMTM7 is encouragingly higher than that of PD-1 and PD-L1 in BRCA. Our study will provide important information for understanding the significance of CMTM7 in recognizing BRCA patients with immune-hot TME and predicting the therapeutic response of immunotherapy.
MATERIALS AND METHODS
Dataset acquisition
The normalized RNA-sequencing profile and clinical annotations of patients in TCGA-BRCA cohort were downloaded from the UCSC Xena website (https://xenabrowser.net/datapages/). In addition, we also obtained the Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) cohort (Curtis et al., 2012) from the cBioPortal for Cancer Genomics (http://cbioportal.org) (Cerami et al., 2012). Furthermore, two immunotherapy cohorts of breast cancer [GSE173839 (Pusztai et al., 2021) and GSE194040 (Wolf et al., 2022)] were also acquired from the Gene Expression Omnibus (GEO) portal (https://www.ncbi.nlm.nih.gov/geo/). For the TCGA-BRCA and METABRIC cohorts, samples with overall survival (OS) above zero days were included in this research. For immunotherapy cohorts, diagnostic patients who received immunotherapy were selected for further analysis.
Identification of the CKLF-like MARVEL transmembrane domain-containing 7 groups
In order to identify the CMTM7-related groups in TCGA-BRCA cohort, weighted gene co-expression network analysis (WGCNA) was performed to identify genes co-expressed with CMTM7 based on the expression profiles of the top 25% of most variant genes (MVGs) according to the analysis of variance (5,133 genes) first. GS represented the correlation between the gene expression and the CMTM7 transcriptional values. MM represented the correlation between the module eigengene and gene expression. Thus, genes with GS ≥ 0.5 and MM ≥ 0.5 in the module that had the highest correlation with CMTM7 expression values were selected as CMTM7 co-expressed genes. Second, silhouette analysis was used to determine the optimal number of stable groups. The number of clusters corresponding to the maximum silhouette coefficient is the optimal number of stable groups. The R package “ConsensusClusterPlus” is an unsupervised class discovery tool with confidence assessments and item tracking by implementing the consensus clustering method. Therefore, consensus clustering (the “ConsensusClusterPlus” package (Wilkerson and Hayes, 2010) in R with 1,000 iterations and 80% resampling) was performed to determine the optimal number of stable subpopulations based on the expression matrix of 72 CMTM7 co-expressed genes (Table 1). Silhouette analysis and consensus matrixes showed that the optimal number of stable groups was 2. Subsequently, patients in the TCGA-BRCA cohort were divided into two groups by performing consensus clustering at k = 2. Finally, 576 patients were classified as the CMTM7-high group, and 493 patients were classified as the CMTM7-low group.
TABLE 1 | Co-expressed genes of CMTM7.
[image: Table 1]Classification of patients in test datasets
The CMTM7 groups identified in TCGA-BRCA cohort were extrapolated to other datasets (testing datasets) following these steps. First, the gene expression profiles of TCGA-BRCA (training dataset) and test dataset were combined, and the batch effect was removed by the R package “limma” (Ritchie et al., 2015). Subsequently, the classification of patients was predicted by the R package “pamr” according to the nearest shrunken centroids method, an algorithm using “shrunken” centroids as prototypes for each group and identifying the representative genes of each group (Tibshirani et al., 2002).
Assessment of immunological characteristics of the tumor microenvironment
In order to assess the immunological characteristics of the TME, the ESTIMATE algorithm (Yoshihara et al., 2013), a method inferring tumor purity and stromal and immune cells from tumor samples based on bulk transcriptomic profiles, was performed to assess tumor purity, the ESTIMATE score, the immune score, and the stromal score. The stromal and immune scores were calculated by performing the single-sample gene set enrichment analysis of two user-defined signatures (stromal and immune signatures) (Yoshihara et al., 2013). Based on the stromal and immune scores, the ESTIMATE score was estimated and used to infer the tumor purity (Yoshihara et al., 2013). In addition, the information of 122 immunomodulators including the major histocompatibility complex (MHC), receptors, chemokines, and immune stimulators was collected from the study of Charoentong et al. (2017). To further understand the immunological status of each patient, a set of signature genes for 29 immune cell types and immune-related pathways (Bindea et al., 2013) was used to estimate the infiltration levels of different immune cell populations, and the activities of immune-related pathways and functions of each patient were calculated by using the single-sample gene set enrichment analysis (ssGSEA) in the R package “GSVA” (Ferreira et al., 2021).
Identification of differentially expressed genes
In order to identify the DEGs for the CMTM7-high and CMTM7-low groups, respectively, the R package “limma” (Ritchie et al., 2015) was used to perform the differential expression analysis. Genes with a fold-change (FC) ≥ 1.5 and adjusted p-values < 0.05 were recognized as upregulated genes for the CMTM7-high group, while genes with a FC ≤ −1.5 and adjusted p-values < 0.05 were recognized as upregulated genes for the CMTM7-low group.
Enrichment analysis of gene functions and pathways
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses were performed by using the R package “clusterProfile.” The top 10 enriched pathways with the most significant p-values were displayed.
Clinical samples
The BRCA tissue microarray (TMA, Cat. HBreD030CS01) was purchased from Outdo BioTech (Shanghai, China). The HBreD030CS01 microarray contained 30 BRCA samples. Ethical approval for the use of TMAs was granted by the Clinical Research Ethics Committee at Outdo Biotech (Shanghai, China). In addition, five breast fibroma samples were collected by Wuxi Maternity and Child Health Hospital. Ethical approval for the collection of tissue sections was granted by the Clinical Research Ethics Committee, Wuxi Maternity and Child Health Hospital.
Immunohistochemistry staining and semi-quantitative scoring
IHC staining was conducted on the previous sections according to the standardized procedures (Cai et al., 2021). Sections were retrieved by EDTA (Cat. KGIHC002, KeyGen). The primary antibody used was as follows: anti-CMTM7 (1:200 dilution, Cat. bs-8026R, Bioss). Antibody staining was visualized with DAB and hematoxylin counterstain. The stained sections were independently evaluated by two pathologists. The evaluation standard was on a 12-point scale by calculating the immunoreactivity score (IRS) (Mei et al., 2021a). Briefly, the percentage of positively stained cells was scored from 0 to 4: 0 (<5%), 1 (6%–25%), 2 (26%–50%), 3 (51%–75%), and 4 (>75%). The staining intensity was scored from 0 to 3: 0 (negative), 1 (weak), 2 (moderate), and 3 (strong). The immunoreactivity score (IRS) equals the percentages of positive cells multiplied by staining intensity.
Statistical analysis
All statistical analyses were handled using R software (version 4.0.4). The significant difference in continuous variables between the two groups was assessed using the Wilcoxon rank-sum test, while Fisher’s exact test was used to measure the difference among categorical variables. Prognostic values were evaluated using the log-rank test. For all analyses, a two-paired p-value ≤ 0.05 was deemed to be statistically significant and labeled with *p-value ≤ 0.05, **p-value ≤ 0.01, ***p-value ≤ 0.001, and ****p-value ≤ 0.0001.
RESULTS
CKLF-like MARVEL transmembrane domain-containing 7 predicts molecular subtypes in breast cancer
Considering that the downregulation of CMTM7 is correlated with tumorigenesis and progression, we first evaluated CMTM7 expression and the clinicopathological features of BRCA. As expected, BRCA patients with a high level of CMTM7 showed significantly better overall survival (log-rank test, p = 0.04, Supplementary Figure S1). As shown in Figure 1A, CMTM7 was remarkably associated with previous PAM50 subclasses. Patients with basal-like and normal-like PAM50 phenotypes tended to have higher levels of CMTM7, while other PAM50 subclasses showed lower expression values of CMTM7 (Figure 1A). In addition, there were no significant differences among patients with different pathological characteristics (Figures 1B–E). To be specific, no statistically significant difference in CMTM7 expression among patients with clinical or TNM stages was observed (Figures 1B–E). Last but not least, given the important role of levels of human epidermal growth factor receptor 2 (HER2) and steroid hormone receptors (estrogen receptor [ER] and progesterone receptor [PR]) in subgrouping BRCA patients (Howlader et al., 2014), we next explored the correlation between transcriptional levels of CMTM7 and these receptors. Results showed that CMTM7 was significantly lower in patients with ER-positive (p < 0.0001) or PR-positive (p < 0.0001) phenotypes (Figures 1A,F,G). In addition, compared with HER2-negative patients, the mRNA expression of CMTM7 was significantly lower in HER2-rich patients (p < 0.0001, Figures 1A,H). In addition, CMTM7 expression was remarkably higher in patients with triple-negative breast cancer (TNBC) (p < 0.0001, Figures 1A,I), a molecular subtype with dead aggressiveness and a lack of effective therapies (Mei et al., 2020), but often overexpressing PD-L1 and showing encouraging therapeutic responses to immunotherapy (Mei et al., 2021b; Majidpoor and Mortezaee, 2021). Collectively, these results showed that CMTM7 was not associated with pathological stages but can predict the molecular subtypes of BRCA.
[image: Figure 1]FIGURE 1 | CMTM7 predicts the molecular subtype in BRCA. (A) Correlations between CMTM7 and clinicopathological features in BRCA. (B–I) Boxplot showing the expression level of CMTM7 among the subtypes of each clinicopathological feature. Horizontal lines in the boxplots represent the median, the lower and upper hinges correspond to the first and third quartiles, respectively, and the whiskers extend from the hinge up to 1.5 times the interquartile range from the hinge. The Wilcoxon rank-sum test was performed to measure the difference between two groups.
Identification of CKLF-like MARVEL transmembrane domain-containing 7-related breast cancer subtypes
Having observed the value of CMTM7 in predicting the molecular subtypes of BRCA and that it is especially overexpressed in TNBC patients who are relatively sensitive to immunotherapy, we next explored the correlation between CMTM7 expression and immunological characteristics. In order to classify the patients scientifically, we first constructed a WGCNA network by using the R package WGCNA to identify the co-expressed genes of CMTM7 in TCGA-BRCA cohort. In the present research, after constructing a scale-free network based on the soft-thresholding power of β = 4 (scale-free network R2 = 0.91, Figures 2A, B), 13 color-coded gene modules except for the gray module were held (Figure 2C). As shown in Figure 2D, the yellow module showed the highest correlation with CMTM7 expression (R = 0.68, p < 0.0001, Figure 2D). The GS and MM values for the yellow module in CMTM7 mRNA levels were displayed in scatter plots (Figure 2E). Genes with GS ≥ 0.5 and MM ≥ 0.5 were selected as the co-expressed genes with CMTM7.
[image: Figure 2]FIGURE 2 | Identification of relevant modules associated with CMTM7 expression in TCGA-BRCA. (A) Analysis of the scale-free fitting indices for different soft-thresholding powers (β). (B) Mean connectivity analysis of different soft-thresholding powers. (C) Clustering dendrograms of genes were based on dissimilarity, topological overlap, and module colors. As a result, 13 co-expressed modules except the gray module were constructed and labeled with different colors. These modules were arranged from large to small according to the number of genes included. (D) Heatmap of the correlation between module eigengenes and CMTM7 expression of BRCA. The yellow gene module was revealed to exhibit the highest correlation with CMTM7 expression. (E) Scatter plots showing the relationship between MM and GS in the yellow module.
Next, we classified the patients in TCGA-BRCA cohort based on the expression matrix of CMTM7 and its co-expressed genes. According to silhouette analysis and consensus matrixes (Figures 3A,B; Supplementary Figure S2), the optimal number of stable groups was 2. Then, 1,069 patients in TCGA-BRCA cohort were divided into two subgroups by performing consensus clustering at k = 2 (Figures 3B,C), including 576 patients in the CMTM7-high group and 493 patients with the CMTM7-low phenotype. Then, DEG analysis was performed to find the specifically expressed genes for the CMTM7-high and CMTM7-low groups, respectively (Figure 3D). Notably, the functional enrichment analysis showed that genes upregulated in the CMTM7-high group were highly related to signaling pathways associated with immune status, such as T-cell activation and cytokine–cytokine receptor interaction (Figure 3E). Consistent with the biological pathways, compared with the CMTM7-low group, patients with the CMTM7-high phenotype showed higher levels of immune score (p = 0.00055), stromal score (p = 0.032), and ESTIMATE score (p = 0.00074) but lower levels of tumor purity (p = 0.00074, Figures 3F–I). All the aforementioned results suggested that CMTM7 expression was positively correlated with the inflamed TME.
[image: Figure 3]FIGURE 3 | Identification of a CMTM7-related subtype in TCGA-BRCA (A) Average silhouette coefficient for k = 1 to k = 10. (B) Consensus clustering matrix of TCGA-BRCA samples using the expression matrix of CMTM7 and its co-expressed genes for k = 2. (C) Principal component analysis of TCGA-BRCA samples based on the expression matrix of all genes. (D) Volcano plot showing the differentially expressed genes (DEGs) for the CMTM7-high and CMTM7-low groups. (E) Functional enrichment analysis of DEGs for the CMTM7-high and CMTM7-low groups. (F–I) Boxplot showing the immune score, stromal score, ESTIMATE score, and tumor purity between the CMTM7-high and CMTM7-low groups. Horizontal lines in the boxplots represent the median, the lower and upper hinges correspond to the first and third quartiles, respectively, and the whiskers extend from the hinge up to 1.5 times the interquartile range from the hinge. The Wilcoxon rank-sum test was performed to measure the difference between two groups.
Correlation of CKLF-like MARVEL transmembrane domain-containing 7-related breast cancer subtypes with immune infiltration
Given that the patients with the CMTM7-high phenotype tend to have an infiltrating TME and activate some signaling pathways associated with an immune response, we subsequently explored the immunological characteristics between the CMTM7-high and CMTM7-low groups in TCGA-BRCA cohort in depth. As shown in Figures 4A–D, patients with the CMTM7-high phenotype had remarkably higher enrichment scores of chemokines, paired receptors, MHC molecules, and immunomodulators (Figures 4A–D), which were involved in recruiting effector tumor-inflamed immune cells, such as CD8+ T cells, macrophages, and antigen-presenting cells. Meanwhile, the CMTM7-high group showed higher enrichment scores of immune-related pathways and a relative abundance of immune cells such as nature killer (NK) cells (Figure 4E), indicating that these patients tend to have more inflamed TME. In addition, the expression of immune checkpoint inhibitors such as PD-1/PD-L1 was reported to be high in inflamed TME (Cai et al., 2021). Consistently, in our research, CMTM7 was found to be positively correlated with a majority of immune checkpoint inhibitors including PD-1, PD-L1, and CTLA4 (Figure 4F).
[image: Figure 4]FIGURE 4 | Immunological characteristics between the CMTM7-high and CMTM7-low groups in TCGA-BRCA cohort. (A–D) Comparison of the enrichment scores of receptors, MHC, immunostimulators, and chemokines between the CMTM7-high and CMTM7-low groups. (E) Heatmap showing the enrichment scores of immune subpopulations and immune-related signaling pathways. (F) Heatmap showing the gene expression matrix of immune checkpoint inhibitors.
Last but not least, we further validated these findings in the METABRIC cohort. Consistent with the results found in TCGA-BRCA cohort, patients in the CMTM7-high group had remarkably higher levels of immune scores, stromal scores, and ESTIMATE scores, and lower tumor purity (Figures 5A–D). In addition, patients with the CMTM7-high phenotype also showed significantly higher enrichment scores for immunomodulatory factors and immune-related status (Figures 5E–I). Meanwhile, a majority of immune checkpoint inhibitors are also highly expressed in patients in the CMTM7-high group. Totally, CMTM7 is tightly correlated with the development of an inflamed TME, which may play a critical role in identifying the immunogenicity of BRCA.
[image: Figure 5]FIGURE 5 | Immunological characteristics between the CMTM7-high and CMTM7-low groups in the METABRIC cohort. (A–D) Boxplot showing the immune score, stromal score, ESTIMATE score, and tumor purity between the CMTM7-high and CMTM7-low groups. (E–H) Comparison of the enrichment scores of receptors, MHC, immunostimulators, and chemokines between the CMTM7-high and CMTM7-low groups. (I) Heatmap showing the enrichment scores of immune subpopulations and immune-related signaling pathways. (J) Heatmap showing the gene expression matrix of immune checkpoint inhibitors.
CKLF-like MARVEL transmembrane domain-containing 7 predicts the therapeutic response of immunotherapy
A previous study found that the dual knockdown of CMTM6 and CMTM7 observably downregulated the expression of PD-L1 in the breast cancer cell line MCF-7Mes (Xiao et al., 2021), indicating the potential role of CMTM7 in reflecting the anti-tumor activity of BRCA. Therefore, we further explored the therapeutic predictive values of CMTM7 in immunotherapy cohorts of BRCA. First, patients in the immunotherapy cohorts were classified into the CMTM7-high and CMTM7-low groups based on the gene expression profiles, respectively (see “Methods”). As expected, the transcriptional levels of CMTM7 were positively correlated with the relative abundance of immune cells in the GSE173839 immunotherapy cohort (R2 = 0.41, p < 0.0001, Figure 6A). Meanwhile, compared with the CMTM7-low group, patients with the CMTM7-high phenotype had higher levels of inflamed immune cell subpopulations and immune checkpoint inhibitors (Figures 6B, C), in keeping with the results in TCGA-BRCA and METABRIC cohorts. In addition, the results in the GSE194040 cohort were also consistent with the previous results (Figures 6D–F). Encouragingly, patients with a CMTM7-high phenotype were more likely to exhibit sensitivity to immunotherapy (p < 0.0001, Figure 6G), and the transcriptional levels of CMTM7 showed more predictive value of an immunotherapy response than those of PD-1 and PD-L1 (CMTM7: AUC = 0.9024; PD-L1: AUC = 0.8187; PDCD1: AUC = 0.7016; Figure 6H). Last but not least, these results were also validated in another immunotherapy cohort for BRCA (Figures 6I, J). Collectively, all the previous results suggested that CMTM7 was positively correlated with immune-hot TME and can be a novel biomarker for predicting the therapeutic response of immunotherapy in breast cancer well.
[image: Figure 6]FIGURE 6 | CMTM7 correlated with inflamed TME and predicted the immunotherapeutic response. (A) Correlation between CMTM7 expression and immune score in the GSE173839 cohort. (B) Heatmap showing the enrichment scores of immune subpopulations and immune-related signaling pathways in GSE173839. (C) Heatmap showing the gene expression matrix of immune checkpoint inhibitors in GSE173839. (D) Correlation between CMTM7 expression and immune score in the GSE194040 cohort. (E) Heatmap showing the enrichment scores of immune subpopulations and immune-related signaling pathways in GSE194040. (F) Heatmap showing the gene expression matrix of immune checkpoint inhibitors in GSE194040. (G) Barplot showing the percentage of complete remission (CR) and non-complete remission (NR) in the CMTM7-high and CMTM7-low groups in GSE173839. (H) ROC curves showing the predictive values of immunotherapeutic response for CMTM7, PD-L1, and PD-1 in the GSE173839 cohort. (I) Barplot showing the percentage of CR and NR patients in the CMTM7-high and CMTM7-low groups in the GSE194040 cohort. (J) ROC curves showing the predictive values of the immunotherapeutic response for CMTM7, PD-L1, and PD-1 in the GSE194040 cohort.
Validation of CKLF-like MARVEL transmembrane domain-containing 7 expression in breast cancer and breast fibromas
To study the protein expression of PSMC2 in BRCA, 30 BRCA samples and five breast fibroma samples were detected by IHC. Figure 7A shows the representative images. The results suggested that CMTM7 expression was significantly enhanced in tumor samples (Figure 7B). Given that CMTM7 is overexpressed in tumor tissues, it could be a candidate target in BRCA.
[image: Figure 7]FIGURE 7 | CMTM7 protein expression in BRCA and breast fibromas. (A) Representative images uncovering CMTM7 expression in tumor and breast fibroma tissues using anti-CMTM7 staining. (B) Semi-quantitative analysis of CMTM7 in tumor and breast fibroma tissues.
DISCUSSION
BRCA is one of the most widespread gynecological oncologies, which leads to major deaths among women around the world (Sung et al., 2021). Although the way BRCA is viewed has changed drastically due to the increasing extensive description of the molecular characteristics of BRCA (Curtis et al., 2012; Ellis et al., 2017), there remains considerable controversy around all aspects of BRCA treatment (McDonald et al., 2016). In addition, although the application of ICIs has revolutionized the management of multiple solid tumors and achieved encouraging therapeutic effects, there are still many patients who present primary and acquired resistance to immunotherapy (Yang, 2015).
According to previous studies, tumors are complex masses consisting of malignant and considerable normal cell subpopulations, such as CD8+ T cells and macrophages. The complex interactions among these cells via cytokines, chemokines, and growth factors form the TME (Gout et al., 2022). Based on the crosstalk among various cell subpopulations, the TME might be involved in the response to several treatments and the prognosis. Furthermore, tumors can be recognized as cold or hot depending on their TME. To be specific, cold tumors tend to exhibit immunosuppressive TME and are resistant to chemotherapy and immunotherapy, while hot tumors are more sensitive to these therapies, which are characterized by T-cell infiltration and immunosuppressive TME (Cai et al., 2021; Mao et al., 2022). Collectively, the hot tumors showed a favorite therapeutic response to immunotherapy, such as anti-PD-1/PD-L1 therapy. Thus, distinguishing hot and cold tumors is an effective method to demarcate the response to immunotherapy.
Recent in-depth studies revealed that genes belonging to the CMTM family are closely associated with the genesis, development, and metastasis of tumors, displaying opposing activities in diverse human tumors (Wu et al., 2019). As CMTM7 is a potential tumor suppressor and frequently deleted in many carcinomas, its dysfunction could promote oncogenesis and progression in multiple carcinomas (Jin et al., 2018; Lu et al., 2021). Furthermore, the expression of surface PD-L1 in the breast cancer cell line MCF-7Mes was remarkably downregulated via the dual knockdown of CMTM6 and CMTM7 compared to that of a single knockdown of CMTM6 (Xiao et al., 2021). Notably, increasing evidence proves that CMTM6, a regulator of PD-L1, can maintain the expression of PD-L1 and enhance the ability of PD-L1 expression in tumor cells to inhibit T cells (Burr et al., 2017; Mezzadra et al., 2017). In addition, the co-expression of CMTM6 and PD-L1 is associated with an active immune microenvironment and a favorable prognosis in colorectal cancer, especially in patients receiving adjuvant chemotherapy (Peng et al., 2021). Furthermore, in triple-negative breast cancer, CMTM6 is positively correlated with PD-L1 and associated with the relapse-free survival rate (Shi et al., 2022). Combined with these findings, CMTM7 might have functions similar to CMTM6, where CMTM7 could be a regulator of PD-L1 and associated with the active immune microenvironment. However, the crucial values of CMTM7 in the recognition of tumor immune status have not been evaluated.
Therefore, in this research, we first reported that the transcriptional levels of CMTM7 were not associated with pathological stages but can predict the molecular subtypes of BRCA. To be specific, patients with negative status for HER2 or steroid hormone receptors showed remarkably higher expression of CMTM7 than those with positive status. Notably, CMTM7 was upregulated in the TNBC subtype of BRCA. As previously reported, TNBC, a molecular subtype with dead aggressiveness and a lack of effective therapies, often overexpressed PD-L1 and showed encouraging therapeutic responses to ICIs.
Given this finding, we next scientifically divided patients into several groups according to CMTM7 expression. First, the WGCNA algorithm was performed to identify the co-expressed genes of CMTM7. Then, patients in TCGA-BRCA cohort were classified into two groups (CMTM7-high and CMTM7-low groups) via multiple bioinformatics methods based on the gene expression matrix of these co-expressed genes. Subsequently, the further exploration of immunological characteristics between the CMTM7-high and CMTM7-low groups found that patients with the CMTM7-high phenotype tended to exhibit a more activated immune TME. To be specific, CMTM7 was positively correlated with the enrichment of immunomodulators and TIICs. Notably, the recruitment of effector TIICs was enhanced, thereby promoting the development of an inflamed TME. Meanwhile, we also found that some well-known immune checkpoint inhibitors such as PD-1, PD-L1, and CTLA4 were remarkably highly expressed in the CMTM7-high group. Further analysis in the immunotherapy cohort of BRCA found that high CMTM7 expression was associated with the enhanced response to immunotherapy, and the therapeutic predictive value of it is higher than that of PD-1/PD-L1. Collectively, all our findings suggest that CMTM7 is a novel biomarker that can recognize the immune-hot TME and predict the effective therapeutic response of immunotherapy in BRCA, indicating that measuring the CMTM7 levels of breast cancers could guide the therapeutic schedule.
CONCLUSION
To sum up, based on multiple bioinformatics analyses, we reported that the BRCA patients with the CMTM7-high phenotype had the TME with enhanced infiltration of immune cell subpopulations and more activation of immune-related signaling pathways. In addition, patients in the CMTM7-high group were more likely to exhibit sensitivity to immunotherapy. Meanwhile, the transcriptional levels of CMTM7 can predict the immunotherapy response better than those of PD-1 and PD-L1, suggesting that CMTM7 is a novel biomarker that can recognize the immune-hot TME and predict the effective therapeutic response of immunotherapy in BRCA, implying that measuring the CMTM7 levels of breast cancers could guide the therapeutic schedule.
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Background: Head and neck squamous cell carcinoma (HNSCC) is a malignant tumor with a very high mortality rate, and a large number of studies have confirmed the correlation between inflammation and malignant tumors and the involvement of inflammation-related regulators in the progression of HNSCC. However, a prognostic model for HNSCC based on genes involved in inflammatory factors has not been established.
Methods: First, we downloaded transcriptome data and clinical information from patients with head and neck squamous cell carcinoma from TCGA and GEO (GSE41613) for data analysis, model construction, and differential gene expression analysis, respectively. Genes associated with inflammatory factors were screened from published papers and intersected with differentially expressed genes to identify differentially expressed inflammatory factor-related genes. Subgroups were then typed according to differentially expressed inflammatory factor-related genes. Univariate, LASSO and multivariate Cox regression algorithms were subsequently applied to identify prognostic genes associated with inflammatory factors and to construct prognostic prediction models. The predictive performance of the model was evaluated by Kaplan-Meier survival analysis and receiver operating characteristic curve (ROC). Subsequently, we analyzed differences in immune composition between patients in the high and low risk groups by immune infiltration. The correlation between model genes and drug sensitivity (GSDC and CTRP) was also analyzed based on the GSCALite database. Finally, we examined the expression of prognostic genes in pathological tissues, verifying that these genes can be used to predict prognosis.
Results: Using univariate, LASSO, and multivariate cox regression analyses, we developed a prognostic risk model for HNSCC based on 13 genes associated with inflammatory factors (ITGA5, OLR1, CCL5, CXCL8, IL1A, SLC7A2, SCN1B, RGS16, TNFRSF9, PDE4B, NPFFR2, OSM, ROS1). Overall survival (OS) of HNSCC patients in the low-risk group was significantly better than that in the high-risk group in both the training and validation sets. By clustering, we identified three molecular subtypes of HNSCC carcinoma (C1, C2, and C3), with C1 subtype having significantly better OS than C2 and C3 subtypes. ROC analysis suggests that our model has precise predictive power for patients with HNSCC. Enrichment analysis showed that the high-risk and low-risk groups showed strong immune function differences. CIBERSORT immune infiltration score showed that 25 related and differentially expressed inflammatory factor genes were all associated with immune function. As the risk score increases, specific immune function activation decreases in tumor tissue, which is associated with poor prognosis. We also screened for susceptibility between the high-risk and low-risk groups and showed that patients in the high-risk group were more sensitive to talazoparib-1259, camptothecin-1003, vincristine-1818, Azd5991-1720, Teniposide-1809, and Nutlin-3a (-) −1047.Finally, we examined the expression of OLR1, SCN1B, and PDE4B genes in HNSCC pathological tissues and validated that these genes could be used to predict the prognosis of HNSCC.
Conclusion: In this experiment, we propose a prognostic model for HNSCC based on inflammation-related factors. It is a non-invasive genomic characterization prediction method that has shown satisfactory and effective performance in predicting patient survival outcomes and treatment response. More interdisciplinary areas combining medicine and electronics will be explored in the future.
Keywords: HNSCC, inflammatory factor-related gene, immune pathway, prognosis, bioinformatics
1 INTRODUCTION
Head and neck squamous cell carcinoma (HNSCC) is a tumor located above the clavicle and below the base of the skull. It includes tumors of the neck, otorhinopharynx, and the oral and maxillofacial regions. Squamous cell carcinoma accounts for approximately 90% of all head and neck malignancies (Thompson and Franchi, 2018). HNSCC is the sixth most common malignancy worldwide, with over 930,000 new cases and 460,000 deaths reported in 2020 (Sung et al., 2021). In the United States, head and neck cancer accounts for 3% of all malignancies and more than 1.5% of deaths (Mourad et al., 2017). It is the most common type of head and neck tumor (up to 90%) (Rahman et al., 2019). Furthermore, its prognosis is poor (Pi et al., 2017) with a general 5-year survival rate of less than 40% and a 5-year survival rate of only 39.1% in patients with metastases (Anand et al., 2021; Muzaffar et al., 2021). Previous etiological studies suggested that smoking and alcohol use are common risk factors (Leemans et al., 2018). Despite improvements in standard treatments, supportive care, overall survival (OS) times, and the quality of life for patients, the prognosis for HNSCC remains poor with a global 5-year survival rate of approximately 50% as of 2011. Therefore, studying the molecular mechanisms underlying HNSCC development has important clinical implications for the exploration of more effective treatment strategies.
Inflammation is the “seventh hallmark of cancer” (Bonomi et al., 2014) and many studies have shown that it plays a vital role in the development and progression of cancer (Kris et al., 2014; Man and Kanneganti, 2015). The role of inflammation in the development and progression of cancer has been a significant focus of cancer research since the relationship between inflammation and cancer was first reported in 1863 (Wang et al., 2009; Khandia and Munjal, 2020). The relationship between tumors and inflammatory responses can be reflected by the levels of specific substances in blood or tumor specimens (Allen et al., 2007), including interleukin-6, IL-8, growth-associated oncogene -1, vascular endothelial growth factor, hepatocyte growth factor, and cytokines, and elevated levels of growth factors associated with tumor progression and recurrence (Karki et al., 2017). Whereas these cytokines may lead to co-occurring immune stimulation and immunosuppression in cancer patients, concentrations of cytokines MIF, TNFα, interleukin 6, interleukin 8, interleukin 10, interleukin 18, and TGFβ are increased (Lippitz, 2013; Wang et al., 2017). This specific cytokine pattern appears to have a prognostic effect, as high interleukin 6 or interleukin 10 serum concentrations are associated with poor prognosis in independent cancer types (Lippitz, 2013). Although immunostimulatory cytokines are involved in local cancer-related inflammation, cancer cells appear to be under cytokine-mediated local immunosuppression (Miller et al., 1994). Inflammatory cytokines produced by tumors may play a critical role in this immunodeficiency. Further studies have shown that the polymorphic expression of inflammation-related genes (IRGs) is associated with the development of squamous cell carcinoma of the nasopharynx (Brunotto et al., 2014). This suggests that IRGs play an essential role in nasopharyngeal carcinoma development. As a secondary role, the tumor microenvironment is also associated with tumor promotion and progression, which may be related to IRGs, and to some extent, reflected in immune cells. In recent years, rapid advances in sequencing technology and statistics have enabled researchers to investigate the role of signature genes in cancer prognosis (Ren et al., 2021; Yuan et al., 2022a). Increasing studies have shown that IRGs play an important role in specific cancer prognosis, such as hepatocellular carcinoma and colon cancer (17, 18). However, few studies have used IRGs as prognostic markers in head and neck squamous cell carcinoma (Liang et al., 2021; Lin et al., 2021). However, few studies have used IRGs as prognostic markers in nasopharyngeal carcinoma.
This study aimed to develop a transcriptomics-based approach to reveal the immune cell activation status and predict the survival outcomes of patients with HNSCC. We collected two sets of transcriptional profiling data and corresponding clinical information from the cancer genome atlas (TCGA) and GEO databases, obtained differential genes based on expression level, explored the level of immune cell activation in HNSCCs, and constructed a prognostic model for HNSCC. We also identified several differential genes associated with immune activation as potential biomarkers. Additionally, we performed a comprehensive analysis of the risk model, including functional enrichment, immune activation, and immune infiltration. Our findings reveal the critical role played by immune activation in HNSCC and we propose a convenient approach to help diagnose and predict survival outcomes in patients with HNSCC.
2 MATERIALS AND METHODS
The flow chart of this article was shown in Figure 1.
[image: Figure 1]FIGURE 1 | Flowchart.
2.1 Data sources
Gene expression data from TCGA database were downloaded from 505 patients with HNSCC and there were 44 partially matched paracancerous tissue samples. Clinical data for the HNSCC samples, including age, sex, survival time, survival status, tumor stage, and TNM staging, were also downloaded. The microarray dataset GSE41613, which explores the gene expression profile of human HNSCC, was obtained by searching the GEO (https://www.ncbi.nlm.nih.gov/geo/) database for “HNSCC.” The GSE41613 microarray data, which is based on the GPL570 platform, contained 98 HNSCC patients that were subsequently used for external validation of the model. A total of 198 inflammatory response-related genes (IRGs) were included based on the MSigDB database and previous studies, which were displayed in Supplementary Table S1. The data were preprocessed as follows: the probes were corresponded to the genes, null probes were removed, and multiple probes corresponded to the same gene. Then, the median gene expression level was selected.
2.2 Extraction of relevant differentially expressed genes (DEGs)
Because different data came from different platforms, PCA plots before and after batch effect elimination were performed using each data from the ComBat method in the sva package to eliminate batch effects. Differential analysis between tumor samples and standard samples from the TCGA-HNSCC dataset was performed using the R package edgeR. The limma package in R was used to screen DEGs. Screening criteria were abs | logFC | > 0.1 and p < 0.05. Venn diagrams were drawn by intersecting differentially expressed genes with genes involved in inflammatory responses via the Rvenn “package. To visualize gene expression, a reciprocal network of differentially expressed IRGs was constructed using the GeneMania database to draw a heat map of differential expression. Differentially expressed IRGs were subsequently subjected to univariate, LASSO and multivariate Cox regression analysis for model construction.
2.3 Consensus clustering of subtypes based on differentially expressed IRGs
We performed non-negative matrix factorization (NMF) clustering analysis to develop molecular subtypes based on differentially expressed IRGs expression profiles. For the NMF method, the standard “brunet” option was selected and 10 iterations were performed. The number of clusters was set from 2 to 9, and the average profile width of the common membership matrix was determined by the R package ‘NMF’ with a minimum membership of 10 for each subclass. The optimal number of clusters was determined to be 3 by co-occurrence, dispersion and contour indices. Heat maps, principal component analysis (PCA) maps between subgroups, and prognostic KM curves were plotted for the correlation between gene expression levels and clinicopathological characteristics between subcategories.
2.4 Cluster analysis
The “c2.cp.kegg.v7.5.1. symbols” gene set was downloaded from the MSigDB database and a gene set variation analysis (GSVA) was performed between subgroups. R package GSVA was used to calculate the scores of the relevant pathways using the single-sample gene set enrichment analysis (ssGSEA) method based on each sample’s gene expression matrix. In addition, the enrichment functions (or pathways) were screened for differences using the limma package. The degree of immune infiltration was also assessed using ssGSEA, and box-line plots were drawn to demonstrate the immune profiles of the different subclasses. Inflammatory factor-related genes selected by univariate Cox regression analysis algorithm were included in multivariate Cox regression, disordered multivariate categorical variables and rank data were set dumb variables, 95% confidence intervals of HR were tested, independent factors affecting prognosis were screened, and LASSO cox regression analysis was used to establish a prognostic model. Patients with TCGA-HNSCC were divided into high-risk and low-risk groups according to the median value area.
2.5 Multivariate cox prognostic regression model validation
The PCA plots and t-SNE plots showed that the model differentiated sufficiently between high- and low-risk groups. The KM curves showed significant differences in prognosis between high- and low-risk groups. Then, receiver operating characteristic (ROC) curves were used to assess survival prediction and the area under the ROC curve (AUC) values were calculated using the timeROC R package to measure prognosis or prediction accuracy. The GSE41613 cohort was used as the validation set for model validation and the median risk score was used to differentiate between the high- and low-risk groups.
2.6 Enrichment analysis
Gene ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), GSEA, and GSVA functional enrichment analyses were performed. The GO annotation analysis was performed using R package “clusterProfiler” (version 4.0.5) with a false discovery rate (FDR) < 0.05 to identify significantly enriched pathways. A KEGG enrichment analysis was also performed. GSEA software version 4.1.0 (Broad Institute, Cambridge, MA, United States) was used to identify genomic cohorts that were significantly altered between predefined high- and low-risk groups during consensus clustering. p-values <0.05 and an FDR <0.25 were considered statistically significant.
2.7 Immuno-infiltration analysis
We uploaded the gene expression matrix data (TPM) to CIBERSORTx for further CIBERSORTx immune infiltration analysis, combined it with the LM22 immune gene set, and filtered the samples with the criterion set at p < 0.05 to produce an immune cell infiltration matrix. The correlations between the risk score, essential genes, and the immune cell infiltration level were analyzed. The ESTIMATE R package allows gene expression profiles to predict stromal and immune cell scores and then calculates their values. We analyzed the correlation between the ESTIMATE score and high- and low-risk groups.
2.8 Drug sensitivity analysis
The relationship between model genes and drug sensitivity (GSDC and CTRP) was analyzed using the GSCALite database (http://bioinfo.life.hust.edu.cn/GSCA/#/drug) (Figures 7A, B) and drug sensitivity was analyzed using the oncoPredict package to compare drug sensitivity in patients in the high- and low-risk groups.
2.9 Organize validation
Five pairs of laryngeal cancer and adjacent tissues from the Affiliated Hospital of Guizhou Medical University, approved by the ethics committee, were used in our investigation. Each participant was informed of the study protocol. None of the patients received other treatments prior to surgery, such as immunotherapy or radiation. Total RNA was extracted from the tissues using TRIzol and stored in liquid nitrogen until required. A Revert Aid First Strand cDNA Synthesis Kit (Thermo Fisher Scientific, Waltham, MA, United States) was used to reverse-transcribe the extracted RNA into cDNA for further analysis. The cDNA concentration was measured to ensure that the required standards were met. GAPDH was used as the internal reference.
2.10 Statistics
All statistical analyses were performed in R. The Cox regression analyses were performed using R package survival and survminer for one-way Cox regression and multi-way Cox regression where a p-value <0.05 showed that the prognostic variable was significant.
3 RESULTS
3.1 Identification and correlation analysis of DEGs
The DEGs were identified in the skin of HNSCC patients and healthy controls. A total of 10,274 differential genes were obtained from the tumor samples, intersecting 198 inflammatory response-related genes. A reciprocal network for the 57 differentially expressed IRGs obtained (Figure 2A) was mapped using the GeneMania database (Figure 2B), and then, differential expression (Figure 2C) and correlation heat maps (Figure 2D) were plotted for the genes. We further performed a univariate Cox regression analysis on the differentially expressed IRGs and screened 25 inflammatory factor-related genes for prognostic model construction (Figure 2E).
[image: Figure 2]FIGURE 2 | Extraction of correlated DEGs.(A) Venn diagram of inflammatory response-related genes versus differentially expressed genes in TCGA-HNSC. (B) Interaction network map of 57 differentially expressed genes, (C) Heat map of differentially expressed genes (D) Heat map of correlation between differentially expressed genes. (E) Forest plot of the prognostic value of inflammation-associated genes tested.
3.2 Molecular subtypes associated with inflammation
An unsupervised consensus clustering analysis based on the 57 differentially expressed IRGs was used to classify 505 patients with HNSCC into different subtypes (k = 2, 3, 4, 5, 6, 7, 8, and 9). Molecular typing was then performed on TCGA-HNSCC samples (Figures 3A–C). Three subclasses were identified by the cumulative distribution function (CDF), delta area plot, and tracking plot in the consensus cluster analysis (k = 3) as the optimal number of clusters (Figures 3D–F). Heat maps of the association between gene expression levels and the clinicopathological features between subclasses were plotted (Figure 3G). The differences were distinguishable and a PCA analysis was performed to reduce dimensionality and validate the assignment of subtypes. The two-dimensional PCA distribution pattern was confirmed to be consistent with the CDF curve (Figure 3H). This suggested that the two sample groups had been successfully separated. We also explored the differences in survival information between the two groups. The survival curves demonstrated significant differences in OS between the two groups (p < 0.0001). Cluster 2 group had a significantly worse prognosis (Figure 3I), suggesting that differentially expressed IRGs can be used to predict patient prognosis.
[image: Figure 3]FIGURE 3 | Identification of inflammatory factor gene-associated HNSCC subtypes in the TCGA cohort. (A–C) Heat map depicting the consensus matrix at k = 2, 3, and 4 in the TCGA cohort. (D–F) Cumulative distribution function (CDF), delta area plot and tracling plot in the consensus cluster analysis. (G) Shows the association of gene expression levels and clinicopathological features between subclasses. (H) PCA plots showing good differentiation. (I) Prognostic KM curve plot showing significant differences in prognosis among the three.
3.3 Construction of the multivariate cox prognostic regression model
The enrichment function results showed that there were significant differences between the three cluster groupings, and these differences were mainly based on immune-related pathways (Figures 4A–C). The degree of immune infiltration was assessed using ssGSEA. Box plots were drawn to demonstrate the immune profile of the different subgroups, and they showed that there was significant variability in both immune cell and immune function activation. Clusters 1 and 3 showed more robust immune function activation than Cluster 2, suggesting that immune function may be prognostically associated with increased immune activation and that it was an improved prognosis method for HNSCC patients (Figure 4D). Based on the 25 genes obtained from the single gene Cox screen (Figures 4E, F), 13 genes were selected from the 25 relevant genes identified by the LASSO regression analysis. A prognostic model was constructed using the following risk score calculation formula: ITGA5*0.0823 + OLR1*0.12103 + CCL5*-0.08642 + CXCL8*0.03798 + IL1A* 0.04907 + SLC7A2*-0.06588 + SCN1B*0.24403 + RGS16*0.16125 + TNFRSF9*-0.10820 + PDE4B*-0.40763 + NPFFR2*0.08028 + OSM*0.10854 + ROS1*-0.12802. The results, based on the median value, were used to distinguish between high- and low-risk groups (Figure 4G).
[image: Figure 4]FIGURE 4 | Univariate COX, lasso and multivariate COX regression analysis of overall survival-related inflammation-associated genes using R software. (A–C) Heat map showing differences in enrichment function between the 3 subclusters. (D) The degree of immune infiltration was assessed using ssGSEA and box-line plots were drawn to demonstrate immunity in different subclasses. (E) LASSO regression analysis to calculate the coefficients of inflammation-related genes. (F) Thirteen genes were selected as active covariates for cross-validation of LASSO mode. (G) Forest plot showing the 13 genes which were selected by stepwise forward and backward regression methods for the Cox proportional hazard model.
3.4 Multivariate cox prognostic regression model validation
The PCA and t-SNE plots showed that the model sufficiently differentiated between the high- and low-risk groups (Figures 5A, B). The reliability of the IRGs in the independent cohort was tested by dividing TCGA cohort into low- and high-risk groups based on the cut-off values (Figure 5C). The KM curves showed significant differences in prognosis between the high- and low-risk groups; ROC curves, calculated using the timeROC R package, were used to assess survival prediction. The areas under the curve (AUC) were used to measure prognosis or predictive accuracy. The results showed that patients in the high-risk group were worse off than those in the low-risk group and had shorter survival times than those in the low-risk group (Figures 5D, E), with AUC values of 0.639, 0.731, and 0.715 at 1, 3, and 5 years, respectively (Figure 5F). Model validation was performed using the GSE41613 cohort as the validation set, and the high- and low-risk groups were distinguished using the median risk score (Figure 5G). Consistent with previous results for TCGA cohort, patients in the GSE41613 cohort were worse off in the high-risk group than in the low-risk group and had shorter survival times than those in the low-risk group (Figures 5H, I), with AUC values of 0.693, 0.75, and 0.716 at 1, 3, and 5 years, respectively, indicating that the risk score can be used to reliably predict the prognosis of patients with HNSCC (Figure 5J).
[image: Figure 5]FIGURE 5 | Identification and validation of 13 risk marker genes for prognosis in the TCGA cohort and GSE41613 using R software. (A) PCA in the TCGA cohort. (B) tSNE analysis of the TCGA cohort. (C,G) Risk score distribution in TCGA cohort (C) and GSE41613 (G). (D,H) Distribution of survival time and survival status in TCGA cohort (D) and GSE41613 (H). (E,I) Kaplan-Meier curves for the probability of overall survival in the risk group in TCGA (E) and GSE30219 (I). (F,J) AUC curves for the three groups in TCGA (F) and GSE41613 (J).
3.5 Enrichment analysis
We then performed GO, KEGG, GSEA, and GSVA functional enrichment analyses between the high- and low-risk groups to identify the significantly enriched activation pathways. As shown in the figure, the results indicated that the upregulated DEG in the high-risk group compared to the low-risk group, GO BP, was mainly enriched in calcium ion homeostasis, T Cell activation, and cytokines. In contrast, GO MF was mainly enriched in receptor ligand activity, carbohydrate binding, and cytokine activity (Figure 6A). The KEGG pathway analysis revealed that the main classifications were neuroactive ligand-receptor interaction, cytokine-cytokine receptor interaction, and natural killer cell-mediated cytotoxicity (Figure 6B). The above details were found in Supplementary Table S2. The ridge plot, GSEA, and GSVA enrichment analyses showed that the main differences between the high- and low-risk groups were immune-related (Figures 6C–E), which was consistent with previous results, the details were found in Supplementary Table S3.
[image: Figure 6]FIGURE 6 | Functional enrichment analysis with GSE41613 cohort risk score grouping. (A) GO signaling pathway analysis. (B) KEGG signaling pathway analysis. (C) Ridge plot. (D,E) GSEA enrichment analysis and GSVA enrichment analysis.
3.6 Evaluation of the microenvironment
Although the results of this study can predict the prognosis for HNSCC patients, they are based on patient populations, which means that they cannot accurately predict the immune activation status of individual patients. Therefore, we performed a CIBERSORTx immune infiltration analysis and uploaded the gene expression matrix data (TPM) to CIBERSORTx. We filtered the output p < 0.05 samples to produce an immune cell-infiltration matrix. The results showed that the differential gene expression levels of the 25 relevant inflammatory factors were associated with immune function (Figure 7A) and the risk scores increased. The T_cells_CD4_memory_resting, Macrophages_M0, Mast_cells_activated, and Dendritic_cells_activated expression levels were elevated, whereas T_cells_follicular_helper, T_cells_CD8, T_cells_CD4_memory_activated, Macrophages_M1, T_cells_regulatory_(Tregs), and B_cells_naive decreased (Figure 7B), suggesting a decrease in specific immune function activation in tumor tissue with increasing risk score (Figures 7C, D), which correlates with a poor prognosis.
[image: Figure 7]FIGURE 7 | Differences in immune function between high- and low-risk subgroups. (A) Relationship between crucial cluster genes and immune infiltration. (B) Relationship between various types of immune cells and risk scores. (C,D) Comparison of Stromal, Immune, Estimate scores between high- and low-risk groups.
3.7 Drug sensitivity relationship with the multivariate cox prognostic regression model
The relationship between model genes and drug sensitivity (GSDC and CTRP) was analyzed using the GSCALite database (http://bioinfo.life.hust.edu.cn/GSCA) (Figures 8A, B). In addition, drug sensitivity was analyzed using the oncoPredict package to compare the drug sensitivity of patients in the high- and low-risk groups. The results showed that patients in the high-risk group were more sensitive to talazoparib-1259, Camptothecin-1003, Vincristine-1818, Azd5991-1720, Teniposide-1809 and Nutlin-3a (-) −1047.Mitoxantrone-1810, Cdk9-5038-1709, Docetaxel-1819, and Gemcitabine-1190 were not significantly different between patients in the high and low risk groups. (Figure 8C).
[image: Figure 8]FIGURE 8 | Analysis of drug sensitivity. (A,B) Relationship between Spearman correlation analysis (GSDC and CTRP) of 13 predicted model genes for drug sensitivity. (C) Differences in drug sensitivity between high and low risk groups of patients.
3.8 In vitro validation
qRT-PCR analysis was used to examine the transcription levels of these genes in the tissues. The SCN1B and FDE4B expression levels are shown in Supplementary Figure S1. The SCN1B transcription level increased in laryngeal cancer tissues, whereas FDE4B transcription levels decreased. OLR1 showed no significant difference. This may be related to the small number of samples tested and the fact that we validated the tissue as a single laryngeal cancer.
4 DISCUSSION
HNSCC is a tumor type that poses a severe threat to human health as most of the early symptoms are not significant and most patients are already in the middle to late stages when detected. This means that the 5-year survival rate is still below 65% (Miller et al., 2016). Therefore, identifying potential biomarkers and elucidating the molecular mechanisms underlying their development can improve tumor early diagnosis and prognosis. Existing bioinformatic analyses can be powerful tools for identifying biomarkers and therapeutic targets relevant to tumor progression and treatment. Previous studies have shown that novel serum biomarkers, including circulating tumor cells (Bates et al., 2018) and circulating nucleic acids (Tao et al., 2021), are good predictors of HNSCC prognosis. In addition, inflammatory response-related serum biomarkers, such as the neutrophil ratio, platelet-lymph-like ratio, and lymph-monocyte ratio, are also good predictors of HNSCC prognosis (Millrud et al., 2012). However, the use of inflammatory response-related genetic markers as prognostic markers for HNSCC has not been reported.
In recent years, changes in inflammation-related factors have been found to play a crucial role in regulating the progression of various cancers and can influence disease prognosis. Zhao et al. (2021) showed that inflammation-related genes are directly associated with immune infiltration and can improve prognosis prediction in gastric cancer (Zhao et al., 2021), which makes them a promising strategy for cancer treatment. Many studies have shown that inflammation-related factors play a crucial role as emerging genetic and molecular biomarkers in the biology of HNSCC (Lu and Jia, 2022). However, there have been no studies on the relationship between inflammatory factor-related genes and HNSCC prognosis. Based on the above research background, we investigated how genes encoding inflammation-related factors regulate the immune process, and thus, influence tumor progression and the prognosis for HNSCC patients.
Bioinformatic analyses were performed on normal skin and HNSCC samples based on TCGA and GSE41613 datasets. In this study, a differential analysis was performed on tumor samples taken from TCGA-HNSCC and standard samples. A total of 10,274 differential genes were obtained from the tumor samples and 57 differentially expressed IRGs were obtained by intersecting the differential inflammatory factor-related genes. We further performed a single-gene Cox regression analysis, and a total of 25 differential genes were obtained. The associated inflammatory factor differential genes were used for subsequent prognostic model construction. The 57 differentially expressed IRGs were used to divide 505 HNSCC patients into three different subgroups. Heatmaps linking gene expression levels and clinicopathological features among the three subgroups showed that there were significant differences, with survival curves indicating significant differences in OS between the two groups (p < 0.0001). Cluster 2 group had a significantly worse prognosis, suggesting that clinical classification based on differentially expressed IRGs could be used to predict patient prognosis. The functional enrichment results for the three subgroups showed that there were significant differences among the three cluster subgroups and these were mainly focused on immune-related pathways. The degree of immune cell infiltration was assessed using ssGSEA. Box plots were drawn to demonstrate the immune profiles of the different subclasses with the results showing that Cluster 1 and Cluster 3 had more robust activation of immune function than Cluster 2. This suggested that immune function may correlate with prognosis, with increased immune activation improving the prognosis for patients with HNSCC. Using univariate, LASSO, and multivariate cox regression analyses, we developed a prognostic risk model for HNSCC based on 13 genes associated with inflammatory factors (ITGA5, OLR1, CCL5, CXCL8, IL1A, SLC7A2, SCN1B, RGS16, TNFRSF9, PDE4B, NPFFR2, OSM, ROS1).The results were consistent with those of previous studies showing that CXCL1, CXCL2, CXCL3, CXCL8, and CXCL12 can be used as prognostic markers and potential therapeutic targets for patients with HNSCC (Jiang et al., 2020). Tian et al. (2020) showed that high expression of RGS16, LYVE1, snRNPs, ANP32A, and AIMP1 promotes cell proliferation and tumor progression, which are associated with the risk of death (Tian et al., 2020). Han et al. (2021) successfully developed a prognostic model consisting of COL4A1, PLAU, and ITGA5, and a survival analysis showed that the prognostic model could robustly predict OS (Han et al., 2021). The OLR1 gene mainly encodes a low-density lipoprotein receptor, and it has been shown that OLR1 promotes pancreatic cancer metastasis by increasing c-Myc expression and HMGA2 transcription (Yang et al., 2020). In addition, ORL1 also plays a role as a prognostic gene in the prognostic model of head and neck squamous cell carcinoma based on lipid metabolism-related genes (Gao et al., 2021). It has been shown that PDE4B in our prognostic model gene induces epithelial-mesenchymal transition in bladder cancer cells and is transcriptionally repressed by CBX7 (Huang et al., 2021). These results suggest that our prognostic genes play an important role in cancer, demonstrating that our model is of interest.The PCA and t-SNE plots showed that the model differentiated sufficiently between high- and low-risk groups. The patients in TCGA cohort were classified into low- and high-risk groups based on cut-off values, and survival prediction was assessed using KM and ROC curves. The results showed that patients in the high-risk group were worse off and had shorter survival times than those in the low-risk group. Furthermore, when the model was validated using the GSE41613 dataset as the validation set, the results similarly suggested that differentiating the high- and low-risk groups by the median risk score can be used to predict the prognosis of HNSCC patients.
Then, we performed a functional enrichment analysis between the high- and low-risk groups. The results showed that DEGs and GO BP were mainly enriched in calcium ion homeostasis, T Cell activation, and cytokines in the high-risk group, compared to the low-risk group. Membrane GO MF was mainly enriched in receptor ligand activity, carbohydrate binding, and the following cytokine activity KEGG pathway: neuroactive ligand-receptor interaction. These results suggest that the main differences between the high- and low-risk groups are immune-related, which was consistent with previous results (Yuan et al., 2022b; Konuthula et al., 2022). Therefore, we further performed a CIBERSORT immune infiltration analysis, which showed that the differential gene expression levels of the 25 relevant inflammatory factors were associated with immune function and increased the risk scores. T_cells_CD4_memory_resting, Macrophages_M0, Mast_cells_activated, and Dendritic_cells_activated expression levels were elevated. At the same time, T_cells_follicular_helper, T_cells_CD8, T_cells_CD4_memory_activated, Macrophages_M1, T_cells_ regulatory_(Tregs), and B_cells_naive decreased, suggesting that when the risk scores are higher, specific immune function activation in the tumor tissue is reduced and that this is associated with a poor prognosis (Taverna and Franchi, 2022). The relationship between the model genes and drug sensitivity (GSDC and CTRP) was analyzed using the GSCALite database. Our study showed that CXCL8, SCN1B, ITGA5, and IL1A were more sensitive to drugs, whereas RGS16, OS, and CCL5 were resistant to most drugs. We also screened for susceptibility between the high-risk and low-risk groups and showed that patients in the high-risk group were more sensitive to talazoparib-1259, camptothecin-1003, vincristine-1818, Azd5991-1720, Teniposide-1809, and Nutlin-3a (-) −1047.Finally, we examined the expression of OLR1, SCN1B and PDE4B genes in HNSCC pathological tissues and validated that these genes could be used to predict the prognosis of HNSCC.
Our experiments still have some limitations. First, due to missing data, we may have wider thresholds for the analysis process, so our prognostic model may reduce its applicability. Second, we need further in vitro validation of the role of genes in head and neck squamous cell carcinoma in prognostic models. Finally, because conditions are limited, although we performed pathological tissue validation for three genes in the model gene, it is better to perform further validation for all genes.
5 CONCLUSION
This study investigated the predictive role of immune pathways in the prognosis of HNSCC. We constructed a prognostic prediction model for HNSCC based on immune pathway genes using data related to HNSCC patients in TCGA database. The results from this study have the potential to help improve the diagnosis and treatment strategies for HNSCC.
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Breast cancer (BrCa) is a heterogeneous disease, which leads to unsatisfactory prognosis in females worldwide. Previous studies have proved that tumor immune microenvironment (TIME) plays crucial roles in oncogenesis, progression, and therapeutic resistance in Breast cancer. However, biomarkers related to TIME features have not been fully discovered. Proteasome activator complex subunit 2 (PSME2) is a member of proteasome activator subunit gene family, which is critical to protein degradation mediated by the proteasome. In the current research, we comprehensively analyzed the expression and immuno-correlations of Proteasome activator complex subunit 2 in Breast cancer. Proteasome activator complex subunit 2 was significantly upregulated in tumor tissues but associated with well prognosis. In addition, Proteasome activator complex subunit 2 was overexpressed in HER2-positive Breast cancer but not related to other clinicopathological features. Interestingly, Proteasome activator complex subunit 2 was positively related to immune-related processes and identified immuno-hot TIME in Breast cancer. Specifically, Proteasome activator complex subunit 2 was positively correlated with immunomodulators, tumor-infiltrating immune cells (TIICs), immune checkpoints, and tumor mutation burden (TMB) levels. Moreover, the positive correlation between Proteasome activator complex subunit 2 and PD-L1 expression was confirmed in a tissue microarray (TMA) cohort. Furthermore, in an immunotherapy cohort of Breast cancer, patients with pathological complete response (pCR) expressed higher Proteasome activator complex subunit 2 compared with those with non-pathological complete response. In conclusion, Proteasome activator complex subunit 2 is upregulated in tumor tissues and correlated with the immuno-hot tumor immune microenvironment, which can be a novel biomarker for the recognition of tumor immune microenvironment features and immunotherapeutic response in Breast cancer.
Keywords: breast cancer, PSME2, biomarker, bioinformatics, time feature
INTRODUCTION
Breast cancer (BrCa) is one of the most widespread cancerous diseases in females worldwide, which has been a significant threat to women’s health (Siegel et al., 2022). Being a heterogeneous tumor, BrCa is divided into four various molecular subtypes according to genetic profiles, including Basal-like, Luminal-A, Luminal-B, and human epidermal growth factor 2 (HER2)-positive BrCa (Yeo and Guan, 2017). The molecular subtype has a significant influence on therapeutic regimen and prognosis of BrCa. Up to now, the main therapeutic strategy of BrCa involves surgical resection, chemotherapy and radiotherapy, endocrine therapy, immunotherapy, or the combination of them (Greenlee et al., 2017). However, amass of patients with advanced BrCa still have poor prognosis, and lack effective therapies to prevent the progression.
Recently, increasing numbers of researchers have focused on cancer immunotherapy, which has exerted significant effects on the therapeutic situation of many malignancies (Vesely et al., 2022). Immunotherapy is defined as that drugs are used to activate the natural mechanisms of the immune system, to kill cancer cells (Zhang et al., 2022a). Encouragingly, immunotherapy has become one of the major therapeutic strategies in BrCa. Immune checkpoint inhibitors combined with chemotherapy have demonstrated significant efficacy in both early-stage and advanced triple-negative breast cancer (Abdou et al., 2022). Emerging data from immunotherapy studies in advanced hormone receptor-positive as well as HER2-positive BrCa are arising with mixed results (Cejuela et al., 2022).
However, in some cases, immunotherapy does not have satisfactory responses. Scholars have found that the tumor immune microenvironment (TIME) has a significant influence on the efficacy of immunotherapy (Frankel et al., 2017). TIME is composed of various cellular and non-cellular components, including tumor cells, immune cells, stromal cells, cytokines and vascular networks (Cai et al., 2021). TIME is heterogeneous, and different density and diversity of tumor-infiltrating immune cells (TIICs) are vital causes of diverse prognosis when patients receive immunotherapy (Bejarano et al., 2021). The TIME could be simply divided into cold or hot according to its characteristics (Duan et al., 2020). Hot tumors exhibit high level of immune cell infiltration in tumor tissues and immuno-activation, and cold tumors are characterized by notable features of immune cells absence or exclusion (Duan et al., 2020). Usually, hot tumors are sensitive to immunotherapy. Herein, biomarkers related to the TIME features are essential to predict and evaluate the immunotherapeutic response.
Proteasome activator complex subunit 2 (PSME2), a member of proteasome activator subunit gene family, is located on 14q12, and expresses mainly intracellular (Wang et al., 2021). The protein encoded by PSME2 gene is critical to protein degradation mediated by the proteasome (Wang et al., 2004). Diseases associated with PSME2 abnormality include Immunodeficiency 12 and Ulceroglandular Tularemia (Guo et al., 2021). PSME2 is highly expressed in liver, pancreas and lung. Many studies have reported the prognostic value of proteasome activator subunit gene family in cancers (Qin et al., 2019a; Qi et al., 2021; Zheng et al., 2022). However, the expression and immune features of PSME2 in BrCa have not been revealed.
In this study, we used the BrCa cohort from the Cancer Genome Atlas (TCGA) dataset to investigate the expression and immunological characteristics of PSME2 in BrCa. We come to the conclusion that PSME2 is positively related to expression of immunological factors and immune-related processes. Moreover, an in-house cohort and an immunotherapy BrCa cohort were also used as further validation of immunological characteristics of PSME2. Overall, it was demonstrated that high PSME2 expression is tightly connected with an inflamed TIME, which could be used to identify BrCa patients who are sensitive to immunotherapy.
METHODS
Public datasets acquisition
Standardized RNA-seq and clinical data of BrCa samples from the TCGA dataset were acquired from the UCSC Xena (https://xenabrowser.net/datapages/). In addition, the GSE173839 dataset (Pusztai et al., 2021), an immunotherapy cohort was acquired from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/) data storage. For the immunotherapy cohort, diagnostic patients who received immunotherapy were selected for further analysis.
Correlation genes screen and enrichment analysis
Linked Omics (https://www.linkedomics.org/login.php) is an interactive platform utilized to manage TCGA data online (Vasaikar et al., 2018). In the current study, the Linked Omics was utilized to screen genes that correlated with PSME2 expression in BrCa. The functional roles of PSME2 in BrCa were predicted using the Linked Omics platform in terms of Biological Process (BP) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis by the gene set enrichment analysis (GSEA). Default options were utilized for all parameters.
Analysis of the correlation between PSME2 and TIME features
The features of the TIME were mainly reflected based on the expression levels of immunomodulators, including chemokines, MHC, receptors, immunoinhibitors, and immunostimulators. In addition, TIICs levels estimated by the TIMER algorithm (Li et al., 2017), immune checkpoints expression levels and immunophenoscore (IPS) (Charoentong et al., 2017) were also considered as the features of TIME. According to a previous study, IPS was calculated using machine learning by consideration of the four major categories of componentsassociated with immunogenicity: effector immune cells, immunosuppressive immune cells, MHC molecules, and immunomodulators (Charoentong et al., 2017). The IPS values of BrCa patients were downloaded from the Cancer Immunome Atlas (TCIA) (https://tcia.at/home). Moreover, the simple nucleotide variation data of the TCGA samples processed by the “MuTect2” software (Beroukhim et al., 2010) was obtained from the Genomic Data Commons (GDC, https://portal.gdc.cancer.gov/) website. We used the R package “maftools” to visualize mutation landscape and calculate the tumor mutation burden (TMB) of each sample. In addition, the T cell inflamed score was calculated based on the linear combination of the expression levels and weighting coefficient of 18 genes (Ayers et al., 2017). In conclusion, correlations between PSME2 expression and immunomodulators, TIICs, IPS, TMB, and T cell inflamed score were evaluated. The most commonly used 50% as the cut-off value for PSME2 high or low expression in the current study.
Clinical cohorts
The BrCa (Cat. HBreD050Bc01) tissue microarray (TMA) was obtained from Outdo BioTech (Shanghai, China). The HBreD050Bc01 cohort contained 40 tumor samples and 10 para-tumor samples. Specific clinic-pathological characteristics were obtained from Outdo BioTech. Ethical approval for the use of TMA was granted by the Clinical Research Ethics Committee in Outdo Biotech (Shanghai, China).
Immunohistochemistry and semi-quantitative evaluation
Immunohistochemistry (IHC) staining was performed on the above TMAs. The primary antibodies used in the research were as follows: anti-PSME2 (1:1000 dilution, Cat. 12937-2-AP, ProteinTech, Wuhan, China) and anti-PD-L1 (Ready-to-use, Cat. GT2280, GeneTech, Shanghai, China). Antibody staining was visualized with DAB and hematoxylin counterstain. All stained sections were independently assessed by two pathologists. For semi-quantitative assessment of PSME2 and PD-L1 staining, the immunoreactivity score (IRS) was used (Cai et al., 2021). Briefly, the percentage of positively stained cells was scored as 0–4: 0 (<5%), 1 (6–25%), 2 (26%–50%), 3 (51%–75%) and 4 (>75%). The staining intensity was scored as 0–3: 0 (negative), 1 (weak), 2 (moderate), and 3 (strong). The IRS equals the percentages of positive cells multiplied by staining intensity.
Statistical analysis
Statistical analysis and figure production were performed using R language 4.0.2, Graphpad Prism 6.0 and SangerBox (Shen et al., 2022). R packages, including maftools, pheatmap, corrplot, psych, and ggpubr were used for statistical analysis and figure production. The statistical difference of continuous variables between the two groups was assessed by the Student t test or Mann-Whitney test. Prognostic values of categorical variables were evaluated by log-rank test. Pearson’s correlation was utilized to evaluate the correlation between two variables. Receiver-operating characteristic (ROC) analysis was utilized to appraise the specificity and sensitivity of PSME2 in predicting immunotherapeutic responses, and the area under the ROC curve (AUC) was calculated. The association between PSME2 expression and the immunotherapeutic responses was assessed using Pearson’s Chi-squared test. For all analyses, p-value <0.05 was deemed to be statistically significant.
RESULTS
PSME2 was upregulated in tumor but predicted well prognosis in BrCa
We used the BrCa cohort from the TCGA dataset to compare the mRNA levels of PSME2 between BrCa and para-tumor breast tissues. The analysis revealed that PSME2 is remarkably overexpressed in BrCa tissues (Figure 1A). To further validate this finding, we next conducted IHC staining in 40 BrCa and 10 normal samples to analyze PSME2 expression. Most cells of BrCa samples were stained with anti-PSME2 antibodies. On the contrary, the majority of the cells in para-tumor samples were not stained (Figure 1B). The result confirmed that expression of PSME2 in BrCa was higher than that in para-tumor tissues (Figure 1C). To assess the prognostic value of PSME2, the TCGA dataset was utilized to download survival data which included three endpoints, including overall survival (OS), progression-free survival (PFS), and disease-specific survival (DSS). The results of survival analysis showed that high mRNA expression of PSME2 was remarkably related to better OS, PFS, and DSS of BrCa patients. Overall, PSME2 expression is increased in BrCa compared with para-tumor tissues, but predicts well prognosis in BrCa.
[image: Figure 1]FIGURE 1 | Expression and prognostic value of PSME2 in BrCa (A)Expression level of PSME2 in tumor and para-tumor tissues. Compared with para-tumor tissues, PSME2 was highly expressed in tumor tissues. Data was obtained from the TCGA dataset (B) Representative images revealing PSME2 expression in tumor and para-tumor tissues using anti-PSME2 staining (C) Expression level of PSME2 protein in tumor and para-tumor tissues. Compared with para-tumor tissues, PSME2 was highly expressed in tumor tissues (D–F) Prognostic value of PSEM2 in BrCa in terms of OS, PFS, and DFS. High expression of PSEM2 was associated with well prognosis in BrCa. Data was obtained from the TCGA dataset.
Associations between PSME2 and clinicpathological parameters of BrCa
Since PMSE2 was highly expressed in BrCa, we speculated that overexpression of PSME2 may be related to several clinicopathological parameters of BrCa patients. Hence, we analyzed the associations between PSME2 and clinicpathological features of BrCa patients, including age, TMN stage and molecular type. As shown in Figure 2, PSME2 expression had no relationship with expression level of ER and PR status, but was clearly correlated with HER2 status (Figures 2A–C). The relationship between molecular type and PSME2 expression also confirms that PSME2 was overexpressed in HER2-ponsitive tumors (Figure 2D). In the meantime, PSME2 expression level had no relationship with TMN stage and age (Figures 2E–I). Thus, we come to the conclusion that PSME2 is promising to be used as a novel biomarker to predict the molecular type of BrCa, and has no correlation with other clinical features.
[image: Figure 2]FIGURE 2 | Associations between PSME2 and clinicopathological features in BrCa. Expression level of PSME2 in BrCa with different (A) ER (B) PR (C) HER2 status (D) molecular subtypes (E) T (F) N (G) M (H) clinical stages, and (I) ages. PSME2 expression was only associated with HER2 status and molecular types. Data was obtained from the TCGA dataset. *p-value <0.05, and ***p-value <0.001.
PSME2 was positively related to immune-related processes in BrCa
To investigate the biological features of PSME2 expression in BrCa, we screened the genes that have a correlation with PSME2 expression (Figure 3A). Then, we investigated positively and negatively correlated genes, respectively (Figures 3B, C). To acquire a specific result, PSME2-correlated genes were submitted for BP and KEGG analyses. PSME2 was positively associated with mitochondrial respiratory chain complex assembly, response to interferon-gamma, response to type I interferon, etc. in terms of BP enrichment (Figure 3D, Supplementary Table S1), and positively associated with oxidative phosphorylation, antigen processing and presentation, ribosome, etc. in terms of KEGG enrichment (Figure 3E, Supplementary Table S2). In general, PSME2 plays a role in many biological processes and is significantly related to immune-related processes in BrCa.
[image: Figure 3]FIGURE 3 | Screening of PSME2-correlated genes and enrichment analysis (A) The global PSME2 highly associated genes identified by Pearson test in BrCa (B) Heat maps showing top 50 genes positively associated with PSME2 in BrCa (C) Heat maps showing top 50 genes negatively associated with PMSE2 in BrCa. Data of A-C was obtained from the TCGA dataset (D) BP and (E) KEGG enrichment analyses of PSME2-related genes in BrCa.
PSME2 was associated with immuno-hot TIME in BrCa
Immuno-hot tumors are featured by high levels of TIICs and molecular features of immuno-activation. We performed a series of analyses to investigate the immuno-correlations of PSME2 in BrCa using the TCGA cohort. The result exhibited that PSME2 is positively related to a majority of immunomodulators (including chemokine, MHC, immunostimulator, and receptor) in BrCa (Figure 4A). We also evaluated the gene markers of immune cells and found that these markers were overexpressed in the high PSME2 group (Figure 4B). The expressive abundance of common immune cells is also positively related to the expression of PSME2 expression (Figure 4C). Moreover, PSME2 was also positively correlated with common inhibitory immune checkpoints, such as PD-L1 (Figure 4D). Overall, PSME2 is tightly correlated with the features of immuno-hot TIME in BrCa.
[image: Figure 4]FIGURE 4 | Associations between PSME2 and TIME features in the TCGA dataset (A) Expression levels of immunomodulators (chemokines, immunostimulators, MHC, and receptors) in the high- and low-PSME2 groups in BrCa. Red: high expression, blue: low expression (B) Expression levels of the gene markers of the common TIICs in the high- and low-PSME2 groups. Red: high expression, blue: low expression (C) Correlation between PSME2 and levels of TIICs calculated using the TIMER algorithms (D) Correlations between PSME2 and common inhibitory immune checkpoints. The color and the values indicate the Pearson correlation coefficient. Data of Figure 4 was obtained from the TCGA dataset.
PSME2 was positively correlated with biomarkers for immunotherapy in BrCa
Next, we assessed the associations between PSME2 and several biomarkers for immunotherapy, including IPS, TMB, and T cell inflamed score. First, PSME2 expression was positively correlated with IPS (Figure 5A). In addition, genetic alterations were various between the low and high PSME2 groups, which were more frequent in the high PSME2 group (Figure 5B). As expected, PSME2 expression was positively correlated with TMB level in BrCa (Figure 5C). Moreover, the positive correlation between PSME2 and T cell inflamed score was also observed (Figure 5D). To further validate the correlation between PSME2 and TIME features, we conducted IHC staining to visualize PSME2 and PD-L1 expression in BrCa tissues (Figure 5E), and semi-quantitative analysis revealed that PSME2 was positively correlated with PD-L1 expression in BrCa (Figure 5F). To sum up, PSME2 is positively correlated with reported immunotherapeutic biomarkers in BrCa, indicating PSME2 may predict the immunotherapeutic response.
[image: Figure 5]FIGURE 5 | Associations between PSME2 and immunotherapy biomarkers in BrCa (A) Positive correlations between PSME2 and the IPS (B) The altered landscapes of common genes in BrCa (C) Positive correlation between PSME2 and the TMB level (D) Positive correlation between PSME2 and the T cell infamed score. Data of A-D was obtained from the TCGA dataset (E) Representative images revealing low and high PSME2 and PD-L1 expression using anti-PSME2 staining. Magnification, ×200 (F) Positive correlation between PSME2 and PD-L1 protein expression.
PSME2 predicted immunotherapeutic response in BrCa
Since PSME2 was positively correlated with several reported immunotherapeutic biomarkers, we next explored whether PSME2 could be a novel biomarker for immunotherapy in BrCa using the GSE173839 dataset. Similar to findings of the TCGA dataset, PSME2 was correlated with a majority of immunomodulators, gene markers of immune cells, infiltrating levels of immune cells, and expression levels of inhibitory immune checkpoints (Figures 6A–D). In addition, PSME2 was upregulated in BrCa tissues with pathological complete response (pCR) (Figure 7A), and the predictive value of PSME2 was satisfactory (Figure 7B). In addition, BrCa patients with high PSME2 expression showed higher response rate in the GSE173839 cohort (Figure 7C). Overall, PSEM2 is related to the features of immuno-hot TIME and could predict the immunotherapeutic response in BrCa.
[image: Figure 6]FIGURE 6 | Associations between PSME2 and TIME features in the GSE173839 dataset (A) Expression levels of immunomodulators (chemokines, immunostimulators, MHC, and receptors) in the high- and low-PSME2 groups in BrCa. Red: high expression, blue: low expression (B) Expression levels of the gene markers of the common TIICs in the high- and low-PSME2 groups. Red: high expression, blue: low expression (C) Correlation between PSME2 and levels of TIICs calculated using the TIMER algorithms (D) Correlations between PSME2 and common inhibitory immune checkpoints. The color and the values indicate the Pearson correlation coefficient. Data of Figure 6 was obtained from the GSE173839 dataset.
[image: Figure 7]FIGURE 7 | Predictive role of PSME2 in immunotherapy in the GSE173839 dataset (A) Expression level of PSME2 in BrCa with various immunotherapeutic responses (B) ROC analysis of predictive values of PSME2 in the BrCa immunotherapy cohort. Data of Figure 7 was obtained from the GSE173839 dataset (C) Immunotherapeutic response rates between low- and high- PSME2 expression.
DISCUSSION
According to previous studies, PSME2 plays the role of promoting tumor progression in clear cell renal cell carcinoma, which is positively correlated with the ability of invasion regulating BNIP3-mediated autophagy (Wang et al., 2021). In addition, increasing numbers of studies showed that PSME2 may be used as a tumor biomarker. Compared with paratumor tissues, the expression of PSME2 is upregulated in tumor tissues in multiple cancer types, such as gastric cancer (Guo et al., 2021), skin cutaneous melanoma (Wang et al., 2019), and urothelial cancer (Wang et al., 2020). In the current research, we utilized the TCGA dataset to analyze the expression and prognostic values of PSME2 in BrCa, we found that PSME2 was overexpressed in BrCa tissues but positively related to better prognosis.
Given the discrepancy between expression and prognostic value, we next explored underlying mechanisms in BrCa. As result, PSME2 was positively related to immune-related processes. More importantly, PSME2 expression was positively correlated with immunomodulator and infiltrating immune cells in tumors, which are main components of TIME (Halbert and Einstein, 2021). All results indicated that PSME2 played a significant role in the immuno-hot TIME. For further research, we assessed the relationship between PSME2 and biomarkers for immunotherapy. We found PSME2 exhibits a positive correlation with biomarkers of immunotherapy.
Recently, increasing evidence has proved that TIME determines the responses to multiple anti-tumor therapies, especially immunotherapy (Bonaventura et al., 2019). immunomodulators and TIICs are main components of the TIME, which are heterogeneous and dynamic (Huang et al., 2021). On account of the features of the TIME, tumors could be divided into two subtypes, which included immuno-hot and immuno-cold tumors. Immuno-cold tumors are featured by immuno-suppressive TIME and the lack of TIICs infiltration, and most solid immune-cold tumors are not responsive to immunotherapy. Contrarily, immuno-hot tumors are potential candidates which are responsive to immunotherapy (Qin et al., 2019b). Thus, understanding the constitution of TIME within which immune cells function and identification of potential biomarkers related to the features of the TIME is significant for the discrimination of beneficiaries from immunotherapy in clinical practice (Chen et al., 2021).
Previous studies also reported the immuno-correlated role of PSME2 in other cancers. Guo et al. reported overexpressed PSME2 was notably associated with better prognosis, the infiltration levels of common immune cells, and TMB level (Guo et al., 2021). In addition, PSME2 and other four gene markers for malignant cells (ARID5A, SERPINE2, GPC3, and S100A11) were combined to develop a prognostic signature in melanoma (Kang et al., 2022). More importantly, PSME2 was a novel tumor-associated antigen, which was overexpressed, amplified, and mutant in BrCa (Li et al., 2022) and contributed to a novel prognostic signature (Dong et al., 2022). Overall, PSME2 was tightly immuno-correlated in not only BrCa, but also multiple cancer types, which may be a pan-cancer biomarker.
Up to date, a large number of studies have uncovered multiple genes can serve as biomarkers for immunotherapy response in BrCa or other cancer types, such as CCDC69 (Yi et al., 2022), TIMM8A (Zhang et al., 2022b), and ACE2 (Mei et al., 2022). Most of these studies are lacking real-world cohort validation, which is also the main shortcoming of our current research. However, the defect of PD-L1 as a biomarker could not be overlooked as well. Previous studies have revealed that PD-L1 is heavily glycosylated and deglycosylation significantly enhances PD-L1 positive rate using IHC examination (Lee et al., 2019; Mei et al., 2021). Overall, given the defect of PD-L1 as a biomarker, PSME2, along with other biomarkers may be used as significant complementary biomarkers.
CONCLUSION
In this report, we comprehensively analyzed the expression and immuno-correlations of PSME2 in BrCa and found that PSME2 was associated with well prognosis and immuno-hot TIME in BrCa. Moreover, PSME2 was positively correlated with biomarkers for immunotherapy and even could predict immunotherapeutic response in BrCa. Overall, we reported PSME2 as a novel indicator for prognostic assessment and superior population discrimination for immunotherapy in BrCa.
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Combined multiomics analysis reveals the mechanism of CENPF overexpression-mediated immune dysfunction in diffuse large B-cell lymphoma in vitro
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Diffuse large B-cell lymphoma (DLBCL) is one of the most common aggressive B-cell lymphomas with significant heterogeneity. More than half of patients are cured, but 40%–45% still face relapse or develop drug resistance, and the mechanism is not yet known. In this study, Centrimeric protein F (CENPF) overexpression was found in several DLBCL patients with relapsed or refractory disease compared to patients with complete remission. Thus, the human DLBCL cell line SU-DHL-4 was chosen for this study, and CENPF was upregulated in that cell line by using an adenovirus in vitro. Mass spectrometry-based quantitative proteome analysis was first performed, and the results showed that the expression levels of various proteins were increased when CENPF was upregulated, and these proteins are mainly involved in cellular processes, biological regulation, immune system processes and transcriptional regulator activity. Bioinformatics data analysis revealed that the main enriched proteins, including UBE2A, UBE2C, UBE2S, TRIP12, HERC2, PIRH2, and PIAS, were involved in various ubiquitin-related kinase activities and ubiquitination processes. Thus, ubiquitinome analysis was further performed, and the results demonstrated that proteins in many immune-related cellular pathways, such as natural killer cell-mediated cytotoxicity, the T-cell receptor signaling pathway and the B-cell receptor signaling pathway, were significantly deubiquitinated after CENPF was upregulated in DLBCL cells. Furthermore, TIMER2.0 was also used to reveal the association between CENPF and immune infiltration in DLBCL. The results showed that CENPF expression was positively correlated with CD8+ T cells, NK cells and B lymphocytes in DLBCL samples but negatively correlated with regulatory T cells. Aberrant activation of CENPF may induce immune dysregulation in DLBCL cells by mediating protein deubiquitination in various immune signaling pathways, which leads to tumor escape of DLBCL, but further experimental validation is still needed.
Keywords: centrimeric protein F, diffuse large B-cell lymphoma, proteome, tumor escape, ubiquitination
INTRODUCTION
Diffuse large B-cell lymphoma (DLBCL) is an aggressive B-cell lymphoma. It is the most common type of non-Hodgkin lymphoma (NHL), which has significant heterogeneity with different prognoses for patients with different subtypes (Smith et al., 2015; Cazzola, 2016). DLBCL can be divided into the germinal center (GCB) type and non-germinal center (non-GCB) type according to the cell of origin (COO) classification, where the activated B cell (ABC) subtype of non-GCB is associated with poor prognosis (Alizadeh et al., 2000). Moreover, it was recently found that DLBCL can be grouped according to genomic alterations with different prognoses, thus reflecting the obvious heterogeneity of DLBCL (Schmitz et al., 2018). The standard chemotherapy treatment for DLBCL is rituximab plus cyclophosphamide, vincristine, doxorubicin and prednisone (R-CHOP) (Coiffier et al., 2002), but for 40%–45% of patients, this treatment is ineffective or relapse occurs soon after remission (Vitolo and Novo, 2021). Moreover, only 10%–20% of patients who relapse after first-line treatment can achieve long-term disease-free survival with salvage therapy, such as high-dose chemotherapy, stem cell transplantation and chimeric antigen receptor (CAR) T-cell therapy, and the median overall survival is only 5–6 months (Goy et al., 2019). However, the definite mechanism underlying disease relapse and drug resistance under the current standard therapy is still largely unknown. Therefore, overcoming the recurrence and drug resistance of DLBCL is the most important and difficult problem in current research.
Centrimeric protein F (CENPF) is a centromeric protein containing 3210 amino acids that plays an important role in mitosis, including centromere maturation, chromosome adjustment and segregation, and stabilization of the anaphase spindle, thereby regulating mitosis and maintaining the normal progression of the cell cycle (Varis et al., 2006). In addition to its involvement in tumor cell proliferation, CENPF is also involved in protein degradation in tumor cells (Gurden et al., 2010). The expression of CENPF in GO/Gl-cells is low, and it accumulates in the nuclear matrix during S-phase, with the maximum level in G2/M-cells (Liao et al., 1995). At present, CENPF is generally considered a potential marker of proliferation in a variety of malignant tumors, as it is elevated in various malignant tumors, such as liver cancer (Huang et al., 2021), gastric carcinoma (Chen et al., 2019), lung cancer (Li et al., 2021), breast cancer (Chen et al., 2020), prostate cancer (Shahid et al., 2019) and malignant glioma (Zhang et al., 2021) and is associated with poor prognosis in patients. In 2005, a radio-immunological assay was used to compare 347 non-Hodgkin’s lymphoma patients and 150 control subjects, and the proportions of CENPF detected in the two groups were 7.2% and 1.3% (p < 0.05), respectively, suggesting that CENPF may play a role in the development and progression of some types of NHL (Bencimon et al., 2005). However, the relationship between CENPF and DLBCL is not well reported, and the specific mechanism is unknown.
Ubiquitination (UB) is a protein posttranslational modification process characterized by the covalent attachment of ubiquitin molecules to cellular protein substrates through an enzymatic cascade, which involves E1 (ubiquitin-activating enzyme), E2 (ubiquitin-conjugating enzyme) and E3 (ubiquitin ligase) (Lacoursiere et al., 2022). The process of ubiquitination includes classification of intracellular proteins and selection of target protein molecules to undergo specific modifications. The ubiquitination modification process is reversible and dynamic and participates in the regulation of gene transcription, the cell cycle, inflammatory responses, DNA damage repair and other biological processes that mediate the occurrence and development of tumors (Popovic et al., 2014). The role of protein ubiquitination in malignant lymphoma has been extensively confirmed; non-etheless, our understanding of how protein ubiquitination regulates malignant lymphoma is still greatly limited. However, in our study, using DLBCL patient tissues and cell lines, we found that CENPF affected the immune microenvironment of DLBCL by altering ubiquitination modifications through proteomic and ubiquitinomic analyses, and we hope to identify the mechanism by which CENPF affects the prognosis of DLBCL and provide promising therapeutic strategies for DLBCL.
MATERIALS AND METHODS
Study population
This retrospective study was approved by the institutional review board, and written consent was obtained from involving patients. This study selected and reviewed 12 patients diagnosed with DLBCL in January 2021 at Nanjing First Hospital and completed six cycles of R-CHOP regimen chemotherapy, six of whom achieved complete remission and the other six were patients with refractory relapse.
Reagents and cell lines
TRIzol reagent was purchased from Thermo Fisher Scientific (MA, United States), and the reverse transcription system kit and SYBR Premix Ex Taq II kit were obtained from Takara Biomedical Technology (Beijing, China). The CENPF antibody was purchased from Proteintech (Chicago, IL, United States). The primer sequences for CENPF and β-actin were synthesized and provided by Invitrogen (CA, United States). The DLBCL cell line SU-DHL-4 was purchased from American Type Culture Collection (ATCC, Bethesda, MD, United States) and cultured in RPMI-1640 medium (HyClone, UT, United States) with 10% fetal bovine serum (FBS; Sigma, St, Louis, MO, United States) at 37°C and 5% CO2.
Adenovirus transfection
An adenovirus carrying CENPF overexpression plasmids was constructed by OBIO technology and transfected into a DLBCL cell line according to the manufacturer’s instructions. Approximately 3×103 DLBCL cells were cultured in 96-well culture plates, and 100 µl of medium was added to each well. When the cells reached 60% confluency, the medium was changed to serum-free medium, and the corresponding volumes of adenovirus were added to each well according to the MOI (multiplicity of infection) value for transfection. After transfection for 8–12 h, the transfection efficiency was evaluated under a fluorescence microscope. Then, the cell samples were gently aspirated and centrifuged at 1000 rpm for 5 min, complete medium was added, and the culture was continued for 24–48 h.
Real-time RT PCR
Total RNA was extracted from the lymphoma tissue using TRIzol reagent, and cDNA was prepared with a reverse transcription system kit. Then, real-time RT PCR was performed to evaluate the relative mRNA levels of genes in different lymphoma tissues by the SYBR Premix Ex Taq II kit in this study. Additionally, the mRNA expression levels were determined by the comparative 2−ΔΔCt method. β-actin was used as the internal control in this study.
Immunohistochemical staining
Immunohistochemical staining was performed in this study according to the protocol described previously (Pichaiwong et al., 2013). Briefly, the lymphoma tissue was cut into 4 μm slices, and the sections were incubated with primary antibodies overnight. Then, the secondary antibodies were used and visualized with diaminobenzidine under a microscope. More than 6 fields in each section were evaluated, and the IOD/area value was used to measure the intensity of positive staining using Image-Pro Plus 7.0 software (Media Cybernetics, Silver Spring, MD).
Proteome and ubiquitome analyses
Sample preparation
The DLBCL cell line SU-DHL-4 was transfected with a CENPF-overexpressing adenovirus, and the samples were lysed with lysis buffer (8 M urea, 1% protease inhibitor and 50 μM PR-619). After ultrasonic lysis, the sample protein was centrifuged at 12000×g for 10 min to remove cellular debris. Furthermore, the supernatant was transferred into a centrifuge tube, and the protein concentration was determined using a BCA assay kit (Beyotime Biotechnology, Jiangsu, China). Proteome and ubiquitome analyses were performed at PTM BioLabs (Hangzhou, China).
LC-MS/MS analysis
Equal amounts of sample protein were used for enzymatic digestion, and the volume was adjusted to be the same as the lysis solution. Then, TCA was slowly added to reach a proportion of 20%, and the mixture was incubated for 2 h at 4°C after vortex mixing. After digestion with trypsin at 37°C overnight, the peptides were collected. Dithiothreitol (DTT) and iodoacetamide (IAA) were added successively. Then, the peptides were further separated by high-performance liquid chromatography (HPLC, Thermo Fisher Scientific). The separated peptides were dissolved in IP buffer (pH 8.0, 1 mM EDTA, 50 mM Tris-HCl, 100 mM NaCl and 0.5% NP-40). Peptide adsorption resin (PTM-1104, PTM Bio) and 0.1% trifluoroacetic acid eluent were used to obtain the ubiquitinated peptides. Then, the peptide fractions were analyzed by LC‒MS/MS. The MS data were acquired dynamically based on the data-dependent top 10 method.
Bioinformatics data analysis
Raw MS/MS data were further analyzed using Andromeda engine in the MaxQuant environment. The human UniProt FASTA database was used in this study and matched with the MS/MS spectra with FDR<1%. Categorical annotation was used and presented as molecular function and cellular component, Gene Ontology (GO) biological process and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways. GO and KEGG pathway enrichment analyses were performed based on Fisher’s test. Timer 2.0 (http://timer.cistrome.org/) was used to estimate immune infiltration in the environment of The Cancer Genome Atlas (TCGA) in this study (Li et al., 2020).
Statistical analysis
The experiments were performed in biological triplicates, and the data were analyzed using SPSS 20.0 (Chicago, IL, United States) and are presented as the mean ± standard deviation. The correlation was determined by Pearson’s r, and the analysis between two groups was performed using Student’s unpaired t test or one-way analysis of variance. p < 0.05 was considered statistically significant in this study.
RESULTS
CENPF overexpression was found in DLBCL patients with relapsed or refractory disease
Real-time PCR was first performed to reveal the expression levels of CENPF in patients with complete remission (CR) and relapsed refractory (RR) disease. As shown in Figure 1, in DLBCL patients, CENPF expression was significantly upregulated in RR patients compared with CR patients. Then, immunohistochemical staining of CENPF in lymphoma tissue was also performed to evaluate the expression and distribution of CENPF in CR patients and RR patients. The results showed that CENPF was overexpressed in RR patients, and the IOD/area measurement results were also consistent with the real-time PCR results in this study.
[image: Figure 1]FIGURE 1 | Real-time RT‒PCR and immunohistochemical staining analysis of CENPF expression in lymphoma (A). Immunohistochemical staining of CENPF in CR and RR patients with lymphoma. (B). Real-time RT PCR was performed to reveal the mRNA expression levels of CENPF in complete remission (CR) and relapsed refractory (RR) patients with lymphoma. (C). Quantitative analysis of CENPF expressed in lymphoma tissue in different CR and RR patients by using the mean IOD/area (μm2). Scale bar is 200 μm.
Quantitative proteomic profiling of the CENPF-upregulated DLBCL cell line
To systematically identify the role of overexpressed CENPF in DLBCL, a DLBCL cell line (SU-DHL-4) was used, and mass spectrometry-based quantitative proteomics was performed in this study (Figure 2A). CENPF expression was first determined in the SU-DHL-4 cell line, and the results demonstrated that CENPF expression was not activated in the normal DLBCL cell line. Then, adenovirus was used to upregulate CENPF in the human SU-DHL-4 cell line, and quantitative proteomic analysis was performed according to a protocol described previously. As shown in Figures 2B,C, transfection was performed using an adenovirus, and CENPF was found to be significantly increased in the human DLBCL cell line. Then, quantitative proteomics was performed, and the principal component analysis (PCA) results were obviously different after CENPF was upregulated (Figure 2D). The expression levels of various proteins were also markedly changed in the DLBCL cell line and were mainly concentrated in the small- and medium-sized protein population of 10–100 kDa (Figure 2E). A total of 6336 proteins and 75736 peptides were identified in the DLBCL cell line by quantitative proteomics, and 328 proteins were considered evidently changed after CENPF upregulation based on a fold ratio >1.5. The significantly changed proteins included 285 upregulated proteins and 43 downregulated proteins. The results of the clustering analysis are presented as heatmaps (Figure 2F) and volcano plots (Figure 2G, log2-fold change and–log10 p value), which demonstrated that the expression levels of most proteins were evidently upregulated. The upregulated proteins accounted for 86.9% of all the significantly changed proteins.
[image: Figure 2]FIGURE 2 | Quantitative proteomic profiling analysis in CENPF-upregulated DLBCL cells (A). Flowcharts of the quantitative proteome and ubiquitinome analysis in CENPF-overexpressing DLBCL cells; (B). The expression of CENPF in a DLBCL cell line (SU-DHL-4) was upregulated using an adenovirus and evaluated under a fluorescence microscope; scale bar is 100 μm; (C). Quantitative analysis of CENPF expression in different groups of SU-DHL-4 cells; (D). The results of principal component analysis in the control group and CENPF-upregulated group; (E). The numbers of proteins with different molecular masses determined by proteome analysis in DLBCL cells; f-g. The results of clustering analysis by proteome analysis are presented as a heatmap and volcano plots (log2-fold change and–log10 p value). (H). The numbers of upregulated and downregulated proteins identified by quantitative proteomics.
Functional annotation of proteins in CENPF-overexpressing DLBCL cells
To reveal the function of proteins identified by quantitative proteomics in CENPF-upregulated DLBCL cells, subcellular localization, gene ontology (GO)-based enrichment analysis, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment, protein domain analysis and COG/KOG functional classification were performed. As shown in Figure 3A, WolF Psort software was first used to annotate the subcellular structures of significantly changed proteins, and then localization to various intracellular elements was determined based on the differences in the membrane structure of the proteins in eukaryotic tissue cells. The results demonstrated that the significantly changed proteins were mostly localized in the nucleus (46.13%), cytoplasm (22.18%) and mitochondria (11.27%). Additionally, the results of GO analysis were presented as biological process, cellular component and molecular function terms, and the proteins identified by GO analysis were mainly focused in cellular processes, biological regulation, immune system processes and transcription regulator activity. Furthermore, the significantly increased proteins (fold ratios >2.0) identified in this study were mainly enriched in various ubiquitin-related kinase activities, which was revealed by functional enrichment analysis, as shown in Figures 3C, D. The proteins and kinases found to be significantly increased, including UBE2A, UBE2C, UBE2S, TRIP12, HERC2, PIRH2 and PIAS, were closely associated with the ubiquitination process. The proteins participating in the process of ubiquitin-mediated proteolysis are presented in Figure 3E.
[image: Figure 3]FIGURE 3 | Bioinformatics analysis and protein functional annotation. (A). The subcellular localization of proteins identified by quantitative proteomics in CENPF-upregulated DLBCL cells; (B). Gene Ontology (GO)-based enrichment analysis of proteins with significantly changed expression levels; (C,D). The GO analysis and COG/KOG functional classification of proteins in the proteome; (E). The significantly increased proteins in ubiquitin-mediated proteolysis, including UBE2A, UBE2C, UBE2S, TRIP12, HERC2, PIRH2 and PIAS.
Ubiquitinome analysis in CENPF-upregulated DLBCL cells
Previous results showed that the activities of multiple kinases associated with the ubiquitination process were significantly altered in CENPF-overexpressing DLBCL cells. Thus, quantitative analysis of the ubiquitinome was further performed in this study. As shown in Figure 4A, CENPF-upregulated DLBCL cells were quantitatively analyzed by the ubiquitinome, and a total of 2249 ubiquitination proteins and 30582 peptides were identified in DLBCL cells in this study. The proteins and sites included 587 upregulated ubiquitination proteins, 1000 upregulated ubiquitination sites, 1662 downregulated ubiquitination proteins and 5451 downregulated ubiquitination sites. The results showed that the proteins in DLBCL cells were markedly deubiquitinated after CENPF activation in this study. Principal component analysis significantly distinguished between the CENPF upregulated group and the control group (Figure 4B). Pearson’s correlation coefficient analysis also demonstrated a significant correlation between different samples within a certain group. Additionally, as shown in Figures 4D, E, the clustering analysis presented as heatmaps (Figure 4D) and volcano plots (Figure 4E, log2-fold change and–log10 p value) demonstrated that the degree of protein ubiquitination was significantly decreased in DLBCL cells after CENPF overexpression. Most proteins were in abnormal ubiquitination or deubiquitination states (73.9%). Additionally, GO and KEGG pathway analyses were performed to uncover the underlying molecular mechanisms in which the proteins participated. The results of COG/KOG functional analysis demonstrated that these proteins were mainly associated with transcription, signal transduction and posttranslational modification. The proteins were significantly enriched in the regulation of the meiotic cell cycle, chaperone cofactor-dependent protein refolding and regulation of phagocytosis. The results of KEGG pathway analysis also demonstrated enrichment of immune-associated pathways, such as the B-cell receptor signaling pathway.
[image: Figure 4]FIGURE 4 | Quantitative ubiquitinome analysis in CENPF-upregulated DLBCL cells (A). The numbers of proteins and sites identified by ubiquitinome analysis in this study; (B). The results of principal component analysis in the control group and CENPF-upregulated group identified by ubiquitinome; (C). Pearson’s correlation coefficient analysis performed in different groups; (D,E). The results of clustering analysis by ubiquitinome analysis are presented as a heatmap and volcano plots (log2-fold change and–log10 p value); (F). GO analysis and COG/KOG functional classification of proteins identified by ubiquitinome analysis; (G,H). The results of functional enrichment and KEGG enrichment analysis.
CENPF overexpression mediated protein deubiquitination in various immune pathways
To further analyze the proteins with significantly changed ubiquitination in this study, the proteins and sites were further divided into 4 parts from Q1 to Q4 according to the fold change in ubiquitination levels in CENPF-upregulated DLBCL cells. As shown in Figure 5A, there were 4204 sites in Part Q1 (folds <0.5, 69.1%), 1014 sites in Part Q2 (from 0.5 to 0.667, 16.6%), 321 sites in Part Q3 (from 1.5 to 2.0, 5.27%) and 548 sites in Part Q4 (>2.0, 9.0%). The results demonstrated that the level of ubiquitination at most sites was significantly decreased in DLBCL cells after CENPF overexpression. Then, the GO classification, KEGG pathway and protein domain enrichment analyses were performed according to the different parts from Q1 to Q4, and cluster analysis was performed to find the correlation of protein functions in different signaling pathways. As shown in Figure 5B, the significantly deubiquitinated proteins and sites were evidently enriched in many immune-related cellular processes and pathways, including natural killer cell-mediated cytotoxicity, the T-cell receptor signaling pathway and the B-cell receptor signaling pathway. Additionally, pathways such as apoptosis, cellular senescence and Toll-like receptor signaling pathways were also enriched in Part Q1.
[image: Figure 5]FIGURE 5 | Bioinformatics analysis and immune infiltration evaluation in DLBCL cells (A). The ubiquitination sites were divided into 4 parts according to the fold change in ubiquitination levels in CENPF-upregulated DLBCL cells: Part Q1 (fold change <0.5), Part Q2 (fold change from 0.5 to 0.667), Part Q3 (fold change from 1.5 to 2.0) and Part Q4 (fold change >2.0); (B). The results of KEGG pathway enrichment analysis of proteins identified by ubiquitinome; (C). The motif analysis of ubiquitination sites in this study; d-i. The role of CENPF in immune infiltration in DLBCL presented with CD4+ T cells, CD8+ T cells, B cells, NK cells and regulatory T cells verified using TIMER2.0.
Furthermore, the TIMER2.0 database was used to verify the role of CENPF in immune infiltration in DLBCL and showed that CENPF is related to CD4+ T cells, CD8+ T cells, B cells, NK cells and regulatory T cells. In DLBCL patients, CENPF expression was positively correlated with CD8+ T cells, NK cells and B lymphocytes but negatively correlated with regulatory T cells. Although not statistically significant, a negative correlation between CENPF expression and CD4+ T cells was observed.
DISCUSSION
DLBCL, one of the most common and aggressive types of B-cell lymphoma, is heterogeneous; although more than half of DLBCL patients can be cured with standard treatment, it remains incurable in 40%–45% of patients (Vitolo and Novo, 2021). R/R DLBCL remains a major cause of morbidity and mortality, but the mechanism is still unclear. In our study, we retrospectively collected lymphoma tissues from DLBCL patients with refractory or relapsed (R/R) disease and complete remission (CR) and found that in the two groups, CENPF expression was higher in the R/R patients by real-time PCR and immunohistochemical staining, which demonstrated that CENPF overexpression may be associated with poor outcome in DLBCL patients. CENPF has recently been investigated as a centromeric protein that is highly expressed in a variety of tumors, including DLBCL, and has been shown to be an important promoter and master regulator of tumors associated with poor prognosis. In terms of the mechanism, it has been found that CENPF plays a role in breast cancer through activation of the PI3K-AKT-mTORC1 pathway (Sun et al., 2019). In prostate cancer (PC), CENPF has been reported to be a critical regulator of PC metabolism (Shahid et al., 2019). Also, knockdown of CENPF can inhibit the progression of lung adenocarcinoma by suppressing the expression of ER2/5 of the ERβ2/5 pathway (Hexiao et al., 2021). However, the mechanism of how CENPF acts in DLBCL is not yet clear; thus, we performed quantitative proteomic profiling of the CENPF-upregulated DLBCL cell line (generated by adenoviral transfection) and found that the expression levels of various proteins in the DLBCL cell line were also markedly changed, and these proteins were mainly focused on cellular processes, biological regulation, immune system processes and transcriptional regulator activity by GO and KEGG analysis. Furthermore, it was interesting that the significantly increased proteins were mainly enriched with various ubiquitination-related enzymes, which was revealed by functional enrichment. This finding was consistent with previous findings that CENPF participates in ubiquitin-mediated proteolysis in cancer (Shi and Zhang, 2017; Zhang et al., 2021).
Ubiquitination (UB) is a protein posttranslational modification process that is strongly correlated with the development and prognosis of DLBCL. In ABC DLBCL, protein polyubiquitination has been considered to be a significant oncogenic signaling pathway based on the observation that inactivation of deubiquitinating enzyme (DUB) A20 and mutation of TRAF2 both result in activation of NF-κB (Compagno et al., 2009; Honma et al., 2009). In addition, protein modification with linear ubiquitin chains (LUBAC) plays a crucial role in the oncogenic activation of NF-κB in ABC DLBCL cells because LUBAC attaches linear polyubiquitin chains to IκB kinase-γ, an indispensable element for the function of NF-κB (Yang et al., 2014). Proteins of the F-box family act as specific subunits in the ubiquitin ligase complex of Skp1–Cul1–F-box-protein specificity (SCF), selectively guiding SCF to recognize target proteins and promote their enzymatic digestion after ubiquitination. FBXO10 and FBXO11 of the FBXO family were recently identified as important regulators of DLBCL. They both play a role in inhibiting DLBCL tumors. FBXO10 and FBXO11 bind to BCL2 and BCL6, respectively, resulting in their ubiquitination and promoting their degradation, thereby regulating the levels of BCL2 and BCL6 proteins in lymphoma cells (Duan et al., 2012; Chiorazzi et al., 2013). Additionally, in our study, the results showed that the proteins in DLBCL cells were markedly deubiquitinated after CENPF activation. Therefore, the protein ubiquitination system has been shown to be closely related to the development of DLBCL, and it is expected to become a therapeutic target for malignant lymphoma, but we need further research on how to target this mechanism with small molecules.
Studies have found that the degree of infiltration of immune cells influences OS in DLBCL patients, indicating that immune cells are closely associated with the prognosis and treatment of DLBCL (Liang et al., 2021). The ubiquitinated modification pathway undoubtedly also plays an important role in the regulation of the immune system, and it has an effect on intrinsic immunity and adaptive immunity by regulating the function of different types of cells in the immune system, thereby affecting the occurrence and development of many major human diseases, such as autoimmune diseases, infectious diseases and malignant tumors (Gavali et al., 2021; Çetin et al., 2021). Meanwhile, we found that after the overexpression of CENPF, the proteins identified by quantitative proteomics in CENPF-upregulated DLBCL cells were mainly associated with transcription, signal transduction and posttranslational modification through COG/KOG functional analysis. The results of KEGG pathway analysis also demonstrated enrichment of immune-associated pathways, such as the B-cell receptor signaling pathway. CENPs, such as CENPA and CENPB, have been discovered to be immune autoantigens of systemic scleroderma (Nunes et al., 2018). In addition, studies have found that CENPF is positively associated with CD4+ memory T-cell phenotypic markers and negatively correlated with memory T-cell survival regulators in cutaneous melanoma (Li et al., 2022). Therefore, CENPF may be related to the activation of memory CD4+ T cells, and the increased expression level of CENPF contributes to immunosuppression by restraining the maintenance and homeostasis of memory CD4+ T cells (Li et al., 2022). In the peripheral blood of hepatocellular carcinoma patients, the expression of CENPF was upregulated and was found to be positively correlated with the percentage of CD8+ T cells and negatively correlated with the percentage of CD4+ T cells (Si et al., 2021). In our study, we found that high CENPF expression alters the levels of ubiquitinating enzymes, which were mainly enriched in immune regulation. This result was consistent with a previous finding that CENPF may be associated with immune regulation. We further found that CENPF expression was positively correlated with CD8+ T cells in DLBCL samples. Although not statistically significant, a negative trend of correlation between CENPF expression and CD4+ T cells was observed; we propose that the lack of statistical significance may be related to the small sample size and the lack of further phenotypic analysis. We also found that the expression of CENPF was positively correlated with NK cells and B lymphocytes and negatively correlated with regulatory T cells. Therefore, further studies are needed to determine whether CENPF expression affects immune cell infiltration and tumor escape.
In conclusion, we believe that the role of CENPF in relapsed refractory DLBCL is related to the prognosis of patients. Notably, high expression of CENPF causes alterations in the activity of multiple ubiquitinating enzymes, and these enzymes are mainly enriched in immune-related pathways. We found that CENPF was positively correlated with CD8+ T cells, NK cells and B lymphocytes in DLBCL, while it tended to be negatively correlated with CD4+ T cells, so we suggest that CENPF may induce immune dysregulation by mediating protein deubiquitination in multiple immune pathways. Meanwhile, the current study confirmed that immunomodulation plays an important role in the development of DLBCL, especially immunotherapy, such as CAT-T-cell therapy, which has improved the prognosis of patients. Therefore, CENPF may be a potential clinical prognostic marker for DLBCL and an effective therapeutic target, but further studies are needed to validate these findings and clarify the mechanisms involved.
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Immune-related gene signature associates with immune landscape and predicts prognosis accurately in patients with skin cutaneous melanoma
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Skin cutaneous melanoma (SKCM) is the skin cancer that causes the highest number of deaths worldwide. There is growing evidence that the tumour immune microenvironment is associated with cancer prognosis, however, there is little research on the role of immune status in melanoma prognosis. In this study, data on patients with Skin cutaneous melanoma were downloaded from the GEO, TCGA, and GTEx databases. Genes associated with the immune pathway were screened from published papers and lncRNAs associated with them were identified. We performed immune microenvironment and functional enrichment analyses. The analysis was followed by applying univariate/multivariate Cox regression algorithms to finally identify three lncRNAs associated with the immune pathway for the construction of prognostic prediction models (CXCL10, RXRG, and SCG2). This stepwise downscaling method, which finally screens out prognostic factors and key genes and then uses them to build a risk model, has excellent predictive power. According to analyses of the model’s reliability, it was able to differentiate the prognostic value and continued existence of Skin cutaneous melanoma patient populations more effectively. This study is an analysis of the immune pathway that leads lncRNAs in Skin cutaneous melanoma in an effort to open up new treatment avenues for Skin cutaneous melanoma.
Keywords: skin cutaneous melanoma, immune pathway, prognosis, bioinformatics, tumor environment
INTRODUCTION
Melanoma can occur in the skin, mucosa and ocular choroid, with SKCM accounting for 91% of cases (Dunn et al., 2016; Yang et al., 2016). The disease is closely associated with Sun exposure; it is partly associated with trauma, immune deficiency and viral infections (Carr et al., 2019). It has a low incidence, is prone to early metastasis and has a very high mortality rate. Analysis of global cancer statistics has shown a significant increase in the incidence and mortality of SKCM in recent years (Sung et al., 2021), which accounts for only 5% of all cutaneous malignancies but is willing to take responsibility for 75 percentage points of skin tumor-related deaths (Siegel et al., 2021). The incidence of SKCM is estimated to be about 1/10th that of Non-Melanoma Skin Cancer (NMSC), but its death toll is 8 times higher than that of NMSC (Liu-Smith et al., 2017), with approximately 55,000 deaths from SKCM worldwide each year (Lodde et al., 2020). Metastases, which are difficult to treat and have a poor prognosis, occur in approximately 20% of patients diagnosed with early SKCM. The 5-year survival rate for patients with metastatic SKCM is only 15%–20% (Keilholz et al., 2020; Patel et al., 2020). In order to diagnose and treat early, the search for novel SKCM biomarkers and the establishment of risk modelling are necessary to improve early diagnosis, predict prognosis and guide clinical treatment. There are more treatment options for SKCM, of which surgery is the primary treatment, but complete surgical resection is required as residual cancer cells are the main cause of tumour recurrence and metastasis (Testori et al., 2016; Wen et al., 2020). In addition the tumour microenvironment (TME) is thought to have a huge impact on the behaviour and characteristics of cancer. The TME consists of non-cellular components such as the extracellular matrix and signalling molecule types and non-tumour cell components such as epithelial cells, smooth muscle cells and immune cells in the tumour ecological niche, and Zhang’s study found that crosstalk between tumour and non-tumour cells played an active role in regulating cancer development and treatment response (Zhang et al., 2020). In recent years, with the development of targeted therapies and immunotherapy, some progress has been made in the treatment of malignant SKCM (Emens et al., 2017; Zaremba et al., 2020; Korn et al., 2021), such as immune checkpoint inhibitors (Herbst et al., 2019), peripatetic cell therapy and tumour vaccines (Qi et al., 2015), which have achieved better efficacy in clinical trials, bringing new hope for the treatment of SKCM patients, in which tumour-infiltrating immune cells are expected to be a new prognostic marker (Goeppert et al., 2013; Kirilovsky et al., 2016), While studies in zebrafish by Elena Gómez-Abenza et al. showed that SPINT1 can try to control changes in the cellular immune microenvironment (TME) of SKCM (Gómez-Abenza et al., 2019), Min Yan et al. (2021). Actually pointed to a unique role for T cells in SKCM based on single-cell sequencing results. As a result, the current study will look into changes in the immune response of SKCM patients.
Previous studies on the composition of immune cells have mostly been done by flow cytometry or immunohistochemistry. Flow cytometry requires the breakdown of tissue into single cell suspensions, which can lead to the loss of important samples, and has many steps and high operating conditions, all of which can affect the results of the analysis; immunohistochemistry is susceptible to factors such as antibody incubation time and antibody concentration.
The maturation of gene microarray and sequencing technologies has generated biological big data, which has enabled a further leap in the understanding of diseases from traditional pathology to the genetic level, facilitating the birth and development of precision medicine. In this study, based on the microarray data of SKCM and normal skin transcriptional gene expression profiles from TCGA, GTEx, and GEO databases, bioinformatics was applied to explore the differential gene expression characteristics in SKCM and provide ideas for clinical precision treatment.
In this study, we aimed to develop a transcriptomics-based approach to reveal the state of immune cell activation and predict survival outcomes of SKCM patients. We collected three sets of transcriptional profiling data and corresponding clinical information from TCGA, GTEx, and GEO databases, explored the level of immune cell activation in melanoma by obtaining differential genes at the expression level, constructed a prognostic model for SKCM, and identified multiple differential genes associated with immune activation as potential biomarkers. In addition, we performed a comprehensive analysis of the risk model, including functional enrichment, immune activation, and immune infiltration. In short, our findings reveal a critical role for immune activation in melanoma, and we propose a convenient approach to help diagnose and predict survival outcomes in melanoma patients.
MATERIALS AND METHODS
Data collection
Gene expression data for SKCM were downloaded from the TCGA database (http://portal.gdc.cancer.gov/) for a total of 472 cases and 807 normal skin tissue samples. Clinical data of SKCM samples including age, sex, survival time, survival status, tumour stage and TNM stage were also downloaded. Two microarray datasets exploring the gene expression profile of human SKCM, GSE15605 and GSE46517, were obtained by searching the GEO (https://www.ncbi.nlm.nih.gov/geo/) database for “Skin Cutaneous Melanoma.” The microarray data for GSE15605 is based on the GPL570 platform and includes skin biopsies from 58 SKCM patients and 16 normal controls, while the microarray data for GSE46517 is based on the GPL96 platform and includes skin biopsies from 104 SKCM patients and eight normal controls. The immune pathway gene set was retrieved from previous relevant studies (Galon et al., 2013; Nirmal et al., 2018). The data were preprocessed as follows: the downloaded dataset was firstly, the probes corresponded to the genes, the null probes were removed and multiple probes corresponded to the same gene we then selected the median of them as the expression level of the gene.
Extraction of relevant differentially expressed genes (DEGs)
Integrate the TCGA-SKCM and GTEX SKIN datasets, remove batch effects from both sets of data using the COMBAT function, and then do differential analysis on tumour samples from TCGA-SKCM and normal samples from GTEX SKIN and datasets GSE15605 and GSE46517 using the R package edgeR; online analysis tool geo2r to screen for differential genes using the geo database (https://www.nvbi.nlm.nih.gov/geo/Geo2r/). The limma package in R (Smyth et al., 2005) was used to screen DEGs. A threshold of FDR <0.1 was set, and to visualize gene expression, all genes in the two datasets were plotted separately as volcano plots. For the three datasets, Venn Diagrams of two sets of differential genes were drawn according to the screening criteria using the software Draw Venn Diagram (http://bioinformatics.psb.ugent.be/webtools/Venn/) to screen from the three datasets for common DEGs and to draw in R visualised heat map.
Consensus clustering of subtypes based on DEGs in SKCM
Up-regulated gene molecules were analysed using the Consensus Cluster Plus package to identify SKCM subtypes (Gravendeel et al., 2009). NMF hierarchical clustering has been conducted on an adapted uniform dataset with k values ranging from 2 to 9, and the k value with the best cluster stability was chosen based on the clustering effect. Consensus matrices (CM) and CDF curves of consensus scores were used to determine the optimal number of clusters. The t-distributed stochastic neighbor embedding (t-SNE) method was used to validate the isoform assignment of mRNA expression information corresponding to immune-related genes (Zhou et al., 2018). Box plots and heat maps depicting the expression levels of these 16 genes in the two subtypes were used to investigate the differences in survival data between these two groups with survival curves.
Estimation of the immune microenvironment in two groups of melanomas
Gene expression data from 472 melanoma tissues were extracted from mRNA expression data, data corrected using the R software limma package, and the abundance of infiltrating immune cells in each sample was estimated by single sample gene set enrichment analysis (R package GSVA) (Zhang et al., 2021; Xu et al., 2022a) and the MCPcounter algorithm. M1 macrophages, M2 macrophages, M0 macrophages, follicular helper T lymphocytes, unactivated CD4+ memory T lymphocytes, activated CD4+ memory T lymphocytes, γδ T lymphocytes, CD8+ T lymphocytes, regulatory T lymphocytes, naive CD4+ T lymphocytes, unactivated natural killer cells, activated natural killer cells, unactivated mast cells, activated mast cells, resting dendritic cells, activated dendritic cells, neutrophils, eosinophils. Box plots showing trends in the abundance of different immune cell infiltrates between the two groups, based on a p < .05 screening sample.
Assessment of DEGs and functional enrichment in two groups of SKCM
On the two SKCM datasets, differential gene expression analysis was performed using the statistical software R4.1.3. Differentially expressed genes (DEGs) were identified using a p-value adj. p-value .05 as a screening condition and visualized as a heat map in R. The DAVID (Database for Annotation, Visualisation, and Integrated Discovery) database (https://david.ncifc.rf.gov/) was used to perform GO functional annotation and KEGG pathway analysis on the aforementioned common DEGs. The DAVID database combines biological data and analysis techniques to provide researchers with gene and protein annotation capabilities. GO is a bioinformatics tool that is used to analyze and annotate biological processes in genes. GO is divided into three parts: molecular function, biological processes, and cellular components. KEGG analysis allows one to analyze signaling pathways from large scale molecular datasets generated by high throughput experimental techniques, including multiple protein interactions and processes that together regulate cellular function and metabolic activity. For threshold screening, an adjusted p .05 is used, and the results are visualized using the R language ggplot2 package.
Multi-factor cox prognostic regression model
A multi-factor cox regression analysis was used to screen variables for significant prognosis, and a multi-factor cox regression analysis was built to model the risk of immunogenesis, with each patient receiving a risk score based on the discovered formula.
Statistical analysis
R was used for all statistical analyses. Cox regression analyses were carried out using the R packages survival and survminer for one-way and multi-way cox regression, with p-value .05 set as the prognostic significant variable.
RESULTS
Identification of DEGs in melanoma patients
After screening the inclusion conditions, DEGs were identified in SKCM and normal control skin using the GSE15605, GSE46517, and TCGA datasets. The same methods and thresholds were used to analyse the differences between tumour and normal samples from GSE15605 and tumour and normal samples from GSE46517, and to plot the volcanoes. The tumour samples from GSE15605 had 156 upregulated genes; 564 downregulated genes; and the tumour samples from GSE46517 had 1,634 upregulated genes; 1894 down-regulated genes. All genes in the three datasets are plotted as volcanoes (Figure 1A), with blue representing upregulation and red representing downregulation. To better understand the distribution of DEGs, a Venn diagram was plotted separately from the visualised heat map using the online software Draw Venn Diagram (Figures 1B,C).
[image: Figure 1]FIGURE 1 | DEG identification and analysis. (A)Volcano plot of DEGs in TCGA-SKCM, GSE15605, and GSE46517 datasets. (B) Venn diagram: Venn plots of DEGs in the TCGA-SKCM, GSE15605, and GSE46517 datasets, with the overlapped part representing the 16 common DEGs in the three data sets. (C) The 16 overlapping parts portray the DEGs that are shared by the three data sets.
Differentiation of two subtypes of cutaneous melanoma
Based on 16 overlap genes, 472 SKCM patients were classified into different subtypes (K = 2, 3, 4, 5, 6, 7, 8, and 9) using unsupervised consensus clustering analysis. Molecular typing was performed on the TCGA-SKCM samples to obtain the results shown in Figure 1. The best division (k = 2) was selected as the optimal number of clusters based on the CDF curve (Figures 2A,B), and two Immune-related Clusters were identified, including the IM-Hot Cluster and the IM-Cool Cluster. t-SNE was performed to reduce the dimensionality in order to verify the assignment of subtypes. The two-dimensional t-SNE distribution pattern was confirmed to be robustly consistent with the CDF curve (Figure 2C), a result that suggests that the two sets of samples have been successfully separated. Among the two Immune-related Clusters, the IM-Hot Cluster upregulated most of the immune-related genes and showed significant immunoreactivity, while the IM-Cool Cluster showed relatively low immunoreactivity (Figures 2D,E). We also explored the differences in survival information between the two groups; the survival curves showed a significant difference in overall survival between the two groups (p < .0001); with the IM-Cool group having a significantly worse prognosis; suggesting that the immune response in the IM-Hot group favoured the onset of anti-tumour activity and thus the patient’s prognosis, while the IM-Cool group was not as active due to the immune response or was suppressed by tumour cells. The IM-Cool group had a significantly worse prognosis because the immune response was not active or was suppressed by the tumour cells (Figure 2F).
[image: Figure 2]FIGURE 2 | Identification of immune-related SKCM subtypes in the TCGA cohort. (A) The heatmap depicts the consensus matrix at k = 2 in the TCGA group. (B)The cumulative distribution function (CDF) curves in consensus cluster analysis. Consensus scores for different subtype numbers (k = 2–9) are presented. (C)The stratification into three subtypes validated by t-SNE in TCGA cohorts. Each dot represents a single sample, and each color denotes a subtype. (D) Box figure:the 16 overlapped part represents the common DEGs in the two TCGA cohorts.(E) heatmap:the 16 overlapped part represents the common DEGs in the two TCGA cohorts.(F) Survival analysis of patients with the three diffuse glioma subtypes (IM-Hot and IM-Cool) in TCGA cohorts. The log-rank test was conducted to determine the significance of the differences.
Acquisition of immune pathway gene sets related to immune pathway gene
Given the significance of TME in tumour growth and treatment, we investigated it using a variety of immune assessment algorithms. First, GSVA enrichment analysis revealed that SKCM patients in the IM-Hot group have been strongly associated with the Activated B cell pathway, Activated CD4 T cells, Activated CD8 T cells, Eosinophil, Immature dendritic cell, Mast cell natural killer cell, Plasmacytoid dendritic cell, CD56bright natural killer cell, Macrophage, and other immune pathways and functions (Figure 3A). We then used the Mcpcounter (R package IOBR) algorithm to evaluate the differences in immune cell intrusion between the two groups, and the heatmap depicts the results. Compared to the IM-Cool Cluster, the IM-Hot Cluster had higher expression levels of T_cells, Cytotoxic_lymphocytes, B_lineage, NK_cells, Monocytic_lineage, Myeloid_dendritic_cells, and Neutrophils expression levels were significantly higher in the IM-Hot group than in the IM-Cool group (Figure 3B), consistent with the findings of the GSVA analysis The IM-Hot group’s strong immune response was affirmed. The CIBERSORT algorithm was then used to analyze the classes and ratios of the 30 immune cells. Violins were used to represent the relative proportions of the 30 immune cells in the IM-Cool Cluster and IM-Hot Cluster, and the results revealed significant differences in immune cell distribution according to the risk model. Furthermore, when compared to IM-Hot Cluster, we concluded that, with the exception of CD56dim natural killer cells, which did not vary statistical significant between both the two groups (p > .05), the remaining immune cells such as T-cells, B-lineage, cytotoxic-lymphocytes, and NK-cells showed high expression in the IM-Hot Cluster (p < .05) (Figures 3C,D). The results showed that immune cell infiltration was significantly richer in the IM-Hot group than in the IM-Cool group.
[image: Figure 3]FIGURE 3 | Immune characteristics of the two subtypes in TCGA cohort. (A,B) The heatmap showing the abundance of immune-cell populations calculated by GSVA and Mcpcounter in the two subtypes. (C,D) Box plots show trends in the abundance of different immune cell infiltrations between the two subtypes in TCGA cohort.
Differential analysis and functional enrichment analysis between the IM-Hot and IM-Cool groups
We performed differential analysis of the two melanoma subtypes to identify specific differentially expressed genes and signalling pathways. The genes were significantly differentially expressed when absolute |logFC| > 0 and FDR <0.1. (Figure 4A). We further performed GO functional enrichment analysis and KEGG pathway enrichment analysis for the up-regulated genes in the IM-Hot group and the IM-Cool group, respectively. As shown in the figure, the up-regulated DEG in the IM-Hot group compared to IM-Cool, GO BP was mainly enriched in peptide cross-linking, keratinocyte differentiation, epidermal cell differentiation, skin development, epidermis development, keratinization, cornification. KEGG: Nicotine addiction, Taste transduction, GABAergic synapse, Morphine addiction, Retrograde endocannabinoid signaling, Neuroactive ligand-receptor interaction (Figure 4B). IM-Hot group compared to the down-regulated DEG in the IM-Cool, GO BP was mainly enriched in T cell activation, regulation of lymphocyte activation, lymphocyte differentiation, regulation of T cell activation, leukocyte cell-cell adhesion, regulation of leukocyte cell-cell adhesion, T cell differentiation, positive regulation of leukocyte cell-cell adhesion. KEGG: Cytokine−cytokine receptor interaction, Chemokine signaling pathway, Viral protein interaction with cytokine and cytokine receptor, Hematopoietic cell lineage, Cell adhesion molecules, T cell receptor signaling pathway, Natural killer cell mediated cytotoxicity, Th17 cell differentiation, Primary immunodeficiency, Intestinal immune network for IgA production (Figure 4C).
[image: Figure 4]FIGURE 4 | GO and KEGG analysis results of genes. (A) The heatmap showing the DEGs in the two subtype TCGA cohorts. (B) Up-regulated genes in the IM-Hot group GO function enrich-ment results, and KEGG pathway enrichment results. (C) Up-regulated genes in the IM-Cool group GO function enrichment results, and KEGG pathway enrichment results.
Construction of a risk model for copper immunoreactivity-related genes in cutaneous melanoma
Although the results of this study can predict the prognosis of SKCM patients, these studies are based on patient populations and therefore cannot accurately predict the immune activation status of individual patients. Therefore, we constructed a prognostic model for SKCM by basing it on the expression levels of immune activation-related genes.
Univariate Cox regression combined with multifactorial cox regression was used to analyse 16 genes (Figures 5A,B), and three genes (CXCL10, RXRG, SCG2) were finally screened. Based on the expression of these three genes and their corresponding regression coefficients, Risk score = 0.924583*exp (RXRG) + 0.885278*exp (SCG2) − 0.155031*exp (CXCL10).
[image: Figure 5]FIGURE 5 | Regression analysis. (A) Forest plots depicting the univariate Cox regression analysis. (B)multivariate Cox regression analysis.
SKCM patients were divided into high-risk and low-risk groups based on the critical value of the median risk score (Figure 6A). k-M survival analysis showed that the prognosis of SKCM patients was significantly correlated with the risk score, and the survival curves demonstrated a significant difference in overall survival between the two groups (p < .0001, R package survivor (Figure 6B); survminer); with the high-risk group having a significantly worse prognosis. The ROC curve was used to assess the accuracy of the prediction model. The area under the ROC curve at 1, 3, and 5 years was 0.6447, 0.6932, and 6,864 respectively, indicating that the risk score can be used to reliably predict the prognosis of patients with SKCM (Figure 6C).
[image: Figure 6]FIGURE 6 | Prognostic value of the proposed subtyping for SK CM. (A) Risk Score, and expression of 3-gene in TCGA training set. (B) KM survival curve distribution of 8-gene signature in training set. (C) ROC curve of 3-gene signature classification and AUC.
DISCUSSION
Despite significant progress in SKCM security check, diagnosis, and therapeutic interventions, the prognosis of advanced malignant SKCM remains poor (Zhao et al., 2019). Given that the lack of quick and efficient diagnostic tools and early metastases characteristics is the primary cause of this poor prognosis and mortality rates, we decided to use bioinformatics analysis to find effective biomarkers for early diagnosis.
Changes inside the cellular immune microenvironment (TME) have been discovered to play a critical role in regulating the progression of various cancers and can affect the prognosis of SKCM in recent years. In yang’s study, lower immune cell activity was linked to a worse prognosis in SKCM (Yang et al., 2022). Furthermore, Su’s research demonstrated that increased immune activity can successfully inhibit tumor progression (Su et al., 2022) and is an extremely promising cancer strategy for treating. Meanwhile, a growing number of studies have revealed that the immune cell transcriptome is important in the biology of SKCM as a starting to emerge molecular and genetic biomarker (Wang et al., 2020). There have been no studies on the link between immune signalling pathway genes and the prognosis of SKCM. We decided to investigate how immune activation-related genetic traits regulate the immunologic process and thus influence tumour growth and patient prognosis in SKCM based on the scientific backstory described above.
Bioinformatic analyses were performed on normal skin samples and SKCM samples based on the datasets GSE15605, GSE46517, TCGA, and GTEx databases. In this study, differential analysis of tumour samples from TCGA-SKCM and normal samples from GTEX SKIN; yielded 10,917 upregulated genes in tumour samples; 10,734 downregulated genes; 156 up-regulated genes in tumour samples from GSE15605; 564 downregulated genes; 1,634 upregulated genes in tumour samples from GSE46517.1894 downregulated genes; doing intersection of upregulated genes in tumor samples from the three data sets, 16 overlap genes were obtained, including CXCL13, BCL2A1, CXCL10, AIM2, SNX10, RXRG, IL12RB2, IRF4, SPP1, MIA SCG2, TFEC, C2, FCGR1B, TNFSF4, and S100A1, all of these 16 genes were upregulated in tumour samples in different datasets, indicating that these 16 genes are widely activated in tumours and significantly enriched for biological processes related to the immune response, suggesting activation of the immune response in SKCM tumours.
Consensus clustering (R package ConsensusClusterPlus) was done on TCGA-SKCM samples using 16 overlap genes to molecularly typify SKCM for tumours; all samples were divided into a total of two phenotypes. tSNE plots show that the two class curves are the flattest curves, indicating that class 2 is the optimal classification. tSNE plots show that the two phenotypes we divided phenotypes are clearly distinguishable in the low-dimensional space, indicating the robustness of the typing (R package Rtsne). The box plots show a consistent expression trend for most of the 16 genes in the two typologies, i.e. significantly higher in one group than in the other; we therefore named the two typologies Immune-Hot and Immune-Cool; IM-Hot significantly upregulates most of the immune-related genes, indicating activation of immune activity, while IM-Cool Cool; we explored differences in survival information between the two groups; survival curves showed significant differences in overall survival between the two groups (p < .0001, R package survivor; survminer); with the IM-Cool group having a significantly worse prognosis; suggesting that the immune response in the IM-Hot group favours anti-tumour activity, which in turn favoured patient prognosis; whereas the IM-Cool group had a worse patient prognosis due to an inactive immune response, or suppression by tumour cells.
Immune cell infiltration in both groups was assessed by both single sample enrichment analysis (R package GSVA) as well as Mcpcounter (R package IOBR); the heat map shows the trend of different immune cell infiltration abundance between the two groups; the results indicate that immune cell activity and infiltration abundance were significantly higher in the IM-Hot group than in the IM-Cool group; further confirming the high immune response in the IM-Hot group; further confirming the high immune response in the IM-Hot group. Box plots show the trend of different immune cell infiltration enrichment between the two groups; the results are consistent with the immune heat map for differential analysis, GO functional enrichment analysis and KEGG pathway enrichment analysis (R package clusterProfiler, adjust p-value < .05) between the IM-Hot and IM-Cool groups. Upregulated genes in the IM-Hot group were enriched in T cell immunity and immunochemokine-related pathways and functions, indicating extensive activation of T cell antitumour immunity in the IM-Hot group.
Finally, using univariate Cox, LASSO, and multivariate Cox regression analyses, three protective innate immune genes were identified to build a risk predictive model. This stepwise downscaling approach to ultimately screen out prognostic factors critical genes and then use them to build a risk model has been noted in many great articles and is reliable (Jiang et al., 2022). Subsequent studies have confirmed the risk model’s outstanding predictive power. In addition, we developed a precise trend line to better predict SKCM patients’ 1-, 3-, and 5-year survival rates. We were shocked to learn that all three immunologic activation genes (CXCL10, RXRG, and SCG2) have been linked to cancer progression. According to previous research, nanoparticle shipment of CXCL10 plasmids helps promote T cell incursion in tumors and synergizes with anti-PD1 immunoglobulin activity (Ma et al., 2022). Kawaguchi et al. (2022) discovered a significant rise in CXC motif chemokine ligand 10 (CXCL10) mRNA levels as well as CTL infiltration in tumors. Liu et al. (2022), showed that upregulation of Li et al. (2017) showed that CXCL10/CXCL11 levels significantly enhanced CD8+ TIL recruitment in tumour tissue. High concentrations of CXCL10 were deposited in HCM identified by antibody arrays, which may help to predict clinical outcome in HCC patients. In addition, Schulten et al. (2015) showed that RXRG was significantly upregulated in follicular FVPTCs of papillary thyroid carcinoma. Smetannikova et al. (2019) reported that results of differential expression in DNA samples from lung cancer versus normal lung tissue showed that RXRG had high sensitivity and specificity and possessed good diagnostic potential. This is consistent with our findings, indicating that RXRG is essential in the advancement of SKCM. Notably, SCG2 has been implicated in the progression of colon cancer and straightforward cell carcinoma of the kidneys. Wang et al. (2022) proved that SCG2 is a significant predictor forecaster of colorectal cancer using several functional assays (CRC). In CRC patients, high SCG2 utterance was associated with poor survival and advanced clinical stage. SCG2 may start regulating numerous cancer and immune-related pathways in CRC, influencing tumor immunity by trying to regulate immune cell infiltration and monocyte polarization. SCG2 was identified as a particular antigen for straightforward cell renal cell carcinoma (ccRCC) and not only was associated with a poor prognosis but was also strongly associated with immune cells and immune roadblocks, according to Xu’s research (Xu et al., 2022b). Roudi et al. evaluated the genomic expression profile of D10 melanoma cells. In CD133 (+) D10 cells, many genes related to tumor aggressiveness were upregulated, including some of the genes in this study (Roudi et al., 2015). Our results suggest that CXCL10 may play a protective factor in lowering the risk of SKCM and trying to improve prognosis, while RXRG, SCG2 was affiliated with a poor prognosis in SKCM, a trying to find in line with previous reports of similar research, with resulting methods to be investigated further. We discovered that the lymphocytes and immunity in the IM-Hot group were greater than the intrusion status in the IM-Hot group, and the diagnosis was better. It is recommended that the greater standard of immune penetration may be related to the better prognosis of patients in the low-risk group. These findings imply that the reporting tool we developed is heavily influenced by the immune landscape of the SKCM micro—environment. This also implies that immune cell descriptor and organ function activation could indeed influence tumor prognosis. More research is required to discover the molecular mechanisms underlying SKCM immunity.
This research investigated the prognostic role of immunological pathways in the prognosis of SKCM tumour cells. We built a model for predicting the prognosis of SKCM based on immune pathway genes and TCGA data from SKCM patients, which gives promise for SKCM therapy and diagnosis.
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High expression of KNL1 in prostate adenocarcinoma is associated with poor prognosis and immune infiltration
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Prostate adenocarcinoma (PRAD) is a common malignancy with increasing morbidity and mortality. Kinetochore scaffold 1 (KNL1) has been reported to be involved in tumor progression and prognosis in other tumors, but its role in PRAD has not been reported in detail. KNL1 expression analysis, clinicopathological parameters analysis, prognostic correlation analysis, molecular interaction network and functional abdominal muscle analysis and immune infiltration analysis by using multiple online databases and downloaded expression profile. The results suggest that KNL1 is highly expressed in PRAD, which is associated with worse prognosis in PRAD patients. KnL1-related genes are highly enriched in mitotic function, which is considered to be highly related to the development of cancer. Finally, KNL1 expression is associated with a variety of tumor infiltrating immune cells, especially Treg and Th2 cells. In conclusion, our findings provide preliminary evidence that KNL1 may be an independent prognostic predictor of PRAD and is associated with immune infiltration.
Keywords: prostate adenocarcinoma, Knl1, bioinformatics analysis, prognosis, immune infiltration
1 INTRODUCTION
PRAD is the second most common cancer and the fifth most fatal malignancy in men worldwide (Hu et al., 2020). In China, with the aging of population and the improvement of living standards, the incidence and case fatality rate continue to increase. The 5-year survival rate of PRAD is approximately 70%–100%. However, for castration-resistant patients with distant metastases, the 5-year survival rate is only 30% (Carneiro et al., 2017). In spite of major advances in surgery, hormone deprivation therapy, and chemotherapy, the effectiveness of advanced PRAD remains limited (Lu et al., 2017; Winoker et al., 2018). Therefore, there is a need to identify additional novel diagnostic and prognostic targets for PRAD.
Tumor microenvironment (TME) is a dynamic and complex environment around tumor cells, which is composed of a variety of secreted cytokines and cells (Wang et al., 2022). Among them, the immune cells infiltrating into the tumor microenvironment are the key to play the role of tumor immunogenicity and affect the development and treatment of cancer (Hu et al., 2020). In recent years, immune-related therapies, especially acting on immune checkpoints such as programmed death-1 (PD-1)/PD-L1 and cytotoxic T-lymphocyte-associated protein 4 (CTLA-4), have led to breakthroughs in the treatment of a variety of malignancies (Abida et al., 2019; Cha et al., 2020). However, positive reactions are rarely observed in treated PRAD patients (Narayan et al., 2022). Hence identifying more immune targets or new immune mechanisms is necessary.
KNL1, also known as cancer susceptibility candidate 5 (CASC5), the protein encoded by this gene is an integral part of multiprotein assembly and is required for the generation of kinetochore/microtubule attachment and chromosome segregation (Caldas and DeLuca 2014). Thus, normal expression of KNL1 is beneficial for several aspects of mitotic progression. Previous literature has shown that dysfunctional kinetochore components can drive chromosomal instability and aneuploidy leading to tumor progression (Yuen et al., 2005; Shi et al., 2019). In recent years, the high expression of KNL1 in cancer and related cases of promoting the occurrence and development of cancers such as colon cancer (Bai et al., 2019), gastric cancer (Song et al., 2018) and lung cancer (Cui et al., 2020) have also been reported. However, it is unclear whether KNL1 in PRAD has potential function and is involved in immunity infiltration.
Here, we first identified the expression of KNL1 in PRAD, and investigated the correlation between KNL1 and clinical parameters and prognosis of PRAD. The biological function of KNL1 in PRAD was explored by mining its related genes, constructing the interaction network, and performing multi-angle functional enrichment analysis. Finally, this study revealed the relationship between KNL1 expression and tumor immune invasion.
2 MATERIALS AND METHODS
2.1 Download of public dataset
We downloaded gene expression profiles and clinical data from The Cancer Genome Atlas (TCGA) (https://cancergenome.nih.gov/) (Wang et al., 2016), including 499 tumor samples and 52 normal samples from PRAD patients.
2.2 Explore the differential expression of KNL1 in online databases
Tumor Immunity Estimation Resource (TIMER) (http://timer.cistrome.org/) database is used to identify KNL1 expression in multiple tumor types (Li et al., 2020). Then, the expression spectrum data of TCGA were used to analyze the difference in expression of paired and unpaired KNL1 samples. Correlations between KNL1 expression and PRAD molecular subtypes or immune subtypes were explored from the Tumor-Immune System Interactions Database (TISIDB) (http://cis.hku.hk/TISIDB/browse.php), which integrates multiple data types to assess tumor and immune system interactions (Ru et al., 2019). The Human Protein Atlas (HPA) website (https://www.proteinatlas.org/) was used to compare KNL1 expression in normal and tumor tissues at the protein level.
2.3 Cell lines and cell culture
Human normal prostate epithelial cell line RWPE-1 and human prostate cancer cell lines DU-145, 22RV1, PC-3, VCaP, and LNCaP were obtained from the Chinese Academy of Sciences Cell Bank (Shanghai, China). Cells were cultured in Dulbecco’s modified Eagle’s medium supplemented with 10% fetal bovine serum at 37 °C with 5% CO2.
2.4 RNA isolation and quantitative reverse Transcriptase-PCR assays
Total RNA from cells was extracted using TRIzol reagent (Life Technologies, CA, United States) following the manufacturer’s protocol. For quantitative real-time RT-PCR, cDNA synthesis was performed using 500 ng RNA per sample using RT reagent (TaKaRa, Dalian, China) according to the manufacturer’s instructions. qRT-PCR amplification was performed on a StepOnePlus real-time PCR system (Applied Biosystems, CA, United States), and data were analyzed using the 2−ΔΔCT method, with GAPDH RNA as an endogenous control. The primer sequences were as follows: KNL1, forward 5′-ACC​TCT​CTG​GAC​TTC​AGC​ACT​TAC​C-3′ and reverse 5′-TCT​GTA​TCA​AGA​TGT​GGA​CCT​GGA​G-3′; GAPDH, forward 5′-ATG​GTG​AAG​GTC​GGT​GTG​AA-3′ and reverse 5′-GAG​TGG​AGT​CAT​ACT​GGA​AC-3′.
2.5 Correlation analysis of KNL1 expression with clinical characteristics
The relationship between KNL1 expression and clinical situation was analyzed from eight aspects using TCGA expression profile and clinical information data. In addition, logistics regression based on KNL1 differential expression is performed.
2.6 Survival prognosis and diagnostic value analysis
The Kaplan–Meier plotter (Liu et al., 2018) and forest map were used to assess KNL1 expression and the prognosis of cancer. Univariate and multivariate Cox analyses were used to evaluate the value of KNL1 gene as a prognostic indicator. Furthermore, the receiver operating characteristic (ROC) curve is used to assess the diagnostic value of KNL1 in PRAD.
2.7 Interaction network building
GeneMANIA (https://genemania.org/) (Warde-Farley et al., 2010) and STRING (https://cn.string-db.org/) (Szklarczyk et al., 2021) websites were used to construct gene-gene and protein-protein interaction networks of KNL1 to display molecules co-expressed with KNL1, and to evaluate the functions of these genes. The correlation analysis of nine KNL1-related molecules was done using TCGA expression data.
2.8 DEGs between KNL1 high and low expression groups in PRAD
We investigated the differences between different KNL1 expression groups based on the median KNL1 expression level in PRAD. Volcanic figure threshold for | log2 fold - change (FC) | > 1.0, after the adjustment p values <.05. Heat maps of the threshold for | log2 fold - change (FC) | > 2.0, the adjusted p values <.01. Then, we performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of DEGs which are upregulation (Yu et al., 2012).
2.9 Correlation analysis between KNL1 and tumor-infiltrating immune cells
We assessed the correlation of KNL1 expression with the abundance of six tumor-infiltrating immune cells (TIICs) by TIMER, including B-cell, CD4+ T-cell, CD8+ T-cell, neutrophils cells, macrophages and dendritic cells (DC). At the same time, we also use this database investigated the correlation between KNL1 expression and different immune cell marker genes using the correlation module, and verified them again in the Gene Expression Profiling Interaction Analysis (GEPIA2) database (http://gepia2.cancer-pku.cn/) (Tang et al., 2019). Gene Set Enrichment Analysis (GSEA) enrichment of DEGs, and the immunologic signature gene sets were selected as datasets for GSEA analysis (Subramanian et al., 2005), which are derived from Molecular Signatures Database (MSigDB) (http://www.gsea-msigdb.org/gsea/msigdb/index.jsp) (Liberzon et al., 2015). The correlation of KNL1 with the markers of 24 tumor-infiltrating immune cells were estimated. Meanwhile, we performed an analysis of the difference in TIICs in 24 between the low and high KNL1 expression groups (Bindea et al., 2013). Both of the above use the single sample GSEA (ssGSEA) algorithm (Hänzelmann et al., 2013).
2.10 Statistical analysis
R software (version 3.6.3) was used to process the data and plot the images. The Spearman correlation coefficient reflects the degree of correlation among different genes. The R packages and associated code used have been consolidated as raw data for submission. A value of p < .05 was considered statistically significant in all analyses.
3 RESULTS
3.1 KNL1 expression in various types of human cancers
The TIMER database findings indicated that KNL1 gene is differentially expressed in a variety of cancers. And compared with normal tissues, the expression level in tumor tissues of PRAD patients was higher (p < .01) (Figure 1A Figure 2). Subsequently, we analyzed the expression profile data downloaded from TCGA-PRAD, and it could be seen that KNL1 gene was relatively highly expressed in tumor tissues, both in unpaired (p < .001) and paired (p < .001) samples analysis (Figures 1B,C). By investigating TISIDB, we found that KNL1 was expressed differently in different immune subtypes of PRAD (C1: wound healing, C2: IFN-gamma dominant, C3: inflammatory, C4: lymphocyte depleted) (Figure 1D), but its expression has no correlation with different molecular subtypes (Figure 1E). Then, immunohistochemical analysis of the HPA database showed that the KNL1 protein content was also increased in PRAD (Figure 1F). Furthermore, qRT-PCR assay showed that KNL1 was highly expressed in five prostate cancer cell lines compared with normal cells (Figure 1G).
[image: Figure 1]FIGURE 1 | KNL1 expression levels in human cancers. (A) KNL1 mRNA levels in different tumor types from TCGA database were determined by TIMER. (B) KNL1 is expressed at higher levels in PRAD than in non-cancerous adjacent tissues. (C) mRNA expression levels of DRP1 in matched PRAD and adjacent non-cancerous samples in the TCGA database were compared. (D) Correlations between KNL1 expression and molecular subtypes in PRAD. (E) Correlations between KNL1 expression and immune subtypes in PRAD. (F) KNL1 protein levels in normal prostate and PRAD were visualized using immunohistochemistry via HPA. (*p < .05, **p < .01, ***p < .001). (G) qRT-PCR analysis of KNL1 expression in normal human prostate cell line (RWPE-1) and five prostate cancer cell lines (DU-145, 22RV1, VCaP, PC-3, LNCaP). *p < .05, **p < .01, ***p < .001.
[image: Figure 2]FIGURE 2 | Associations between KNL1 expression and different clinical characteristics in PRAD. (A) Age; (B) PSA (ng/ml); (C) Gleason score; (D) T stage; (E) N grade; (F) M grade. (G) Primary therapy outcome; (H) Residual tumor (*p < .05, **p < .01, ***p < .001).
3.2 Relationship between KNL1 expression and clinicopathological parameters
Given the high expression of KNL1 gene in PRAD, we further explored the relationship between KNL1 expression and clinical case parameters of PRAD patients. As for the division of age groups, a number of studies have shown that in recent years, the morbidity and mortality of the age group over 60 have shown exponential growth, and the growth rate is much higher than that of the relatively young age group, so they are divided into two groups: ≤60 and >60 (Liu et al., 2019). At the same time, the positive critical value of 4.0 ng/ml with high sensitivity was selected for grouping based on important evidence such as the setting of The Prostate, Lung, Colorectal and Ovarian (PLCO) Cancer Screening Trial in the United States (Andriole et al., 2009; Lavallée et al., 2016). After sorting and analyzing the expression profile data and clinicopathological parameter files in TCGA-PRAD using R software, we observed the mRNA level of KNL1 was related to PSA (ng/ml), Gleason score, tumor size, regional lymph node metastasis. However, KNL1 expression was not correlated with age, distant metastasis, primary therapy outcome and residual tumor (Figure 2). Logistic regression indicated that the expression of KNL1 in T3 & T4 overtopped T2 (p < .001), positive lymph node metastasis is more than negative (p = .001), stable disease (SD) & progressive disease (PD) overtopped partial response (PR) & complete response (CR) (p < .001), PSA≥4 ng/ml overtopped PSA<4 ng/ml (p = .002), and high Gleason score (8&9&10) overtopped medium Gleason score (6&7) (p < .001). There was no difference in age (p = .194), distant metastasis (p = .590) and residual tumor (p = .062) (Table 1).
TABLE 1 | Association between KNL1 expression and clinicopathologic parameters by Logistic regression.
[image: Table 1]3.3 Prognostic potential of KNL1 expression in PRAD
To investigate the relationship between KNL1 expression and prognosis of PRAD patients, we conducted a comprehensive analysis of expression profile and survival data in TCGA-PRAD. Prognostic survival analysis showed that KNL1 expression was negatively correlated with overall survival (OS) (HR = 5.30, p = .043) and progress free interval (PFI) (HR = 2.29, p < .001) (Figures 3A,B). Receiver operating characteristic curve showed that KNL1 had a certain accuracy (AUC = .714) in predicting PRAD (Figure 3C). Finally, we illustrated the relationship between KNL1 expression and other clinicopathological parameters and OS using COX analysis. The univariate Cox analysis showed that distant metastasis (HR = 59.383, p < .001), Primary therapy outcome (HR = .130, p < .001), PSA level (HR10.479, p = .001), Gleason score (HR = 6.664, p = .019) and KNL1 expression (HR = 5.299, p = .043) were associated with OS. The multivariate analysis indicated that distant metastasis (HR = 63.927, p = .007) had independent prognostic value (Table 2). The forest map (Figure 3D) depicts the results of the univariate analysis.
[image: Figure 3]FIGURE 3 | Correlation between KNL1 and the prognosis. KNL1 expression was significantly negatively correlated with OS (A) and PFI (B) in TCGA. (C) Receiver operating characteristic (ROC) curve for KNL1 expression in PRAD. (D) Forest map of KNL1 expression and other clinicopathological parameters.
TABLE 2 | Univariate and multivariate Cox analysis of clinicopathological parameters and OS in patients with PRAD.
[image: Table 2]3.3.1 Construction of interaction network of KNL1 and KNL1-correlated genes
To explore the mechanism of KNL1 in PRAD, we constructed a gene-gene interaction network for KNL1 using the GeneMANIA database, and analyzed the functions of these genes. KNL1 is surrounded by 20 gene nodes, which represent genes significantly associated with KNL1 (Figure 4A). Subsequent functional analysis revealed that the genes encoded proteins associated with the following terms: kinetochore, chromosomal region, condensed chromosome, chromosome (centromeric region), condensed chromosome (centromeric region), chromosome segregation and nuclear chromosome segregation (Figure 4A). At the same time, the KNL1-related molecular network at the protein level was constructed using the STRING database. We show here the PPI network formed by the top 10 KNL1-related molecules, containing 11 nodes and 54 edges, with an average local clustering coefficient of .982 (Figure 4B). Taking the intersection of molecules contained in the above two networks, the following molecules can be obtained: NSL1, BUB1, DSN1, BUB1B, SPC25, NUF2, MIS12, NDC80, ZWINT. The correlation analysis between their expression and KNL1 expression in PRAD was performed using TCGA-PRAD expression profile (Figure 4C).
[image: Figure 4]FIGURE 4 | Co-expression genes of KNL1. (A) Network of the top 20 genes associated with KNL1 in GeneMANIA. (B) STRING. (C) Correlation analysis of KNL1 and its co-expressed genes.
3.4 Functional enrichment analyses of KNL1 and co-expressed genes
To further understand the role of KNL1 in PRAD, the expression profile data of TCGA-PRAD were collated and analyzed as follows. Firstly, the differential analysis between the high and low expression groups of KNL1 was carried out to obtain the differential genes related to KNL1. The volcano plot shows the case Based on the criteria |LogFC|>1 and p. adj<.05 (Figure 5A). Co-expression heat map shows the correlation of differential genes with KNL1 when the threshold is set to |LogFC|>2 and p. adj<.01 (Figure 5B). Subsequently, 338 up-regulated differential genes were included for GO and KEGG enrichment analysis. The top four enriched biological process (BP) terms were nuclear division, organelle fission, mitotic nuclear division, and chromosome segregation (Figure 5C). The following cellular component (CC) terms were significantly correlated with KNL1: spindle, chromosome (centromeric region), condensed chromosome, and condensed chromosome (centromeric region) (Figure 5C). Molecular function (MF) terms showed that KNL1 was significantly correlated with the microtubule motor activity, microtubule binding, motor activity, and tubulin binding (Figure 5C). In the KEGG analysis, these genes were significantly enriched in Cell cycle, Oocyte meiosis, Ascorbate and aldarate metabolism, Pentose and glucuronate interconversions, and Progesterone-mediated oocyte maturation (Figure 5D).
[image: Figure 5]FIGURE 5 | Screening and functional enrichment analysis of related genes. (A) Volcano plot for single-gene difference analysis (|LogFC|>1, p. adj<.05). (B) Correlation Heatmap for Single Gene Difference Analysis (|LogFC|>2, p. adj<.01). GO (C) and KEGG (D) analysis of 300 genes positively correlated with KNL1.
3.5 Relationship between KNL1 expression and TIICs
Through the analysis of the immune module of TIMER database, we found that KNL1 was positively correlated with the following six kind of TIICs: B-cell (r = .47, p = 5.25e-24), CD8 + T-cell (r = .481, p = 1.69e-25), CD4 + T-cell (r = .151, p = 2.17e-03), macrophages (r = .33, p = 5.40e-12), neutrophils (r = .42, p = 4.19e-19) and DC (r = .424, p = 1.50e-19) (Figure 6A). We then used the ssGSEA algorithm to infer the infiltration of immune cells 24 in TCGA-PRAD samples. The expression of 8 markers had positive correlations with KNL1 expression in PRAD: Th2 cells (r = .666, p < .001), T central memory (Tcm) (r = .497, p < .001), T helper cells (r = .441, p < .001), activated DC (aDC) (r = .282, p < .001), Macrophages (r = .205, p < .001), Treg (r = .152, p < .001), Eosinophils (r = .144, p = .001), T-cell (r = .105, p = .019) (Figure 6B). Meanwhile, NK cells (r = -.367, p < .001), Plasmacytoid DC (pDC) (r = -.332, p < .001), NK CD56bright cells (r = -.221, p < .001), Mast cells (r = -.207, p < .001), and cytotoxic cells (r = -.107, p = .017) expression was negatively associated with KNL1 expression in PRAD (Figure 6B). In addition, we compared the differences of 28 TIICs between KNL1 high expression group and KNL1 low expression group. The result indicated that the high-expression group had more aDC (p < .001), Eosinophils (p < .05), Macrophages (p < .001), Tcm (p < .001), T helper cells (p < .001), Th2 cells (p < .001) and Tregs (p < .001) (Figure 6D). Moreover, we performed immune-related GSEA analysis using the differential genes between the two groups, and the results showed that the top five gene sets were associated with B-cell, CD8 + T-cell, and Tregs (Figure 6C).
[image: Figure 6]FIGURE 6 | Correlation between KNL1 expression and TIICs. (A) Correlation between KNL1 expression and six types of immune cells in the TIMER database. (B) Lollipop graphs of correlation between KNL1 and biomarkers of 24 immune cells. (C) The distribution of 24 subtypes of immune cells in low and high KNL1 expression group. (D) GSEA analysis of differential genes in immune-related datasets by single-gene analysis. (Ns: no significance; *p < .05; **p < .01; ***p < .001).
3.6 Correlation between KNL1 expression and TIICs marker gene
The correlation between KNL1 expression and TIICs marker genes was studied by TIMER. After purity adjustment, KNL1 was positively correlated with marker genes of all T-cell (general), monocyte, TAM, M1 macrophages, M2 macrophages, dendritic cells, Th1 cells, T follicular helper (Tfh) cells and Treg cells. KNL1 expression was positively correlated with some marker genes of CD8 + T-cell, B-cell, neutrophil, NK cells, Th2 cells, Th17 cells, and T-cell exhaustion (Table 3). The correlation between some TIICs marker genes and KNL1 expression was explored by using GEPIA2 database. In tumor tissues, KNL1 was positively correlated with the marker genes of TAM, M2 macrophages and Tregs (Table 4).
TABLE 3 | Correlation analysis between KNL1 and gene markers of immune cells in TIMER.
[image: Table 3]TABLE 4 | Correlation analysis between KNL1 and gene markers of immune cells in GEPIA2.
[image: Table 4]4 DISCUSSION
PRAD is a complex but common malignancy that causes about 1.3 million new cases and 360,000 deaths worldwide each year. It has become one of the most common urogenital malignancies in elderly Chinese men (Li et al., 2021). KNL1 is an important regulatory gene in mitosis (Krenn et al., 2012). It integrates the functions of various mitotic regulators, including BUB1 and BUBR1, and is the Kinetochore component required for the spindle assembly checkpoint (SAC), which protects the correct segregation of chromosomes during mitosis. Defects in KNL1 function have been associated with genomic instability, leukemia, microcephaly, and neurological disorders (Shi et al., 2019). Previous literature has pointed out that almost all solid tumors exhibit genomic instability at the chromosomal level. Strong experimental evidence supports that chromosomal instability phenotypes occur early in cancer development and represent an important step in tumor progression (Shih et al., 2001). Recent reports suggest that the long-term proliferation of aneuploid cancer cells is threatened by SAC inhibition (Cohen-Sharir et al., 2021). Jennifer G. put forward that KNL1 may be a platform for SAC-activation and SAC-silencing proteins (Caldas and DeLuca 2014). In recent years, more and more studies have shown that KNL1 dysregulation may lead to the progression of colorectal cancer (Bai et al., 2019) and gastric cancer (Song et al., 2018). Down-regulation of KNL1 can inhibit the growth and induce cell death of cervical cancer and breast cancer cells (Urata et al., 2015). Therefore, KN1L is indeed linked to a variety of solid tumors. However, no relevant studies have been found on KNL1 in PRAD, and whether KNL1 is related to immune infiltration in PRAD is still unclear.
Through database mining, this study found that KNL1 was highly expressed in PRAD tissues compared with normal tissues. This was confirmed by our qPCR assay. Clinical correlation analysis showed that KNL1 expression was associated with PSA level, Gleason score, tumor size, regional lymph node metastasis. However, no difference was observed in age, distant metastasis, primary therapy outcome and residual tumor, which may be attributed to the lack of a large number of clinical data. In addition, multivariate regression analysis showed that there was a causal relationship between distant metastasis and prognosis to some extent, but there was no difference in correlation analysis, which we believed was related to incomplete clinical data and large differences in sample size between groups. If more clinical data can be added, more stable results may be obtained. Prognostic analysis showed that high expression of KNL1 was associated with poor prognosis. These implications suggest that high KNL1 expression is associated with PRAD progression and may be a potential independent predictor.
The gene network construction and functional enrichment analysis showed that the expression of KNL1 and its related genes is highly correlated with mitosis and cell cycle, and they are highly enriched in kinetochore, chromosomal region, chromosome segregation and other biological functions. At the same time, we can see, in the database identified molecules that are associated with KNL1 height mostly for SAC related gene (BUB1 BUB1R, SPC25, MIS12, NDC80, ZWINT), The highly related genes co-up-regulated with KNL1 in PRAD samples (KIF14, ASPM, CKAP2L) are also involved in spindle assembly regulation and microtubule formation, and their high expression has been reported to be associated with the occurrence and development of a variety of cancers (Pai et al., 2019; Yang et al., 2019; Monteverde et al., 2021). As mentioned above, the function of SAC is closely related to the occurrence and development of solid tumors. The results further indicated that KNL1 played an important role in the development of PRAD. Interestingly, these KNL1-related molecules (e.g., BUB1, ASPM, TOP2A) have been implicated in immune infiltration in papillary renal cell carcinoma in another report (Deng et al., 2021).
At present, the main analysis of TIICs in tumors usually focuses on T-cell, especially the related studies of CTLA-4 inhibitors and PD-1/PD-L1 inhibitors (Rowshanravan et al., 2018; Rotte 2019). At the same time, more and more researchers have paid attention to the role of B-cell and tertiary lymphoid structures in immunotherapy (Cabrita et al., 2020; Helmink et al., 2020; Fridman et al., 2022). GSEA analysis in this study showed that the gene groups co-upregulated with KNL1 were mainly enriched in CD8+T-cell, B-cell and Tregs. Our exploration of TIMER database suggests that KNL1 expression is well correlated with a variety of TIICs and markers, especially in TAM, M2 macrophages and Tregs. In addition, the GEPIA2 database analysis was used to compare KNL1 in PRAD with normal tissues and TIICs. It can be seen that the correlation between M2 macrophages and Tregs and KNL1 in tumor tissues is stronger than that in normal tissues. It is worth mentioning that the increased infiltration of these immune cells (such as Treg, Th2 cells, M2 Macrophage) may produce a worse prognosis (Ruffell et al., 2010; Mehla and Singh 2019; Tanaka and Sakaguchi 2019; Protti and De Monte 2020; Amoozgar et al., 2021). Our group analysis results exactly showed that higher expression of KNL1 brought more Th2 and Treg infiltration, and at the same time, NK cell and other anti-tumor components showed a lower enrichment level. Our findings suggest that KNL1 does have a certain effect on the immune infiltration of PRAD, and more basic experiments may better prove this view.
Although this study has improved our understanding of the correlation between KNL1 and PRAD, at the same time, there are some limitations. First of all, we mainly conducted the analysis through bioinformatics methods, and more experiments are needed to explore and verify the molecular mechanisms and biological functions related to KNL1. Secondly, both K-M plotter and ROC curve performed well in the prognostic analysis, but no good difference was observed in univariate and multivariate regression, which was attributed to the lack of a large amount of data. Therefore, we should establish our own clinical case database to expand the sample size.
5 CONCLUSION
In conclusion, the expression of KNL1 in PRAD is up-regulated, which is significantly correlated with the clinical characteristics of PRAD patients and predicts poor prognosis. This gene can be considered as an early diagnostic and independent prognostic indicator for PRAD patients. In addition, our analysis demonstrated a significant correlation between KNL1 expression and the degree of immune cell infiltration. Therefore, KNL1 may play a potentially important role in immunotherapy.
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The clinical and molecular phenotypes of prostate cancer (PCa) exhibit substantial heterogeneity, ranging from indolent to metastatic disease. In this study, we aimed to identify PCa subtypes and construct a gene signature that can predict the recurrence-free survival (RFS) of PCa patients based on chromatin regulators genes (CRGs). Strikingly, we identified two heterogeneous subtypes with distinct clinical and molecular characteristics. Furthermore, by performing differential analysis between the two CRGs subtypes, we successfully constructed a gene signature to predict PCa prognosis. The signature, comprising four genes (MXD3, SSTR1, AMH and PPFIA2), was utilized to classify PCa patients into two risk groups; the high-risk group was characterized by poor prognosis and more aggressive clinical features. Moreover, we investigated the immune profile, mutation landscape and molecular pathways in each of the groups. Additionally, drug-susceptibility testing was performed to explore sensitive drugs for high-risk patients. Furthermore, we found that MXD3 downregulation suppressed the proliferation of PCa cell lines in vitro. Overall, our results highlight the signature based on CRGs as a powerful tool for predicting RFS of PCa patients, as well as an indicator for personalized treatment of those patients.
Keywords: prostate cancer, chromatin regulators, MXD3, prognostic model, molecular subtypes
INTRODUCTION
Prostate cancer (PCa) is among the leading causes of cancer-related death in men, with approximately 350,000 deaths annually (Sung et al., 2021). Patients with localized disease at a low to intermediate risk of recurrence generally have a favorable outcome of 99% 10-year overall survival if the disease is detected and treated at an early stage (Rebello et al., 2021). However, patients with metastatic androgen-independent prostate cancer (mCRPC) have progressive and morbid disease with a median survival of 10–12 months (Attard et al., 2016). Therefore, considering the substantial prognostic differences, there is a need to develop biomarkers with the potential to improve prognostic classification of PCa. The pathogenesis, tumor outcomes, and pathological types of PCa are strongly correlated with gene mutations and epigenetic changes, along with factors such as age, ethnicity and family history (Sinha et al., 2019; Ge et al., 2020; Li et al., 2020). Importantly, nearly half of the interindividual variation in PCa risk can be attributed to genetic factors (Mucci et al., 2016). For instance, men with a germline mutation in BRCA2 or HOXB13 have an approximately eightfold to ninefold higher and approximately threefold higher risk, respectively, of developing PCa than men without a mutation (Kote-Jarai et al., 2011; Karlsson et al., 2014; Kote-Jarai et al., 2015; Merseburger et al., 2021). Additionally, MYC is almost ubiquitously expressed at each stage of tumor development; it can be upregulated through direct transcriptional targeting by many other genes, thereby driving proliferation and therapeutic resistance (Hubbard et al., 2016). Furthermore, epigenetic alterations play important roles in promoting PCa. One study showed that 22% of mCRPC patients exhibited a novel epigenomic subtype associated with hypermethylation and somatic mutations in TET2, DNMT3B, IDH1, and BRAF (Zhao et al., 2020). Clinical and preclinical studies have revealed epigenetic alterations (DNA methylation, histone modification, and chromatin remodeling) that may be useful in distinguishing among aggressive types of prostate tumors (Kumaraswamy et al., 2021).
Chromatin regulator (CRs) are clusters of regulatory elements with distinct functions that are strongly related to genetic changes and epigenetic alterations (Keung et al., 2014; Lu et al., 2018). Chromatin regulators are indispensable upstream regulatory factors of epigenetics that modify chromatin in unique combinatorial, spatial, and temporal patterns (Keung et al., 2014). Altered epigenetic regulation of genomic activity is important in tumorigenesis, and multiple CRs exhibit dysregulated gene expression patterns across cancer types. Furthermore, high-resolution genome-sequencing efforts have discovered numerous mutations in genes encoding epigenetic regulators that have roles as “writers”, “readers”, ‘“editors” of CRs which act as DNA methylator and/or chromatin states (Plass et al., 2013; Lu et al., 2018). Lei Gu et al. found that overexpression of the gene encoding BAZ2A (TIP5) is involved in PCa-related epigenetic alterations that lead to disease recurrence (Gu et al., 2015). Mutations in epigenetic pathways highlight the importance of links between gene defects and epigenetic changes. Although there remains limited integration of cancer epigenetic profiles with cancer genetic profiles, a CR-based signature may be useful in forecasting the clinical prognosis of PCa patients.
In this study, we screened chromatin regulator (CRs) related to PCa prognosis through differential analysis and Cox analysis. On the basis of consistent clustering findings, we identified stable molecular subtypes with different prognostic and pathological characteristics. Furthermore, we used differential analysis to develop a prognostic signature based on CRs subtypes. Our findings highlight recurrence-free survival (RFS) stratification, somatic mutations, immune cell infiltration, nomogram construction and potential drug prediction according to risk characteristics. Finally, we selected the hub gene MXD3 for further validation in vitro.
MATERIALS AND METHODS
Patient gene profile and clinical information data collection
This study enrolled two independent PCa cohorts. Firstly, Gene expression (RNA-seq) transcriptome (raw counts and transcripts per million reads (TPM)) and sample clinical profiles were downloaded from The Cancer Genome Atlas (TCGA) database (2022.5.1) (https://portal.gdc.cancer.gov/). Certain clinical characteristics, such as Gleason score, which were not accessible in the Genomic Data Commons (GDC) data portal were curated from UCSC XENA (https://xenabrowser.net/datapages/). In total, 491 patients were incorporated into this study. GSE70770 cohort, including 203 PCa patients with microarray expression profile and matched clinicopathological information were curated from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/gds/). The baseline characteristics of patients in the two cohorts are shown in Supplementary Table S1. Chromatin regulators (CRs) were summarized from the previous literature (Lu et al., 2018).
Differential expression analysis and functional enrichment analysis
We performed DESeq2 algorithm using DESeq2 R package (R v1.36.0) to explore differentially expressed genes between the normal prostate and tumor part. LfcShrink and “ashr” method was used to generate more accurate estimates (Love et al., 2014). Differential expressed chromatin regulator genes (DE-CRGs) were a
cquired by comparing normal and tumor part in TCGA and filter criteria was |Log2Foldchange| greater than 1.2 and FDR lower than 0.05. “ClusterProfiler” R package (R v4.4.4) was applied to perform Gene Oncology (GO) functional enrichment analysis (Yu et al., 2012). Furthermore, we visualized co-expression potential using the R package corrplot (R v4.1.2), to easily present co-expression and anti-correlation between genes.
CHROMATIN REGULATORS GENES-BASED CLUSTERING
We firstly identified DE-CRGs associated with recurrence-free survival (RFS) by performing univariate Cox regression analysis (p < 0.05). And the heatmap was further used to present the correlation between these genes, which was assessed by chi-square test. Then “ConsensusClusterPlus” R package (R v1.54.0) was utilized to perform cluster analysis to identify CRs-related subtypes (Wilkerson and Hayes, 2010). For verification of the distinct classification between Cluster 1 and Cluster2, we conducted principal component analysis (PCA) using “prcomp” function in R (v4.0.4). We performed 1,000 times repetitions to determine the stability of this classification. Kaplan-Meier (K-M) analysis was further used to compare the clinical outcome between the two clusters.
Clinical and immune scores specific for the CRs-related subtype
Besides, chi-square test was also utilized to assess clinicopathological characteristics distribution between two CRs-related subtypes. Next, we obtained ten oncogenic pathways which are somatically altered in varying cancers. And ssGSEA algorithm was performed to explore the distinct of the ten oncogenic pathways between two CRs-related subtypes (Sanchez-Vega et al., 2018). Moreover, the somatic mutation transcriptome of PCa patients was downloaded from the TCGA database. We analyzed the somatic mutation data by using the “maftools” R package (Mayakonda et al., 2018). We further applied a metagene approach utilized previously for immune cell subpopulations for PRAD tumor microenvironment evaluation (Bindea et al., 2013). The gene set variation analysis (GSVA) method was used to estimate the relative infiltration score of immune cells (Hänzelmann et al., 2013). Furthermore, immune profile differences between two subgroups were assessed by Wilcoxon test.
Signature development and validation based on CRs-related subtype
Firstly, the differentially expressed genes (DEGs) between two subtypes were obtained by using the R package “limma” (R v3.52.2) (Foldchange> 1.5 and FDR <0.05) (Ritchie et al., 2015). Then we intersected these DEGs with differentially expressed genes between the normal prostate and tumor part in TCGA database for subsequent analysis. We then used univariate Cox regression analysis to identify genes correlated with RFS in the training cohort (p < 0.05). The least absolute shrinkage and selection operator (LASSO) algorithm was applied to remove the overfitting between the prognosis-associated genes and reduce the scope of the prognosis-associated genes with penalty parameter tuning conducted via 10−fold cross−validation according to the R package “glmnet”. Next, the genes curated from LASSO regression analysis were incorporated in the multivariate Cox regression analysis. The signature risk score was calculated according to the average expression of each gene and matched regression coefficients generated from multivariate Cox regression analysis. The risk score formula was calculated as follows:
Risk score = betagene1× exprgene1+ betagene2×exprgene2+ betagenen × exprgene.
Then the patients were clustered into high- and low-risk groups based on the median risk score. In addition to the Kaplan–Meier survival curves, we also applied the time-dependent receiver operational feature curves (ROC) generated by the R packages “suvminer” and “survival ROC” to evaluate the performance of the signature risk score in predicting the RFS of PCa patient.
Construction of a nomogram including risk score and clinical characteristics
Independent prognostic factors and related clinical parameters were obtained from Cox stepwise regression analysis for constructing a prognostic nomogram to predict 1-, 2-, and 3-year RFS for PCa patients. Then we used Calibration curves of 1-, 2-, and 3-year to evaluate the reliability of this nomogram. Moreover, we also utilized the decision curve analysis (DCA) to compare the performance of clinical parameters and the nomogram model.
Comparison of clinical parameters, immune scores and TMB between different risk group
We exerted chi-square tests on the related clinical characteristics in different risk groups including T stage, Gleason score, and clinical outcome. CIBERSORT is an online tool for quantifying the infiltration abundance of 22 types of immune cells according to the basement of linear support vector regression (Chen et al., 2018). Aiming to estimate the immune cell function between the different risk groups, we used CIBERSORT to calculate the abundance of Tumor-infiltrating immune cells (TIICs) in PRAD. We further drew a comparison in the abundance of tumor infiltrating immune cells between the high- and low-risk groups by Wilcoxon test. Besides, the ESTIMATE algorithm was utilized to assess immune infiltration in PRAD patients (Li et al., 2017). Moreover, a Spearman correlation analysis between immune infiltrating cells and risk score or core genes constituting the risk score was performed. Additionally, we also performed chi-square test analysis to explore the TMB differences in the HR and LR subtype.
Distinct molecular characteristics between high-risk group and low-risk group
To explore the differences of molecular characteristics between the CRGs subgroups, we performed the gene set enrichment analysis (GSEA) based on the “ClusterProfiler” R package. GSVA enrichment analysis was also carried out to compare the transcriptomic remodeling using GSVA R package (R v1.44.2). “Limma” package was also utilized to nominate the distinct molecular pathways between the two subgroups (p < 0.05 was considered significant). Besides, we used “pRRophetic” R package to explore the therapeutic sensitivity and the concentration inducing 50% reduction growth (IC50) of targeted inhibitors. Then we performed Wilcoxon test to compare the IC50 difference between the two subgroups.
Cell culture
The human Pca cell lines PC3 and C4-2 were purchased from the American Type Culture Collection (Manassas, United States) and cultured in RPMI-1640 medium (Corning, Inc., Corning, NY, United States) containing 10% fetal bovine serum (GIBCO) and 1% penicillin/streptomycin (GIBCO). All cells were grown at 37 °C in a 5% CO2 humidified incubator.
Plasmids and lentivirus infection
Short hairpin RNA (shRNA) expression sequences are documented in Additional file: Table S3. Then these sequences were cloned into the pLKO.1 vector. And plasmids were transfected into HEK293FT cells utilizing PEI 25K (23966–1; Polysciences, Warrington, PA, United States) based on the manufacturer’s instructions. PC3 and C4-2 cells were transduced with lentivirus, and stable transformants were selected with puromycin (5 μg/ml) for 7 days.
Real-time PCR analysis
RNA was isolated using TRIzol reagent (Invitrogen) in accordance with the manufacturer’s instructions. Then 1 ug of total RNA was reverse transcribed into cDNA using a PrimeScript™ first Strand cDNA Synthesis Kit (6110A; TaKaRa). qRT-PCR was conducted using TB Green Premix ExTaq (Tli RNaseH Plus) (RR420; TaKaRa) on the ABI7500 System (Applied Bio Systems, Foster City, CA, United States). Then we used 2 − ΔΔCt method to calculate the relative expression levels of genes. GAPDH was considered as an internal control for RT-PCR. Primers used to amplify genes of interest were listed in Additional file Table S3.
Cell growth and colony formation assay
Cell growth was detected by Cell Counting Kit-8 (CK04; Dojindo, Kumamoto, Japan) at indicated time points according to the manufacturer’s instructions. The cells were cultured in 96-well plates (1000 cells per well) for 6 days. Ten μL CCK8 reagent was added to 100 μl complete medium in each well and then cultured at 37 °C for 3 h. Then the absorbance values were assessed using a microplate reader (Tecan, Mechelen, Belgium) at 450 nm (A450). Colony formation assay was conducted by seeding 1000 cells in complete medium for 10–12 days depending on colony size. Then the cells were fixed using methanol for 10 min and stained using 0.5% crystal violet for 1 h. Images were captured following wash of PBS.
Statistical analysis
Statistical analysis in this study was performed using R software v4.0.4 and Prism software, version 8 (GraphPad Software, San Diego, CA, United States). p values less than 0.05 were thought to be statistically significant.
RESULTS
Identification of differentially expressed CRs-Related genes and biological function analysis
The main analysis workflow is presented in Figure 1. Firstly, we identified differentially expressed genes (DEGs), including 2001 upregulated genes and 1928 downregulated genes by performing differential analysis between prostate tumor and normal part acquired from The Cancer Genome Atlas (TCGA) dataset (Figure 2A). Subsequently, we obtained 36 differentially expressed CR-related genes based on the intersection of CR-related genes and DEGs in TCGA (Figure 2B). Gene Ontology enrichment analysis revealed that the above differentially expressed CR-related genes were mainly enriched in “histone modification” in the biological process category, “condensed chromosome” in the cellular component category and “hydrolase activity, acting on carbon nitrogen (but not peptide) bonds” in the molecular function (Figure 2C). Univariate Cox analysis suggested that 18 CR-related genes are significantly associated with recurrence-free survival (RFS) (Figure 2D). Furthermore, correlation analysis suggested that most genes were significantly associated with each other (Figure 2E).
[image: Figure 1]FIGURE 1 | The main analysis workflow.
[image: Figure 2]FIGURE 2 | (A) Volcano plot showing 2001 up-regulated and 1928 down-regulated genes in TCGA database (p < 0.05 and |log2FC| > 1.2) (B) Venn diagram used to identify the common CRGs and differentially expressed gene between normal prostate and tumor parts (C) The enriched pathways belonged to BP, CC, and MF in GO analysis for DE-CRGs (D) Forest plots presents there are 18 prognostics differentially expressed CRGs based on the univariate cox regression analysis. (E) The correlations between the prognostic differentially expressed CRGs.
Chromatin regulators genes-based clustering
For exploration of CRs-related genes heterogeneity in PCa, we applied consensus clustering analysis to construct CRs-related molecular clusters of Pca using a TCGA cohort. The results of the consensus package in R were used to identify two CRs-related subtypes (Figure 3A) (Wilkerson and Hayes, 2010). We conducted principal component analysis (PCA) using “prcomp” function in R (v4.0.4) to verify the distinct classification between Cluster 1 and Cluster2 (Supplementary Figure S1). The two subtypes showed distinct clinical outcomes. Kaplan–Meier (K-M) plots revealed that patients in cluster 2 exhibited inferior RFS (Figure 3B). Similarly, the GSE70770 cohort could also be divided into two subgroups based on the CRs-related genes expression (Supplementary Figure S2A), and K-M plots also showed a similar difference in RFS between the two subtypes (Supplementary Figure S2B). Additionally, comparison of the two subtypes based on clinical parameters revealed that cluster 2 contained a greater proportion of patients with a higher Gleason Score (GS), advanced T stage and recurrent status present more proportions in cluster 2 (Figure 3C). Next, we performed single-sample gene set enrichment analysis (ssGESA) method to compare ten distinct oncogenic pathways between the two subtypes. Notably, the score of oncogenic pathways involved in the deterioration of prostate cancer, including Cell Cycle, MYC and PI3K-AKT pathways, were significantly elevated in cluster2 (Figure 3D). Collectively, these results implied that the clinical and molecular characteristics of PCa were more aggressive among patients in cluster 2.
[image: Figure 3]FIGURE 3 | (A) The consensus matrix reveals patients with two distinct CRGs subtype in the TCGA dataset. (B) Kaplan-Meier curves for recurrence-free survival according to CRGs subtype (Log-rank test) in TCGA dataset. (C) Stratified proportion of clinical features of PCa patients in CRGs-related subtype in the TCGA database. (D) the distinct of cancer-related pathway in CRGs-related subtype.
Mutational landscape and immune profile specific to CRs-related subtype
We obtained simple nucleotide variation data from TCGA to explore differences in genomic mutations between CRs-related subtypes. The top 10 genes with the highest mutation frequencies are presented in Figure 4A; TP53, SPOP, and FOXA1 were more frequently mutated in cluster 2. Additionally, we evaluated the infiltration abundances of immune cells using the ssGSEA method to determine the association of each CR-related subtype with immune status. Patients in cluster 2 showed higher infiltration abundances of activated CD4 T-cell, CD56dim natural killer cells, gamma-delta T-cell, and type 2 helper cells (Figure 4B). Furthermore, the ESTIMAT score further revealed that cluster2 had lower immune and stromal scores compared to the cluster1 (Figure 4C). Comprehensively, the results implied that CRs-related subgroups of prostate cancer can accurately indicate immunity status.
[image: Figure 4]FIGURE 4 | (A) Mutation information of the top 10 mutation genes is presented in the waterfall plot. (B,C) Box plot presenting the relative abundance of immune cells in the CRGs-related subtype.
Risk model construction
For further investigation of mechanisms that contribute to the heterogeneity of CRs-related subtypes and application of these subtypes to clinical prediction and treatment, we firstly performed differential analysis of the two subtypes. We recognized 963 DEGs that were correlated with the two CRs-related subtypes (fold-change >1.5 and false discovery rate <0.05) (Figure 5A). The intersection of these DEGs with DEGs identified through comparisons of normal prostate and tumor tissue in TCGA yielded 483 DEGs (Figure 5B). Subsequently, univariate Cox analysis identified 261 genes that were correlated with RFS (supplementary Table S2). Next, we used lasso regression analysis to optimize the number of genes; we selected the six genes listed in Figure 5C. Finally, 4 genes including MXD3, SSTR1, AMH, and PPFIA2 were obtained based on the stepwise cox multivariate regression analysis. Then we constructed a 4 genes prognostic signature to predicate the RFS of PCa patients. Then, patients in the TCGA and Gene Expression Omnibus (GEO) cohorts were clustered into a high-risk group (HRG) and low-risk group (LRG) based on the following risk score (RS) formula:
[image: Figure 5]FIGURE 5 | (A) Volcano diagram of DEGs between the two CRGs-related subtypes. (B) The Venn diagram demonstrated 483 genes obtained after the intersection of DEGs between the two subtype and DEGs between Prostate tumor and normal part in TCGA database. (C,D) LASSO Cox regression was utilized to construct the signature and the best log(λ) value was 0.0428.
Risk score = 0.796*MXD3+0.138*AMH+0.137*SSTR1+0.15*PPFIA2.
We used the median RS value as the cut-off for classifying patients into the HRG and LRG. K-M survival analysis indicated that the HRG exhibited a worse prognosis than the LRG in both the training and validation cohorts (Figures 6A, C). For additional assessment of risk model accuracy, we conducted receiver operating characteristic (ROC) analysis in both the training and validation cohorts. In the training cohort, the areas under the ROC curve of 1-year, 2-year, and 3-year RFS were 0.79, 0.76, and 0.76, respectively. In the validation cohort, the areas under the ROC curve of 1-year, 2-year, and 3-year RFS were 0.71, 0.65, and 0.64, respectively (Figures 6B, D).
[image: Figure 6]FIGURE 6 | (A) Kaplan–Meier survival analysis suggested that patients in the high-risk group were more prone to recurrence in the training cohort. (B) The AUC curve plotted by ROC analysis of the signature revealed that the predictive performance of the signature was good. (C) Kaplan–Meier survival analysis suggested that patients in the high-risk group were also more prone to recurrence in the validation cohort. (D) The AUC curve plotted by ROC analysis of the signature was also presented in the validation cohort.
Construction of a nomogram containing RS and clinical characteristics
Univariate and multivariate Cox analyses were conducted to assess the relationships of RFS with potential variables. Pathological T stage, RS and GS were identified as independent risk factors (Supplementary Figure S3A, B). Consequently, a nomogram with an integrated prognostic risk score model, pathological T stage and GS was constructed for RFS prediction in PRAD samples from prostate adenocarcinoma patients (Figure 7A). The calibration curves at 1, 2, and 3 years showed good linearity and suggested that the nomogram could accurately predict the RFS of PRAD patients (Figure 7B). Furthermore, the decision curve analysis (DCA) suggested that, compared with clinical parameters such as GS or pathological T stage, the nomogram showed superior net clinical benefit (Figure 7C).
[image: Figure 7]FIGURE 7 | (A) Nomogram based on signature score, T-stage and GS predicting RFS of PCa patients from TCGA cohort. (B) The calibration curve of the nomogram. The y-axis is actual RFS and the x-axis is the nomogram-predicted RFS. (C) The Decision curve analysis (DCA) evaluating the clinical practicality of the nomogram.
Distinct clinical characteristics and immune cell infiltration between the HR group and LR group
To gain insights into the correlation between clinical features and risk model, we performed Chi-square test to study the distribution of patients in the HR group and LR group based on clinical characteristic including GS, T stage and clinical outcome. Results from the analysis provided the evidence that in the TCGA cohort HR group was significantly associated with higher GS, aggressive T stages and poor prognosis. Furthermore, patients in cluster 2 occupied a greater proportion of the HR group (Figures 8A, B). Additionally, to determine whether the signature score was associated with tumor immunity, we compared the numbers of distinct tumor-infiltrating immune cells between the two subtypes using the CIBERSORT algorithm. The results suggested that, compared with the LRG, the HRG contained more regulatory T-cell (p < 0.01) and more M2 macrophages (p < 0.01). In contrast, low-risk group had more plasma cells (p < 0.01) and more resting mast cells (p < 0.05) (Figure 9A). Notably, the signature score was positively associated with the enrichment scores of regulatory T-cell and M2 macrophages (Figures 9C, D). Conversely, the RS was negatively correlated with plasma cells and mast cells (Figures 9E, F). Previous studies demonstrated that high levels of infiltrating M2 macrophages and regulatory T-cell were correlated with biochemical recurrence (Andersen et al., 2021). This partly explain the poor prognosis of PCa patients in the high-risk group. Importantly, correlation analysis between risk-related genes and tumor-infiltrating immune cells revealed that MXD3 had the strongest positive correlation with the number of regulatory T-cell (Figure 9B).
[image: Figure 8]FIGURE 8 | (A) Stratified proportion of clinical features of PCa patients in the HR group and LR group. (B) Association of the risk score with CRGs-related subtype and clinical characteristics including T stage, recurrence status and GS.
[image: Figure 9]FIGURE 9 | (A) CIBERSORT algorithm was used to estimate the relative abundance of tumor infiltrating immune cells between the different risk group. (B) Correlation analysis was performed to explore the relationship between core genes and infiltrating immune cells (C,D) The risk score was positively correlated with regulatory T-cell and M2 Macrophages (E,F) The risk score was negatively correlated with Plasma cells and resting mast cells.
Identification of HRG-specific and LRG-specific molecular pathways and screening of small molecule drugs
To investigate correlation between the CRs-related signature and the mutational landscape, we calculated the tumor mutational burden (TMB). Compared with patients in the LRG, patients in the HRG exhibited higher TMBs (Figure 10A). Strikingly, K-M plots suggested that patients with higher TMBs were more likely to exhibit progression, compared with patients who had lower TMBs (Figure 10B). Furthermore, use of combined risk models showed that patients in the high-risk + high-TMB group exhibited the worst prognosis, according to K-M survival analysis (p < 0.01) (Figure 10C). These findings indicated that both the risk score and TMB can predict poor prognosis in Pca patients.
[image: Figure 10]FIGURE 10 | (A) Boxplot showing HR group possess higher TMB than LR group. (B) Kaplan–Meier survival analysis demonstrated that patients with high TMB had worse prognosis than patients with low TMB. (C) K-M plot also revealed that patients in the high-risk subgroup with high TMB had the Worst prognosis. (D) The heatmap of GSVA enrichment analysis showed the different signaling pathway between the HR group and LR group. (E) GSEA analysis demonstrated that the potential molecular mechanism activated in the HR group. (F) Box plots showing drugs including Erlotinib, Sunitinib, VX-680, TAE684 and Crizotinib are more sensitive in the high-risk group of patients.
Gene set enrichment analysis (GSEA) suggested that patients in the HR and LR groups have different transcriptomic alterations. Gene Ontology terms enriched in the HRG were myc targets V2, myc targets V1, oxidative phosphorylation, DNA repair, E2F targets, and G2-M checkpoint (Figure 10D). Similarly, gene set variation analysis (GSVA) revealed that Gene Ontology terms enriched in the HRG were cell cycle, base excision repair, mismatch repair, DNA replication, and homologous recombination (Figure 10E). These findings indicated that the risk model was closely associated with cell cycle-related pathways or DNA repair-related pathways, which require the participation of multiple CRs. Because a high RS is associated with poor prognosis and multiple oncogenic signaling pathways contribute to progression in PCa patients, we used the pRRophetic package in R to explore the relationship between RS and potential targeted inhibitors. As shown in Figure 9F, high-risk score samples were more sensitive to Erlotinib, Sunitinib, VX-680, TAE684 and Crizotinib. These drugs may be used as alternative treatment for PCa progression in high-risk patients.
MXD3 was essential for growth of PCa cells
Because MXD3 is a hub gene with a central role in the PCa signature, we focused on MXD3 during in silico and in vitro analyses. Analysis of TCGA PCa data revealed that MXD3 was strongly upregulated in PCa tissue (Figure 11A). Kaplan-Meier analysis of TCGA data indicated that the level of MXD3 expression was significantly associated with RFS of Pca patients (Figure 11B). Moreover, K-M analysis of mCRPC patient data from the West Coast Prostrate Cancer Dream Team (WCDT) cohort (Quigley et al., 2018) showed that high expression of MXD3 was strongly associated with overall survival (Figure 11C). Additionally, we analyzed the differential expression level of the MXD3 in various pathological stages and Gleason score of Pca patients using TCGA data; the findings indicated that MXD3 is significantly upregulated in higher T stage and higher Gleason score groups (Figure 11D). For additional exploration of the biological function of MXD3 in PCa, we performed in vitro experiments to validate the oncogenic role of MXD3 in the PC3 PCa cell line. We silenced MXD3 in PC3 cells and used reverse transcription polymerase chain reaction to confirm MXD3 knockdown (Figure 11E). Cell proliferation was evaluated using the CCK-8 method, and the results suggested that MXD3 knockdown significantly reduced the growth of PCa cell (Figure 11F). Colony formation assays indicated that MXD3 inhibition considerably reduced the numbers of PC3 cell colonies (Figures 11G, H). Considering the role of AR in the progression of prostate cancer, we selected the C4-2 PCa cell for further validation. Similarly, MXD3 knockdown significantly reduced the growth of C4-2 (Supplementary Figure S4). Collectively, these results demonstrated that MXD3 is essential for growth of PCa cell.
[image: Figure 11]FIGURE 11 | Clinical correlation analysis and in vitro experiment analysis of MXD3. (A) MXD3 expression in PCa paired tissues from the TCGA prostate adenocarcinoma (PRAD) dataset. (B) Kaplan-Meier curve of RFS (recurrence-free survival) in high and low MXD3 group in TCGA database. (C) Kaplan-Meier curve of OS (overall survival) for patients with high and low MXD3 expression in WCDT cohort. (D) Clinical correlation of MXD3 in TCGA prostate adenocarcinoma (PRAD) dataset. (E) PC3 cells were transfected with short hairpin RNAs targeting. The efficiencies of the shRNAs were verified by real-time PCR. (F) CCK8 assays revealed that knockdown of MXD3 remarkably reduce the cell viability. (G) Inhibition of MXD3 reduced the colony numbers in the colony formation assay. (H) The numbers of colonies in each group were counted. Each value means the mean ± standard deviation of three independent experiments. ***p < 0.001.
DISCUSSION
The identification of distinct tumor molecular subtypes facilitates the rational use of new drugs and subsequent exploration of potential therapeutic targets. Heterogeneity has been studied in many cancers (e.g., breast cancer (Zardavas et al., 2015), lung cancer (Errico, 2014), gastric cancer (Shah and Ajani, 2010) and prostate cancer (Boutros et al., 2015). Heterogeneity in PCa prognosis is currently observed via risk stratification, which involves the prostate-specific antigen (PSA) level, T stage, Gleason score, the percentage of positive biopsy sores and age (Chang et al., 2014). Advances in molecular technology have revealed increasing evidence that CRs play significant roles in tumorigenesis and cancer progression. However, few studies have thoroughly analyzed CRs function in an effort to generate a molecularly heterogeneous model for PCa.
This study was conducted to identify a molecular subtype and constructed a new prognostic model based on CRs. Firstly, we screened 36 CRs-related genes in TCGA that were differentially expressed between prostate cancer tissues and normal tissues. Then, we performed univariate Cox regression analyses, which identified 18 CR-related genes that were associated with PCa RFS. Consequently, CRs-related subtypes were established based on these genes. Patients in cluster 2 experienced inferior clinical outcomes. This finding was confirmed by analysis of data in the GEO (GSE70770) cohort. Genetic alteration is one of the main mechanisms involved in the onset of PCa (Abida et al., 2019). Comparison of genomic mutations between the two subtypes revealed that mutations in genes such as TP53, SPOP, and FOXA1 were more common in cluster 2. Many studies have showed that mutations in TP53 contribute to the onset of metastatic PCa (Levine, 2020). TP53 and RB1 knockout models exhibit enzalutamide resistance and the upregulation of basal markers, neuroendocrine markers, and lineage-defining and stemness-related transcription factors, as well as the downregulation of luminal cell markers; these changes often suggest a more aggressive tumor and worse prognostic outcome (Levine, 2020). PCa-associated SPOP mutations reportedly confer resistance to BET inhibitors (Dai et al., 2017), which constitutes a new challenge in the treatment of PCa. FOXA1 mutations alter pioneering activity, differentiation and prostate cancer phenotypes (Adams et al., 2019). Alterations of biological behavior may lead to greater PCa malignancy. Additionally, analysis of 10 tumor abnormality-related pathways revealed that pathways associated with malignant phenotypes (e.g., cell cycle, MYC signaling, PI3K signaling, and TP53 signaling) exhibit greater activation in cluster 2 than in cluster 1. These alterations in key genes and signaling pathways imply the prognosis difference of the subtypes. Furthermore, analyses of immune cell relative abundances indicated that the numbers of activated B-cell, dendritic cells, CD56bright natural killer cells, macrophages, and mast cells were greater in cluster 1 than in cluster 2. These changes in immune system and immune microenvironment may contribute to the observed prognostic differences.
To investigate the mechanisms contributing to heterogeneity in CRs-related subtypes and construct a signature for prediction of RFS in individual patients, we first analyzed the differences between cluster 1 and cluster 2. We identified four core genes (MXD3, SSTR1, AMH, PPFIA2) as independent risk factors based on the results of univariate Cox analysis, lasso regression, and multivariable Cox analysis. We finally established and validated a model, in which low and high risk were classified according to RS, for prediction of individualized clinical prognostic outcome. Survival analyses revealed that the model demonstrated good predictive ability. We then explored the relationships of RS with clinical characteristics of PCa; we observed significant differences between the HRG and LRG in terms of T stage, GS, and recurrence status. Furthermore, we found that the signature was positively associated with the numbers of infiltrating M2 macrophages and regulatory T-cell, which contribute to the biochemical recurrence of PCa. TMB, defined as the number of somatic mutations per megabase of interrogated genomic sequence (Sha et al., 2020), is emerging as a predictive biomarker in solid tumors; it can be used to predict clinical responses of many cancers to immune checkpoint inhibitor treatment (Chan et al., 2019). Our study showed that the risk score has good prognostic value, regardless of whether it is used in combination with the TMB. Compared with other risk model with potential to predicate prognosis of PCa patients (Liu et al., 2018; Martini et al., 2019), CRs signature comprehensively evaluated the differences of gene mutation and immune profile between high and low risk groups in risk model; and predicated potential drug targets in high-risk PCa patients. Importantly, we selected the hub gene in CRs signature for further biological verification.
The risk score is computed with four genes including MXD3, SSTR1, AMH and PPFIA2. Their function contributing to the development of PCa remains to be explored. We confirmed that the downregulation of MXD3 significantly suppressed the proliferation of PCa cells in vitro. PPFIA2 (liprin-α2) is an important component of R2TP, an HSP90 co-chaperone (Maurizy et al., 2018). In cancer cells, HSP90 facilitates the function of numerous oncoproteins (Trepel et al., 2010). Analysis of the relationship between PPFIA2 and HSP90 indicated that PPFIA2 may affect the biological behavior of PCa by stabilizing HSP90, although the mechanism has not yet been clarified. PPFIA2 is used as a prognostic factor in the early diagnosis of PCa (Leyten et al., 2015), consistent with our findings. MXD3, a member of the MXD family, plays pivotal roles in cell cycle progression and cell proliferation; it is regarded as an onco-immunological biomarker (Wu et al., 2021). Moreover, pan-cancer analysis discovered that MXD3 interacted with gene ancestry (GA) and exacerbated observed survival disparities (Lee et al., 2022). Besides, MXD3 was reported to be a potential therapeutic target in pre-B cell acute lymphoblastic leukemia (Satake et al., 2014). However, the function of MXD3 in prostate cancer requires further investigation. Somatostatin receptor 1 (SSTR1) belongs to the G protein coupled receptor family and have a wide expression pattern in solid tumors (Theodoropoulou and Stalla, 2013). SSTR1 have been reported to be the most prominent candidates of biomarkers associated with aggressive prostate cancer phenotype (Kosari et al., 2008). In addition to that, SSTR1 plays a significant role in the onset and progression of prostate cancer. Depending on the cell system and extracellular environment, activation of the mitogen-activated protein kinase (MAPK) pathway can also halt cell growth, thereby promoting cell differentiation. PCa may transform into neuroendocrine prostate cancer (NEPC), which exhibits more aggressive clinical behavior and a poor prognosis. Although neuroendocrine PCa can arise de novo, most PCa patients are diagnosed with standard prostatic adenocarcinoma and receive hormone therapy before the onset of neuroendocrine PCa, leading to the term “treatment-related neuroendocrine PCa” (Beltran et al., 2012; Tagawa, 2014). Anti-Mullerian hormone (AMH) is also reportedly associated with PCa prognosis.
GSEA and GSVA analysis revealed enhanced activation of the cell cycle pathway and DNA repair pathway in the HR group. Disruption of cell cycle regulatory mechanisms can lead to uncontrolled growth of normal cells. Many factors can regulate cell proliferation in vivo, including CRs. DNA damage repair genes may confer an increased risk of early-onset PCa (Attard et al., 2016). However, DNA repair pathway dysfunction may contribute to resistance to DNA-damaging chemotherapy and radiotherapy (Curtin, 2012). Additionally, we also applied “pRRophetic” R package to identify the sensitive drugs in the HR group. The results suggested that drugs including Erlotinib, Sunitinib, VX-680, TAE684 and Crizotinib possess higher IC50 in HR group. However, these results warrant further research, both in vivo and in vitro.
Although we identified stable molecular subtypes and successfully developed a powerful prognostic signature, this study had limitations that should be addressed in future research. Firstly, we constructed and validated the signature utilizing retrospective data from the TCGA and GEO database. Prospective real-world data are needed to assess clinical utility of the molecular signature. Second, there is a need for further in vitro and in vivo experiments to explore underlying mechanisms correlated with the CR-related subtypes and risk model.
CONCLUSION
Overall, this study identified CRs-related subtypes in prostate cancer and constructed a prognostic signature based on CRs-related subtypes. The clinical characteristics, gene mutation status, immune profile and drug sensitivity between the two subtypes and different risk groups were also investigated. The molecular signature may provide evidence for clinical judgement of individual patient prognosis and personalized treatment.
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(.778-15.896)
M stage 59383 <001 63.927 007
(6.520-540.817) (3.138-1302.324)
Primary therapy outcome 130 006 s | 200
(.031-.553) | (.058-1815)
Residual tumor 2598 .155
(696-9.694)
PSA(ng/ml) 10479 001 2.89 268
(2.471-44.437) (.442-18.974)
Gleason score 6664 019 28 447
(1373-32.340) (307-14.623)
K 5299 013 2723 29
(1.050-26.741) (427-17.373)
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racteristics

Total(N)

Odds Ratio (95%Cl)

 Age (>60 vs<60) 499 | 1264 (0.888-1.802)
‘ T stage (T3&T4 vs T2) 492 | 2242 (1549-3.263)
‘ N stage (N1 vs No) 426 | 2421 (1443-4.175)
‘7 M stage (M1 vs M0) 458 | 1939 (0.185-41.906)
‘ Primary therapy (SD&PD vs PR&CR) 438 | 2.861 (1.581-5.414)
‘7 Residual tumor (RI&R2 vs R0) 468 | 1448 (0.983-2.140)
‘ PSA (ng/ml) (24 vs <4) 442 | 4916 (1.972-14.901)
‘ Gleason score (8&9&10 vs 6&7) 499 | 3280 (2.264-4.786)
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Applications

Modeling ECM and the
interaction between ECM
and tumor cells

Modeling tumor vasculature

Modeling lymphatic
vessel (LV)

Modeling the interactions
between immune cells and
tumor cells

Testing the efficacy of
immunotherapy

Exploring the combination
of immunotherapy with new
therapy manners

Experiment design

Co-culture cancer cells or 3D tumor
spheroids with the matrix
containing collagen and fibroblasts

Generate a tumor-stoma scaffolds
using Alg or Alg/Alg-S hydrogel

Generate blood vessel networks

Create the lumen structure with
primary human lymphatic
endothelial cells (HLECs) within
collagen hydrogels

Examine the effect of cancer cell-
monocyte interaction on T-cell
recruitment

Co-culture triple-negative MDA-
MB-231 breast cancer cells and
ASCs

BI6 cells were co-cultured with
immune cells obtained from WT
and IRF-8 KO mice

Evaluate the migration of immune
cells towards cancer cells and the
cancer cell proliferation rate

Measure the ability to interrogate ex
vivo response to ICB using
MDOTS/PDOTS

Measure the activity of granzyme B
to identify specific T cells necessary
for effective tumor immunotherapy

Co-culture the MCE cells and MSCs

Identify potential therapy responses
in a cohort of molecularly distinct
GBM patients

Microfluidic device

LumeNEXT

3D microfluidic co-culture system

microfluidic chip integrated 3D
tumor spheroid and CAFs

A high-throughput microfluidic
system

A high-throughput microfluidic
platform with 3 parallel
microchannels

A network platform with
interconnected microfluidic
channels

3D microfluidic co-culture system

A tumor-on-a-chip platform

A “flow-free” microfluidic device
with 4 channels

A microfluidic chip

3D microfluidic chip loaded with
different immune checkpoint
inhibitors, PD-L1 antibody, and
IDO 1 inhibitor

A 3D microfluidic culture system

A microfluidic platform

A 3D microfluidic cell culture chip

A GBM-on-a-Chip system

Findings

Co-culturing with CAFs promoted the
migration of MDA-MB-231 cells

CAFs enhanced breast cancer cells
invasion and migration by inducing the
expression of GPNMB

Co-culturing with CAFs promoted the
migration of 3D tumor spheroids cells

Alg/Alg-S induced complex in vivo-like
alteration including EMT phenotypes
and transformation of M1 to M2

NK cells presented high cytotoxicity in
CMS1 CRC cells

This microfluidic platform imitated the
interactions between tumor cells and
vasculature, and succeed in modeling
vessel leakiness presented in the TME.

The dense ECM promoted LV
transformed toward activated
phenotype via increasing secretion of
16

The presence of the hypoxic condition
and NK cells improved T-cell
recruitment in this tumor-on-chip
model

ASCs promoted the aggressive
phenotype and polarization toward
ASCs of MDA-MB-231 cells

W spleen cells showed an increased
migration toward BI6 cells; B16 cells
expressed a more aggressive phenotype
when co-cultured with IRF-8 KO spleen
cells

IDOI inhibitor induced the migration
of immune cells toward both HSC-3
cells and cancer cells isolated from
HNSCC patients in this microfluidic
device

‘This microfluidic device succeeded in
modeling response to PD-1 blockade
in vitro

‘This microfluidic platform has shown
the potential in evaluating the sensitivity
of immunotherapy by measuring the
activity of granzyme B

Supported a new alternative method for
the combination of ICIs with PFD

This microfluidic chip enabled the
personalized screening of
immunotherapies for GBM patients
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Database

GSE10846
GSE136971
GSE10524
GSE64555
GSE114175
TCGA

Platform

GPL570
GPL570
GPL570
GPL570
GPL24975

Tissue (Human sapiens)

lymph node
lymph node
lymph node
lymph node
lymph node
lymph node

Samples (number)

420
221
40
40
52
29

Experiment type

Array
Array
Array
Array
Array
Array

Author

Louis M. Staudt
Sylvain Mareschal
Marije Booman
Kim Linton

Philipp Kémmer
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Tissue

Adipose Tissue
Blood

Brain

Colon

Heart

Lung

Ovary

Prostate

Small Intestine
Testis

Vagina

Number

515
444
1152
308
377
288
88
100
92
165
85

Tissue

Adrenal Gland
Blood Ves

Breast
Esophagus
Kidney
Muscle
Pancreas
Salivary Gland
Spleen
Thyroid

Number

128

179
653
28

39
167
55

100
279

Tissue

Bladder
Bone Marrow
Cervix Uteri
Fallopian Tube
Liver

Nerve
Pituitary

Skin

Stomach

Uterus

Number

70
10

110
278
107
812
174
78
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Abbreviation

ACC
BLCA
BRCA
CESC
CHOL
COAD
DLBC
ESCA
GBM
HNSC
KICH
KIRC
KIRP
LAML
LGG
LIHC
LUAD
LuUsC
MESO
ov
PAAD
PCPG
PRAD
READ
SARC
SKCM
STAD
TGCT
THCA
THYM
UCEC
ucs
UVM

Full name

Adrenocortical carcinoma
Bladder urothelial carcinoma

Breast invasive carcinoma

Cervical squamous cell carcinoma and endocervical
Cholangiocarcinoma

Colon adenocarcinoma

Lymphoid neoplasm diffuse large B-cell lymphoma
Esophageal carcinoma

Glioblastoma multiforme

Head and neck squamous cell carcinoma
Kidney chromophobe

Kidney renal clear cell carcinoma
Kidney renal papillary cell carcinoma
Acute myeloid leukemia

Brain lower grade glioma

Liver hepatocellular carcinoma

Lung adenocarcinoma

Lung squamous cell carcinoma
Mesothelioma

Ovarian serous cystadenocarcinoma
Pancreatic adenocarcinoma
Pheochromocytoma and paraganglioma
Prostate adenocarcinoma

Rectum adenocarcinoma

Sarcoma

Skin cutancous melanoma

Stomach adenocarcinoma

Testicular germ cell tumors

Thyroid carcinoma

Thymoma

Uterine corpus endometrial carcinoma
Uterine carcinosarcoma

Uveal melanoma

Tumor tissue

79
408
1098
306
36
458
48
162
167
502
65
531
289
151
525
373
515
501
86
379
178
183
496
167
263
471
375
156
510
19
544
56
80

Adjacent normal tissue

52
10
32
58

35
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scription Marker genes Tumor cor Normal cor
CD8 + T-cell CD8A 014 # 028 2
CD3B 006 021 019 017
T-cell (general) cD3D 007 013 032 i
CD3E Com # 035 5
cp2 017 el 035 *
B-cell cp19 005 026 023 on
CD79A 014 #e 051
cp27 012 . 038 -
TAM CDe6s 043 046
1L10 032 033 &
M1 Macrophage INOS (NOS2) 0.06 018 0.19 018
IRES 043 €5 0.08 057
COX2 (PTGS2) 010 # 008 056
M2 Macrophage VSIG4 033 - 034 -
MSAA4A 036 e 045 Ak
Treg FOXP3 ont e 041 "
CCR8 039 047
TGEB (TGFB1) Loas 4 018 o2
STATSB 020 #ar o6 025

TAM, tumor-associated macrophage; Treg, regulatory T-cell; Cor, R value of Spearman’s correlation.

p < .05.
“p< 0L
“*p < 001,
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Description Marker genes None cor Purity cor

CD8 + T-cell CD8A 0227 0262
cpsB o.101 0070 0.097 0120
‘T-cell (general) o 0115 ¥ 0123 *
CD3E 0198 0224
cp2 o - o020 [
Becell cp19 0074 0219 0.063 0362
CD79A ) - e =
cp27 0163 - o -
Monocyte cpi4 0201 0216
CD86 0448 0.466
' cpis (csimy 0387 - 0.405 bt
TAM | CD68 | 0471 - 0.485 .
IL10 0.386 il | 0.376 e
M1 Macrophage o (os) s - | oa B
IRFS 0476 0544 |~
COX2(PTGS2) 0210 0.193 B
M2 Macrophage vstas oo - 0451 o
| siain 0419 | oar e
Neutrophil | CD66b (CEACAMS) 0.043 0443 | 0.056 | 0359
' coutb (rmGan 0397 0416
CCR7 0.267 A 0.293 | b
Natural killer cell KIR2DL1 0.061 0345 0.052 0485
KIR2DL3 oo 0263 | o056 0.140
KIR2DL4 0.149 - | 0.162 -
KIR3DLI 0.150 » o -
KIR3DL2 0070 0269 | ooss 0478
KIR3DL3 0041 0544 0023 0803
| Kirepss 0046 0503 oo 0601
Dendritic cell | BpcA1 (@D10) oz o2 e
BDCA-4 (NRP1) " osw o5
| cpite (1GAX) 0396 oan
Thi | Tohet (rmn) 0219 o 0269 o
[ STAT4 0.246 e | 0.259 | R
IFN-y (IFNG) 0.281 e 0.286 [ i
| TNF-a (TNF) 0244 o | 0595 kol
STATI 0591 0222
Th2 GATA3 0035 0523 0.004 0955
STATSA 0175 - 0.186 e
STAT6 0.198 o 0.198 v
Tth | BCL6 | 0.196 —- 0.242 -
121 0172 0.168 "
Thi7 STAT3 0528 e osn
ILIZA 0.109 » 0038 0529
Treg ' roxes s - | oas0 [
CCR8 0.540 e 0.547 .
TGEP (TGEBI) 0223 s
STATSB oan o e
T-cell exhaustion PD-1 (PDCD1) 0097 0.082 0152 b
CTLA4 0.189 0217
LAG3 0123 * 0124 *
s (HAVCR2) 0428 0453 [
GZMB 0113 * 0114 0055

TAM, tumor-associated macrophage; Th, T helper cell; T, Follicular helper T-cell; Treg, regulatory T-cell; Cor, R value of Spearman’s correlation; None, correlation without adjustment. Purity,
correlation adjusted by purity.

p < .05.

“p< 0L

< 001,
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id coef
FGFI8 1265
IDO1 0.367
BIRCS 1.205
WDR62 ~2.457
NUMBL 0.881
TYRO3 1109

Coef, regression coefficient.
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Characteristics

WHO grade
G2

G3

G4

Primary therapy outcome
PD

SD

PR

CR

MFAP2

Low

High

Age

<60

>60

Note. WT, Wild type. Mut, mutant. CI

Total(N)

143

complete response; PD, progre

Univariate analysis

Hazard
ratio (95% CI)

References

2,999 (2.007-4.480)
18615 (12.460-27.812)

References

0440 (0.294-0.658)
0.170 (0.074-0.391)
0.133 (0.064-0.278)

References

4.971 (3.743-6.602)

References

4.668 (3.598-6.056)

ive disease;

p Value

<0.001
<0.001

<0.001
<0.001
<0.001

<0.001

<0.001

D, stable disease; PR, partial response.

Multivariate analysis

Hazard p Value
ratio (95% CI)

2,198 (1.412-3.421) <0001
9.242 (2.948-28.967) <0001
0.368 (0.230-0.590) <0001
0.206 (0.074-0.568) 0.002
0.147 (0.070-0.308) <0001
1812 (1.202-2.733) 0,005
5.466 (3.326-8.983) <0001
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Characteristic

n
WHO grade, n (%)

G2

G3

G4

IDH status, n (%)

wT

Mut

1p/19q codeletion, n (%)
codel

non-codel

Primary therapy outcome, n (%)
PD

SD

PR

CR

Gender, n (%)

Female

Male

Race, n (%)

Asian

Black or African American
White

Age, n (%)

<60

>60

Histological type, n (%)
Astrocytoma
Glioblastoma
Oligoastrocytoma
Oligodendroglioma

Age, meidan (IQR)

Note. WT, Wild type. Mut, mutant. PD, progressive disease;

Low expression
of MFAP2

348

176 (27.7%)
126 (19.8%)
4(0.6%)

34 (5%)
311 (45.3%)

142 (20.6%)
206 (29.9%)

54 (11.7%)
101 (21.9%)
47 (10.2%)
100 (21.6%)

154 (22.1%)
194 (27.9%)

4 (0.6%)
14 (2%)
323 (47.3%)

307 (44.1%)
41 (5.9%)

107 (15.4%)
4 (0.6%)

88 (12.6%)
149 (21.4%)
41 (32, 52)

D, stable disea:

High expression
of MFAP2

348

48 (7.6%)
117 (18.4%)
164 (25.8%)

212 (30.9%)
129 (18.8%)

29 (4.2%)
312 (45.3%)

58 (12.6%)
46 (10%)
17 (3.7%)
39 (8.4%)

144 (20.7%)
204 (29.3%)

9 (13%)
19 (2.8%)
314 (46%)

246 (35.3%)
102 (14.7%)

88 (12.6%)
164 (23.6%)
46 (6.6%)

50 (7.2%)

52 (37, 62.25)

response; CR, complete respon:

<0.001

<0.001

<0.001

<0.001

0491

0246

<0001

<0.001

<0.001

Statistic

22532

20179

94.58

19.78

048

281

31.68

21665

41,863

Method

Chisqtest

Chisq.test

Chisqtest

Chisq.test

Chisq.test

Chisq.test

Chisq.test

Chisq.test

Wilcoxon
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Variable Training Testing Overall

cohort (n = 202) cohort (n = 203) cohort (n = 405)
Age (year, mean + SD)
Gender (n) Male 148 150 298
Female 54 53 107
Pathological stage (1) Stage I-11 58 73 121
Stage 11V 142 130 272
Unknown 2 0 2
AJCC T (n) T0-2 59 6 122
T3-4 128 122 250
Unknown 15 18 33
AJCC N (n) No 18 17 233
NI-3 6 59 128
NX 2 24 36
Unknown 3 3 6
AJCC M (n) Mo 90 105 195
M1 7 4 11
MX 103 9 196
Unknown 2 1 3
Survival status (n) Alive 124 125 249
Dead 78 78 156

Survival years (mean + SD) 215+ 237 202 £ 207 208 +223
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Category Term Count p value

Upregulated genes in high-risk group
BP acute-phase response 11 <0.001
BP positive regulation of peptide hormone secretion 4 <0.001
BP protein polymerization 4 <0.001
BP innate immune response 15 <0.001
BP fibrinolysis 4 <0.001
cc extracellular region 2 <0.001
cc blood microparticle 9 <0.001
cc plasma membrane 61 <0.001
cc high-density lipoprotein particle 5 <0.001
cc extracellular space 30 <0.001
MF receptor binding 11 0.001
MF serine-type endopeptidase inhibitor activity 6 0.001
MF structural molecule activity 7 0.004
MF cell adhesion molecule binding 4 0.018
MF protein binding 112 0.024
KEGG Cytokine-cytokine receptor interaction 10 0.001
KEGG Complement and coagulation cascades 4 0.035
KEGG Cell adhesion molecules 5 0.044

Upregulated genes in low-risk group
BP kidney development 4 0.001
BP phospholipase C-activating G-protein coupled receptor signaling pathway 3 0.005
BP signal transduction 7 0.014
BP response to bacterium 3 0.016
BP intracellular steroid hormone receptor signaling pathway 2 0.018
cc plasma membrane 17 0.002
cc integral component of plasma membrane 9 0.002
oc extracellular exosome 10 0.006
cc apical plasma membrane 4 0.020
cc synapse 4 0.040
ME peptide binding 3 0.005
MF ‘monocarboxylic acid transmembrane transporter activity 2 0.027
MF steroid binding 2 0.047
MF zinc ion binding 5 0.048
KEGG Neuroactive ligand-receptor interaction 5 0.006
KEGG Regulation of lipolysis in adipocytes 3 0.006
KEGG PPAR signaling pathway 3 0.010
KEGG Calcium signaling pathway 4 0.013
KEGG Vascular smooth muscle contraction 3 0.031
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Characteristics

Univariate analysis

Multivariate analysis

HR 95% CI p-value HR 95% CI p-value
Gender 0.944 0.694-1.284 0714
Age 1.029 1.016-1.042 <0.001 1027 1.013-1.041 <0.001
Grade 2286 1.868-2.798 <0.001 1292 1.021-1.635 0.033
Clinical stage 1.886 1.655-2.150 <0.001 1623 1.394-1.889 <0.001
Risk-score 59527 23812-148.813 <0.001 10725 3.971-28.967 <0.001
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Dataset  p-value Type Nums Mean STD IQR
HCCDBI ~ 181E-22  HCC 100 6201 07713 1172
Adjacent 97 5.196 0.3941 05852
HCCDBI5 ~ 524E-29  HCC 351 7.058 1367 2175
Adjacent 49 4691 08484 0.95
HCCDB16  1.09E-08 ~ HCC 60 5.841 07623 0.9007
Adjacent 60 517 02636 0.2963
HCCDBIS ~ 245E-44  HCC 212 1537 0.6642  0.9425
Adjacent 177 0.6843 0.333 0.35
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Clinical variable

Number

Percentage (%)

Age

Gender

Stage

Tstage

Mistage

Nstage

<65
>65
Unknown
Female
Male
Stage I
Stage 11
Stage 11l
Stage IV
Unknown
T1

T2

T3

T4
Unknown
Mo

M1
Unknown
No

N1

N2

N3
Unknown

241
262
19

280
242
279
124

353
25
144
335
98
5

12

462
502
36
53.6
464
534
238
163
49
15
329
538
9.0
36
0.6
67.6
48
276
642
188
144
04
23
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Variables

Univariable model

Multivariable model

HR HR.95L HR.95H p value HR HR.95L HR.95H p value

TCGA set

age 1027207 1.005871 1.048994 0.012189 1023761 1.001864 1046137 0033272

gender 0873723 0577194 1322592 0523359

grade 1.391989 1040839 1.861608 0025759 1250423 0931461 1678608 0.136906

stage 1365182 0936063 1991023 0.105923

riskScore 1030134 1.014894 1045604 9.46E-05 1.02821 1.013716 1042912 0.000123
Testing set

id HR HR95L HR95H pvalue HR HRI5L HR9SH pvalue

age 102934 1000879 1058611 004324 102934 1.000879 1058611 004324

gender 1051846 060187 1.838237 0.859146

grade 1341221 0926544 1.941486 0.119783

stage 1341823 0799856 2251018 0265316

riskScore 1029268 0964336 1098572 038557
Training set

id HR HR95L HR95H pvalue HR HRI5L HR95H pvalue

age 1026642 0994416 1059912 0106125

gender 0768614 0409857 14414 0412039

grade 1454163 0904621 2337542 0122089

stage 1439642 082667 2507129 0.19794

riskScore 1026271 1011035 1041736 0.000679 102934 1.000879 1058611 004324





