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Editorial on the Research Topic 
Bioinformatics tools (and web server) for cancer biomarker development, volume II

Cancer is a major disease and a heavy burden to public health. With the rapid development of high-throughput (HTP) technologies, increasing multi-omics data have been produced to identify biomarkers to facilitate the risk assessment, early detection, prognosis, and treatment response prediction of tumors, and these biomarkers have helped to successfully decrease the mortality rate of certain types of cancer patients (Zou and Wang, 2019). In this Research Topic, we collected 23 articles representing recent advanced biomarkers studies for tumor diagnosis, prognosis, and treatment response.
Due to the wide application of next generation sequencing technologies in tumor research in recent decades, a few public omics data depositories, including The Cancer Genome Atlas (TCGA), Gene Expression Omnibus (GEO) and International Cancer Genome Consortium (ICGC), have been established and have aggregated a large number of clinical tumor tissue omics data and clinical data of tumor patients. These public databases provide reliable data support and additional opportunities for comprehensive biomarker identification (Tomczak et al., 2015; Ren et al., 2020). Song et al. investigated the TCGA and ICGC data of hepatocellular carcinoma (HCC), and performed the differential expression analysis and Cox regression analysis to identify core genes associated with HCC clinical outcomes, and a 6-autophagy-related-gene-pair (ARGP) prognostic signature was identified for overall survival (OS) of HCC patients. Based on the TCGA and GEO datasets, Shen et al. identified 108 differentially expressed genes, which were mainly involved in the proliferation and metastasis of head and neck squamous cell carcinoma (HNSCC). Furthermore, they constructed a novel multi-factor prognostic model of HNSCC and verified the reliability of the prognostic model in an additional 36 HNSCC patients.
In recent years, more new multi-omics databases were available and provided more opportunities for cancer diagnosis, treatments, and prevention, such as Chinese Glioma Genome Atlas (CGGA), which contains a wide range of data derived from whole-exome sequencing (WES), mRNA sequencing and microarray, DNA methylation microarray, and microRNA microarray analyses, as well as comprehensive clinical data (Zhao et al., 2021). Bai et al. evaluated m6A methylation regulatory genes and constructed a prognostic model of low-grade glioma (LGG) based on data of 495 LGGs from TCGA and 172 LGGs from the CGGA. This model contained 5 m6A-methylation- related genes and might classify LGGs into high- or low-risk subgroups. High-throughput technologies have been extended to characterize genomic status including but not limited to DNA methylation modification, genetic alteration, and gene expression regulation. Dong et al. explored the expression profiling data of CEMIP in different kinds of human cancers, and found that CEMIP was a prognostic and metastatic biomarker of breast cancer (BC). Their finding also uncovered that gene expression of CEMIP was mediated by TP53 mutation and DNA hypomethylation.
By integrating public accessible datasets, several powerful bioinformatics webservers/tools including KM plotter, GEPIA (Gene Expression Profiling Interactive Analysis), Oncomine, and TIMER (Tumor Immune Estimation Resource), have been developed to analyze the association or differential expression of genes with (in) distinct clinical factors in tumors (Li et al., 2017; Li et al., 2021). These online webservers/tools would help researchers to discover novel prognostic biomarkers which might be related to tumorigenesis or tumor malignant progression, and can provide more data basis for prognosis and therapeutic target identification of tumors. Based on a series of online tools, such as TIMER, Oncomine, and GEPIA, Chen et al. systematically analyzed the expression and prognostic value of PER1 in ovarian cancer (OV), and showed that low PER1 expression was related with poor prognosis of OV patients and concluded that PER1 may be a novel prognostic biomarker for OV. Zhang et al. used GEPIA to evaluate key co-expressed genes with C1ORF112 in LGGs, and performed gene ontology (GO) and Kyoto Gene and Genome Encyclopedia (KEGG) pathway analyses using the DAVID tool and identified a relationship between C1ORF112 expression and immune cell infiltration by TIMER. Their data suggested that C1ORF112 was closely related to the OS of patients with LGG, and was a prognostic biomarker of LGG. Liu et al. explored the relationship between inhibitors of apoptosis proteins and non-small cell lung cancer (NSCLC) progression through online bioinformatics tools, and found that BIRC1 is a potential biomarker associated with OS and BIRC5 is a potential diagnostic and staging biomarker of NSCLC patients. By using multiple bioinformatics analyses tools, Zhu et al. identified and verified that high expression of TUBA1C is related to a poor prognosis of LGG patients. Based on the TCGA dataset, Fan et al. identified DEPDC1B as a potential biomarker for diagnosis and prognosis of liver hepatocellular carcinoma (LIHC). In addition, Zhu et al. found that DNTTIP1 is a prognostic biomarker associated with overall survival (OS) and disease-free survival (DFS) in LIHC as well by using the TCGA dataset. In a review of the CPNE family, Tang et al. summarized the expression pattern and clinical roles of CPNE family members in cancer development. As membrane-bound proteins, CPNEs can mediate cell dedifferentiation and immune microenvironment organization of tumors. High expression of CPNE1 and CPNE3 could predict adverse prognosis. In contrast, CPNE5 might act as a positive indicator for esophageal squamous cell carcinoma (ESCC) and multiple myeloma (MM).
Although many single-gene biomarkers have been reported, multi-gene signature is more beneficial and meaningful for cancer prognosis. Accumulated public microarray data and RNA-seq data offer the opportunities to develop multi-gene signatures (Xie et al., 2020). Using the LASSO and Cox regression models, Zhao et al. established and validated a seven-gene signature (AFAP1L2, CAMK1D, LOXL2, PIK3CG, PLEKHG1, RARRES2, and SPP1) which might serve as a prognosis stratification tool to predict survival outcomes of advanced lung adenocarcinoma (LUAD) patients. He et al. explored bladder cancer (BLCA) transcriptome from two GEO datasets and TCGA, and performed the differential expression analysis and weighted gene co-expression network analysis (WGCNA) to identify core genes, finally a three hub gene signature (VSIG2, PPFIBP2, and DENND2D) related to invasion was constructed to divide BLCA patients into high-risk and low-risk groups. The high-risk group showed a higher mortality rate than the low-risk group using a Kaplan-Meier curve. Using a gastric cancer (GC) TCGA dataset, Liang et al. established a ten gene pyroptosis-related prognostic model which was able to divide GC patients into high-risk and low-risk groups, and this pyroptosis-related model was further verified in two independent GSE84437 and GSE66229 datasets. Using univariate and multivariate Cox regression algorithms, Han et al. constructed a prognostic model consisting of 14 inflammatory-related genes that might estimate outcomes for HNSCC patients by RT-PCR.
Cancer immunotherapies have shown great benefits for multiple types of tumor, including LUAD, PAAD and BLAC (Hayes, 2021; Zhao and Subramanian, 2021). Immune-related bioinformatics analysis would facilitate the improved treatment of tumor patients, and is expected to find new therapeutic targets. By analyzing TCGA and GEO BLCA datasets, Dong et al. constructed an immune-related eight-gene signature which was positively associated with immunotherapy response and prognosis of BLCA patients. By exploring immune-related genes (IRGs) obtained from the Immunology Database and Analysis Portal (ImmPort) database, Wang et al. constructed a prognostic model for BLCA patients and further validated this model by cross-validation. Mao et al. screened 446 significant immune-related genes in pancreatic adenocarcinoma and developed an immune-based prognostic model that was related to the status of the PAAD immune microenvironment. In order to investigate the effect of alternative splicing (AS) on the prognosis of LUAD, Song et al. integrated the prognostic AS genes and corresponding splicing factors to make a new prognostic signature with higher predictive ability than the mRNA signature.
Most cancer biomarker studies examine individual genetic variables, transcriptome alterations, and impaired protein function as distinct risk and prognostic factors. Increasing studies have demonstrated that the non-coding RNA (ncRNA) regulation network plays a significant role in cancer development (Anastasiadou et al., 2018). Xing et al. used Cox regression analysis to identify three immune-related lncRNAs (AC124067.4, LINC02604, and MIR4435-2HG), which were correlated with OS in COAD patients, and might play a role in anti-tumor immunotherapy. By analyzing 259 ferroptosis-associated genes from FerrDb, RNA-seq data and clinicopathological characteristics from TCGA, Zheng et al. established a novel prognostic signature including 10 ferroptosis-related lncRNAs, which was associated with the outcome of LUAD and tumor immune response.
Identification of high risk cancer patients is an important way to improve the clinical outcome and further facilitate understanding of the mechanisms of tumorigenesis and progression (Alifrangis et al., 2019). Based on crosstalk factorization, Liu et al. developed a new pathway activity score estimation method, and established a new prognostic classification system for colorectal cancer (CC), by which they separated the cancer patients in TCGA and three GEO datasets into aggressive (G2) and moderate (G1) subgroups, this prognostic system was shown to provide a complement to the current staging system. Using the same method, Liu et al. analyzed and classified breast cancer into G1 (moderate) and G2 (aggressive) subgroups with different OS risk. The survival outcome of the G1 subgroup was significantly better than the G2 subgroup. Most importantly, this BC risk classifier was validated in multiple BC datasets.
This Research Topic emphasises how prosperous public accessible profiling datasets and bioinformatics tools can be when widely used in oncology research. Although the tools/webservers presented here need to be improved, such as multi-omics network mapping and multi-gene signature assessment, these tools serve as a starting point for promoting the development of tumor diagnostic, prognostic, and prediction biomarker in the future.
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Background: Period circadian protein homolog 1 (PER1) is an important component of the biorhythm molecular oscillation system and plays an important part in the development and progression of mammalian cancer. However, the correlations of PER1 with prognosis and tumor-infiltrating lymphocytes in ovarian cancer (OV) remain unclear.

Methods: The Oncomine and TIMER databases were used to examine the expression of PER1 in OV. Kaplan–Meier Plotter and PrognoScan were used to evaluate the relationship between PER1 and prognosis. Kaplan–Meier Plotter was used to analyze the relationships between PER1 and clinicopathological features of OV patients. The relationship between PER1 expression and immune infiltration in OV was investigated using the TIMER database and CIBERSORT algorithm. The STRING database was used to analyze PER1-related protein functional groups, the GeneMANIA online tool was used to analyze gene groups with similar functions to those of PER1, and Network Analyst was used to identify transcription factors that regulate PER1. The correlation between PER1 and immunoinvasion of OV was analyzed using TIMER. Finally, quantitative real-time polymerase chain reaction (qRT-PCR) was performed to detect PER1 expression.

Results: PER1 was differentially expressed in different cancer tissues, and its expression in various OV subtypes was lower than that in normal ovarian tissue. OV patients with low PER1 expression had a reduced overall survival rate. Decreased PER1 expression in stage 1 and stage 1+2 OV patients was related to poor prognosis, while increased PER1 expression in stage 3+4 patients and TP53 mutation were related to poor overall survival and progression-free survival. We identified eight genes whose expression was strongly correlated with that of PER1, as well as four transcription factors that regulate PER1. In OV, PER1 expression levels were positively correlated with infiltration levels of cells including neutrophils, regulatory T cells, and M2 macrophages, and closely related to a variety of immune markers. Reduced expression of PER1 was significantly associated with poor overall survival.

Conclusion: These findings suggest that PER1 could be used as a prognostic biomarker to determine prognosis and immune infiltration in OV patients.

Keywords: ovarian cancer, PER1, bioinformatics, diagnosis and prognosis biomarkers, immune infiltrates


INTRODUCTION

Ovarian cancer (OV) is the fifth leading cause of cancer-related deaths in women worldwide (Dong et al., 2014). Despite advances in diagnosis, surgery, chemotherapy, and radiation therapy, OV continues to have a poor survival rate and the highest mortality rate among gynecological cancers. OV patients diagnosed at an advanced stage have poor prognosis and high recurrence rates. Determining effective markers for early diagnosis and prognosis is thus essential to reduce mortality and ensure effective therapy for OV (Bowtell et al., 2015).

Period circadian protein homolog 1 (PER1) is a core gene involved in circadian rhythm. It is located on the short arm of human chromosome 17 (17p12–p13.1) and has a total length of ~16 kb (Badiu, 2003). PER1 also has an important effect on the occurrence and development of tumors. Its main functions involve regulating the body's circadian rhythm, regulating the cell cycle, and promoting DNA damage repair. Many studies have shown that PER1 directly regulates levels of reactive oxygen species in multiple organs and regulates key effectors of energy substrate utilization in response to daily behavioral rhythms and oxidative stress, thereby maintaining the daily rhythms of mitochondrial morphology and function (Sun et al., 2020). Changes in expression levels of PER1 have been found in some cancers, including pancreatic cancer (Guo et al., 2020), oral squamous cell carcinoma (Yang et al., 2020), endometrial cancer (Wang et al., 2020), colorectal cancer (Holipah and Kuroda, 2020), and non-small-cell carcinoma (Lin et al., 2020), but this has not been studied in OV. It has also been reported that the occurrence and development of cancer, as well as its prognosis and treatment outcomes, are closely related to the abnormal expression of certain circadian clock genes (Cao et al., 2009; Sahar and Sassone-Corsi, 2009; Yang et al., 2009). Based on these findings, we propose that PER1 could be used as a prognostic indicator in OV.

We also note that circadian rhythm is closely related to the human immune system (Lange et al., 2010). Abnormalities of the biological clock contribute to exhaustion of T cells and overall upregulation of immunosuppressive molecules (including programmed death ligand 1 [PD-L1] and cytotoxic T lymphocyte-associated antigen 4 [CTLA-4]); however, the impact of PER1 on the immune environment of OV remains unknown.

In this research, we analyzed the expression levels of PER1 in OV, using the online tools TIMER and Oncomine, and studied the relationships between PER1 expression and clinicopathological parameters. The prognostic value of PER1 expression in OV was determined using Kaplan–Meier Plotter and the PrognoScan database. Quantitative real-time PCR (qRT-PCR) was used to detect PER1 expression, and patients were divided into high and low PER1 expression groups for survival analysis. In addition, we used the TIMER database to determine the correlations between PER1 and immune cell infiltration. Our findings reveal an important role of PER1 in OV and also clarify the potential relationship of PER1 with tumor immunity and its underlying mechanism.



MATERIALS AND METHODS


Tissue Samples

We collected 60 OV cancerous and paracancerous tissue samples together with associated clinical information from Gansu Provincial Maternal and Child Health Hospital. None of the subjects underwent radiotherapy or chemotherapy prior to the surgery. All patient materials were obtained with informed consent, and this study was carried out with the approval of the Clinical Research Ethics Committees.



qRT-PCR

TRIzol reagent (Invitrogen, Carlsbad, CA, USA) was used for total RNA extraction from tissues. RNA was reverse transcribed into cDNA using a RevertAid First Strand cDNA Synthesis Kit (Thermo-Fisher Scientific, Waltham, MA, USA). Subsequently, with the cDNA as the template, qRT-PCR was performed using SYBR Premix Ex Taq™ (TaKaRa, Otsu, Shiga, Japan). Relative gene expression was calculated by the 2–ΔΔCt method. GAPDH served as the internal reference. The primer sequences were as follows (“F” represents “forward”; “R” represents “reverse”). GAPDH: 5′-AGAAGGCTGGGGCTCATTTG-3′(F), 5′AGGGGCCATCCACAGTCTTC-3′(R); PER1: 5′-CTGCTACAGGCACGTTCAAG-3′(F), 5′-CTCAGGGACCAAGGCTAGTG-3′(R).



Oncomine Database Analysis

Oncomine is currently the world's largest oncogene chip database and data mining platform, containing 715 gene expression datasets and 86,733 tumor and normal tissue samples. Here, the Oncomine database was used to detect the differential expression of PER1 between OV tissues and normal ovarian tissues. The data type was mRNA, and differential genes were identified by t-test with the following screening criteria: fold change >2, P < 0.05.



GEPIA Database Analysis

GEPIA is a newly developed bioinformatics platform for analysis and processing of transcriptome data from The Cancer Genome Atlas (TCGA) and GTEx databases. We analyzed the correlations between PER1 and other genes using the “Correlation Analysis” module of GEPIA with P < 0.05 as the screening criterion.



TIMER Database

TIMER (https://cistrome.shinyapps.io/timer/) is a database for comprehensive analysis of tumor immunity. We used the “Gene” module to analyze the correlations between PER1 gene expression and infiltration of immune cells, including CD4+ T cells, CD8+ T cells, B cells, neutrophils, macrophages, and dendritic cells. Immune cells included in the new version of TIMER showed increased infiltration levels, as presented in the results section. We used the “Diff Exp” module to detect the differential expression of the PER1 gene in different tumor tissues and normal tissues. Then, we used TIMER to detect the correlations between PER1 and immune markers of immune cells.



Survival Analysis and Prognosis Evaluation

We used Kaplan–Meier Plotter (http://kmplot.com/analysis/) and PrognoScan (http://dna00.bio.kyutech.ac.jp/PrognoScan/index.html) for prognostic analysis. Based on the median expression of PER1, patient samples were divided into two groups for analysis with respect to overall survival (OS), disease-free survival (DFS), progression-free survival (PFS), and post-progression survival (PPS). The PrognoScan database was used to determine the prognostic value of PER1 in OV patients.



Univariate and Multivariate Cox Regression of PER1

Univariate and multivariate Cox regression were used for survival analyses. Multivariate Cox analysis was used to compare the effects of PER1 expression and other clinical characteristics on survival. Taking the patients were divided into high and low PER1 expression groups. The statistical significance level for the two-tail test was set to 0.05.



Protein–Protein Interaction Network Analysis

STRING (https://string-db.org/) was used to construct a PPI network, choosing the options “PER1” and “Human (Organism).”



GeneMANIA Analysis

GeneMANIA was used to identify gene groups with similar functions to PER1 and to construct a functional network.



Correlation Analysis of Transcription Factors and Genes

The TFs of PER1 and related genes were identified using Network Analyst (http://www.networkanalyst.ca), and their expression was analyzed using the GEPIA tool based on TCGA samples.



Statistical Analysis

The results generated from Oncomine are displayed as P-values and fold change values. Kaplan–Meier Plotter, PrognoScan, and GEPIA results are presented as hazard ratios, P-values, and Cox P-values. In addition, Pearson correlation, Spearman correction, and statistical significance were used to evaluate the correlations of gene expression, and the absolute value was used to determine the strength of the correlation.




RESULTS


PER1 Expression in Different Human Cancers

We first used the Oncomine database to explore the expression levels of PER1 in different tumor types. PER1 was upregulated in three tumor types and downregulated in 24 types (Figure 1A). Then, we analyzed the expression levels of PER1 in different tumor types using the TIMER database. Compared with normal tissues, PER1 showed low expression levels in bladder cancer, breast cancer, colon cancer, kidney cancer, lung adenocarcinoma, lung squamous cell cancer, pancreatic cancer, gastric cancer, and urethral epithelial cancer tissues, while there was no control samples were available for OV (Figure 1B). We further analyzed the Oncomine data and found low expression of PER1 in mucinous ovarian adenocarcinoma, clear cell ovarian adenocarcinoma, serous ovarian adenocarcinoma, ovarian endometrioid adenocarcinoma, and ovarian endometrioid cystadenocarcinoma compared with normal ovarian tissue (Figure 1C).


[image: Figure 1]
FIGURE 1. Transcription levels of PER1 in different human cancers. (A) Increased or decreased expression of PER1 in various cancer tissues compared with normal tissues from the Oncomine database. (B) PER1 expression levels in various types of cancer from the TIMER database. (C) Expression of PER1 is downregulated in different types of OV. Box plots comparing PER1 expression in OV patients and normal individuals constructed based on data from the Oncomine database.




PER1 Is an Independent Prognostic Factor for OV

We analyzed the relationship between PER1 expression and the prognosis of OV patients. Kaplan–Meier analysis based on microarray data showed that low PER1 expression was associated with poor OS in OV patients (P = 0.014), whereas high PER1 expression was associated with poor PFS (P = 0.029) and PPS (P = 0.0021) (Figure 2A). We also assessed the prognostic potential of PER1 in OV using the PrognoScan database. In the GSE26712 cohort, high PER1 expression levels were associated with poor OS and DFS (Figure 2B). Univariate Cox analysis showed that age and PER1 were independent prognostic factors in patients with OV (Table 1); this was confirmed by subsequent multivariate Cox regression analysis (Table 2).


[image: Figure 2]
FIGURE 2. Prognostic value of PER1 mRNA expression in OV patients. (A) Low PER1 expression was associated with poor OS in BC patients using Kaplan–Meier Plotter, and high expression of PER1 was associated with poor PFS and PPS. (B) Survival curve from PrognoScan analysis for OS and DFS of patients with OV. OS, Overall survival; PFS, Progression-free survival; DFS, disease-free survival; PPS, Post Progression survival.



Table 1. Univariate COX regression analysis for PER1.
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Table 2. Multivariate COX regression analysis for PER1.
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Confirmation of the Prognostic Value of PER1 in OV Based on Clinical Characteristics

To further understand the prognostic value of PER1 expression in OV, we used Kaplan–Meier analysis to determine the relationship between PER1 mRNA expression and clinical characteristics of OV patients. In the risk model for PER1 and OS, PER1 expression in OV stages 1, 1+2, 2+3, 2+3+4, 3, and 4, and grades 2, 2+3, and 3, PER1 low expression and OV patients. Poor prognosis (in terms of OS) was significantly related; in stage 3+4, TP53 mutation and high expression of PER1 were significantly related to poor prognosis (OS) in OV patients (Figure 3A).


[image: Figure 3]
FIGURE 3. Forest plots showing associations between PER1 expression and clinicopathological features in OV patients. The above table show correlation of PER1 expression and OS in OV with different clinicopathological factors (A). The below table show correlation of PER1 expression and FPS in OV with different clinicopathological factors (B). ***P < 0.001.


In the risk model for PER1 and PFS, PER1 was expressed in ovarian serous tumors, stage 2+3, stage 2+3+4, stage 3, stage 4, and stage 3+4 OV, and TP53 mutant OV. High expression of PER1 was significantly correlated with poor prognosis (PFS) of OV patients (Figure 3B).



Identification of Key Candidate Gene Networks Based on PER1 Interactions

We constructed a gene–gene interaction network for PER1 to investigate its mechanism in OV and analyzed the function of these genes using the GeneMANIA database. The network contained 24 nodes representing genes that were highly correlated with PER1 (Figure 4A). In order to further explore the function of PER1, the STRING database was used to construct a PPI network. A total of 10 proteins with potential interactions with PER1 were filtered and screened, forming a very complex network (Figure 4B). We also found that the PER1 interaction network contained 10 common PER1-interacting genes across the GeneMANIA and STRING databases: CLOCK, TIMELESS, PER2, CRY2, CSNK1D, PER3, CSNK1E, NPAS2, CRY1, and ARNTL. We further evaluated the correlations between PER1 and these 10 interacting proteins based on the GEPIA database and found that the expression of PER1 in ovarian cancer was correlated with that of ARNTL, CLOCK, CRY1, CRY2, CSNK1D, CSNK1E, NPAS2, and PER3 (Figure 4C).


[image: Figure 4]
FIGURE 4. Interaction analysis for PER1 at the gene and protein levels. (A) Gene–gene interaction network for PER1 constructed using the GeneMANIA. The 24 most frequently changed neighboring genes are shown. Each node represents a gene. The node color represents the possible functions of the respective gene. (B) PPI network containing 10 nodes, constructed using the STRING database. (C) Scatter plots of correlations between PER1 expression and ARNTL, CLOCK, CRY1, CRY2, CSNK1D, CSNK1E, NPAS2, and PER3 in OV.




Analysis of TFs and PER1-Related Genes

To further study PER1, we explored the molecules that could regulate it and its related genes. We used the Network Analyst tool to predict TFs that could regulate PER1, ARNTL, CLOCK, CRY1, CRY2, CSNK1D, CSNK1E, NPAS2, and PER3, and constructed a PER1–TF network (Figure 5A). We found that four TFs (MAX, SREBF1, USF2, and YY1) could regulate the expression of PER1 and their expression was strongly correlated with that of PER1 (Figure 5B).


[image: Figure 5]
FIGURE 5. Associations of TFs and PER1-interacting genes (ARNTL, CLOCK, CRY1, CRY2, CSNK1D, CSNK1E, NPAS2, and PER3). (A) Network of TFs and selected PER1-interacting genes. (B) Correlation between TFs and PER1 expression.




Correlations Between PER1 Expression and Immune Cell Infiltration in OV

Tumor-infiltrating immune cells are independent predictors of cancer prognosis. Therefore, it was of great significance to analyze the relationships between the expression of PER1 and the infiltration levels of immune cells. As shown in Figure 6, using the TIMER database, we found that PER1 expression was significantly negatively correlated with the infiltration of B cells, macrophages, and neutrophils. In order to further explore the effects of PER1 expression on immune cell infiltration in OV, we used the “Gene” module in TIMER2.0 to search the database, inputting the target gene as PER1 and selecting OV. This module displays immune infiltration results obtained by different methods, including TIMER, EPIC, MCP-COUNTER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, XCELL, QUANTISE, and TIDE.


[image: Figure 6]
FIGURE 6. Correlation of PER1 expression with immune infiltration levels in OV. PER1 expression was significantly negatively related to infiltrating levels of macrophages, neutrophils, and B cells.


The results are shown in Table 3, where “+” indicates that PER1 is positively correlated with specific immune cells in OV, and “-” indicates that PER1 is negatively correlated with specific immune cells in OV. The result is the correlation index Rho (italics and black indicate a statistically significant positive correlation, black and underlined indicates a statistically significant negative correlation). PER1 expression in OV was positively correlated with neutrophils, regulatory T cells (Tregs), M2 macrophages, cancer-associated fibroblasts, naïve B cells, activated dendritic cells, and resting CD4+ memory T cells, and negatively correlated with B cells and M1 macrophages. The different methods used for CD4+ cells and macrophages led to inconsistent conclusions; this needs to be further explored.


Table 3. PER1 expression and infiltration levels of immune cells.
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Correlation Analysis Between PER1 and Immune Cell Markers

In order to further explore the relationship between PER1 and the infiltrating immune cell subsets in OV, we used the TIMER database again to explore the correlations between PER1 and different immune cell markers. As shown in Table 4, the expression of PER1 was significantly correlated with various immune cell markers. In addition, we studied the correlation between PER1 and different T cell subgroups of maker (Table 5). The subgroups included Th1, Th1-like, and Th2 cells; Tregs, resting Tregs, and effector Tregs; and effector, naive, effector memory, resistant memory, and exhausted T cells. These results indicate that PER1 is closely related to immune cell infiltration in OV and suggest that it has an important role in the tumor microenvironment of OV.


Table 4. Correlation analysis between PER1 and immune cell markers.
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Table 5. Correlations between PER1 and different T cell subgroups of maker.
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PER1 Affects the Prognosis of Patients via Effects on Immune Cells

Based on the close correlations between PER1 and immune cell infiltration, we investigated whether PER1 could affect the prognosis of patients via effects on immune cells. We stratified patients into lymphocyte-based subsets and examined the associations between PER1 and OV prognosis using Kaplan–Meier Plotter. As shown in Figure 7, decreased CD8+ memory T cells, decreased Treg cells, enriched B cells, enriched Treg cells, enriched macrophages, enriched NK T cells, enriched Th1 cells, decreased Th1 cells, decreased Th1 cells, decreased Th1 cells, decreased Th1 cells, and enriched Th2 cells, low expression of PER1 has a better prognosis. High expression of PER1 was significantly associated with poor prognosis in patients in the HTH2 cell subgroup but not in those in the CD4+ T cell subgroup (Figure 7A).


[image: Figure 7]
FIGURE 7. Kaplan–Meier survival curves based on expression of PER1 related to immune cell subtypes in OV. (A–H) Correlations between PER1 and OS in OV patients in different immune cell subgroups as estimated by the CIBERSORT algorithm.




Validation of PER1 in Independent OV Cohorts

We used qRT-PCR to characterize the expression of PER1 in OV tissues and paracancerous tissues. PER1 expression in OV tissues was observably lower than that in paracancerous tissues (Figure 8A). Then, we explored the effects of PER1 on prognosis of OV patients and found that lower expression of PER1 was significantly associated with poor survival (Figure 8B).


[image: Figure 8]
FIGURE 8. Expression of PER1 in 60 normal and tumor samples. (A) Kaplan–Meier OS analysis of Chinese OV patients based on expression of PER1 (B). ***p < 0.001.





DISCUSSION

One of the characteristics of malignant tumors is uncontrolled proliferation. As an important circadian rhythm gene, PER1 controls the metabolism of normal cells in the body. When it is abnormal, the resulting changes to the normal rhythm of cell proliferation lead to the occurrence of tumors. PER1 has a role in feeding and active behavior in mammals and is controlled by circadian rhythms (Kim et al., 2020). From a non-tumor perspective, PER1 is related to conditions such as Parkinson's disease, obesity, sleep, drug resistance, and premature ovarian insufficiency (Zheng et al., 2019; Delgado-Lara et al., 2020; EmeklI et al., 2020; Mabrouk et al., 2020; Arellanes-Licea et al., 2021). PER1 enhances the activity of GPX through the interaction of PER1 and GPX1 in the cytoplasm, thereby improving the oxidative phosphorylation efficiency of mitochondria (Sun et al., 2020). Current studies indicate that the clock gene PER1 is downregulated in a variety of tumors and plays an important part in promoting tumor progression. However, the biological function and mechanism of PER1 in tumors remain unknown.

Recently, studies have shown that PER1 is silenced or inhibited in a variety of cancers, and that activation or upregulation of PER1 can effectively inhibit cancer cell growth and increase spontaneous cell death. ALKBH5–PER1 is associated with the development of pancreatic cancer. Mechanistically, ALKBH5 activates PER1 in a M6a-YTHDF2-dependent manner after transcription through M6a demethylation (Liu et al., 2020). Upregulation of PER1 leads to the reactivation of ATM-CHK2-p53/CDC25c signaling, thereby inhibiting the growth of cells and the occurrence, development, and invasion of tumors. PER1 promotes the progression of oral squamous cell carcinoma by inhibiting autophagy-mediated apoptosis and enhancing cell proliferation in an Akt/mTOR-pathway-dependent manner. Low expression of PER1 is associated with poor prognosis in patients, and PER1 may be an important therapeutic target for oral squamous cell carcinoma (Yang et al., 2020). PER1 can promote cell apoptosis and expression of TNF-α, IL-6, and programmed death 1 (PD-1)/PD-L1, and inhibit tumor invasion and TUBB2B gene expression.

The severity of endometrial cancer is related to night-shift work and dysrhythmia. Rhythm-related factors PER1, TUBB2B, and tumor immune factors can regulate the pathogenesis and progression of endometrial cancer (Wang et al., 2020). As a circadian rhythm gene, PER1 has an important role in the cell cycle and affects the occurrence of cancer, including colorectal cancer (Holipah and Kuroda, 2020). In non-small-cell lung cancer, mangiferin inhibits lipopolysaccharide-induced epithelial–mesenchymal transition and enhances the expression of PER1 (Lin et al., 2020).

In this study, we investigated the expression of PER1 in OV tissues and adjacent normal tissues based on the TIMER and Oncomine databases and found that its expression in cancer tissues was lower than that in normal tissues. We used Kaplan–Meier analysis to determine the relationship between PER1 mRNA expression and the clinical characteristics of OV patients. In our models for OS and PFS, we found that PER1 was related to the stage, grade, and type of OV, and the presence of T53 mutations. Then, we evaluated the expression of PER1 and the survival of OV patients using Kaplan–Meier Plotter and PrognoScan. The results showed that PER1 was correlated with prognosis. According to the PrognoScan data, low expression of PER1 was associated with better patient prognosis in both the OS and DFS models. According to the Kaplan–Meier analysis, however, low expression of PER1 was associated with better prognosis of patients in the PPS and PFS models, whereas in the OS model high expression was associated with good prognosis. This apparent discrepancy may be related to the limited sample size; further research is needed. Overall, these results indicate that PER1 may be a valuable biomarker and an independent predictor of BC.

The development of immunotherapy strategies to eliminate cancer cells by enhancing natural defenses represents a milestone in cancer treatment. Blockade of PD-1/PD-L1 and CTLA-4 has achieved significant therapeutic success in a variety of cancers. Studies of immune infiltration have shown that the tumor immune microenvironment has a key role in cancer progression and affects the clinical outcomes of cancer patients (Murciano-Goroff et al., 2020; Zhang and Zhang, 2020). As immune cells are the cellular basis of immunotherapy, an in-depth understanding of immune infiltration in the tumor immune microenvironment can reveal underlying molecular mechanisms and provide new strategies to improve the efficacy of immunotherapy (Wu et al., 2021). A key result of the present work was that PER1 expression was closely related to the infiltration levels of a variety of immune cells. Many functional parameters in the immune system are related to cycle, including lymphocyte proliferation, natural killer cell activity, and cytokine levels (Young et al., 1995; Arjona and Sarkar, 2005; Keller et al., 2009). Inconsistent results were obtained for macrophages: PER1 expression showed different correlations with gene markers of M1 macrophages (e.g., PTGS2 and IRF5) and those of M2 macrophages (e.g., CD163, VSIG4, and MS4A4A), which may explain the potential ability of PER1 to regulate tumor-associated macrophages. In OV, there were also significant correlations between PER1 expression and the regulation of several T helper cell markers (Th1, Th2, Tfh, and Th17). These correlations indicate that PER1 could potentially regulate T cell growth in OV. Together, these findings indicate that PER1 plays an important part in the recruitment and regulation of infiltrating immune cells in OV.

This study investigated the links between PER1 and OV; however, there were some limitations. First, although we verified the expression of PER1 based on data from multiple public databases, further experiments are needed to clarify the molecular mechanism and mode of action by which PER1 regulates tumor-infiltrating cells and thereby affects the prognosis of OV patients. Second, although PER1 expression showed a certain correlation with prognosis, different results were found with different databases, possibly owing to differences in inclusion and exclusion criteria, sample size, human factors and random factors among studies; our research may be affected by the same problems and so further investigation is needed. In future experimental work, it will be necessary to address these problems. In conclusion, PER1 expression is downregulated in OV and significantly related to the pathological stage and prognosis of OV patients. PER1 and related genes have functions in the immune response. In addition, PER1 expression is related to levels of immune cell infiltration; therefore, PER1 may have a role in immunotherapy and is a potential prognostic indicator in OV.
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Colorectal cancer (CRC) is one of the most common cancers. Almost 80% of CRC cases are colon adenocarcinomas (COADs). Several studies have indicated the role of immunotherapy in the treatment of various cancers. Our study aimed to identify immune-related long non-coding RNAs (lncRNAs) and to use them to construct a risk assessment model for evaluating COAD prognosis. Using differential expression, correlation, and Cox regression analyses, we identified three immune-related differentially expressed lncRNAs (IR-DELs) and used them to construct a risk assessment model. The area under the curve (AUC) for each receiver operating characteristic (ROC) curve at 3-, 5-, and 10-years were greater than 0.6. In addition, the risk assessment model was correlated with several immune cells and factors. The three IR-DELs (AC124067.4, LINC02604, and MIR4435-2HG) identified in this study can be used to predict outcomes for patients with COAD and might help in identifying those who can benefit from anti-tumor immunotherapy.

Keywords: COAD, immune, lncRNAs, overall survival, risk model


INTRODUCTION

Colorectal cancer (CRC) is the third most common cancer worldwide, with nearly 1.8 million new cases and 861,000 deaths reported in 2018 (Bray et al., 2018). Depending on its anatomical location, CRC can be classified either as colon adenocarcinoma (COAD) or rectal adenocarcinoma (READ). COAD accounts for approximately 80% of CRC cases, and almost 50% patients with CRC will develop distant metastases (Arnold et al., 2017). The standard methods for CRC treatment are surgery, chemotherapy, and radiotherapy. These treatments can be combined, depending on the location and progression of the cancer (Johdi and Sukor, 2020). For example, approximately 66–61% of stage II and stage III patients with colon and rectal cancer undergo further treatments with adjuvant chemotherapy and/or radiotherapy, respectively (Miller et al., 2019). Approximately 50% of patients relapse even after additional treatment with neoadjuvant therapy (Ogura et al., 2019). Even with combination therapy, the overall survival (OS) rate of patients with advanced COAD remains low.

Cancer immunotherapy targets specific cancer antigens on the malignant cells, alerting the immune system to eradicate cancer through concerted immune responses (Johdi and Sukor, 2020). Immune cells and factors have antitumor effects, including antitumor initiation and progression (Berraondo et al., 2016; Chen et al., 2017). Cancer immunotherapy has been successfully used in the treatment of many cancers, particularly hematological malignancies and solid tumors (Im and Pavletic, 2017; Nixon et al., 2018). Increasing evidence suggests that immune cells and factors play important roles in the initiation and progression of CRC. Higher proportions of activated CD8+ TILs in the early stages of tumor development suggest that immune system surveillance recognizes CRC (Emambux et al., 2018).

Long non-coding RNAs (lncRNAs) are non-translated RNA transcripts and account for 68% of the human transcriptome (Iyer et al., 2015). They are involved in regulating the expression of genes at the epigenetic and transcriptional levels. LncRNAs participate in cell proliferation, differentiation, and apoptosis and play important roles in tumorigenesis and tumor suppression (Ogunwobi et al., 2020). For example, the lncRNAs HEIH, AK023391, and PAGBC can promote CRC tumorigenesis (Huang et al., 2017; Wu et al., 2017; Cui et al., 2018), while the lncRNAs RPPH1, FEZF1-AS1, and u50535 can promote invasion and metastasis of CRC (Bian et al., 2018; Yu et al., 2018; Liang et al., 2019). In this study, we aimed to investigate the relationship between lncRNA gene expression profiles and the immunity characteristics of patients with COAD, and to construct a risk assessment model which can be used to predict the outcome of COAD and identify patients likely to benefit from cancer immunotherapy.



MATERIALS AND METHODS


Data Acquisition and Analysis of Differentially Expressed Genes

We downloaded RNA sequence data and the corresponding clinical information for 497 individuals (41 healthy controls and 456 patients with COAD) from The Cancer Genome Atlas (TCGA) database. The DESeq2 package in R software (3.6.1) was used to identify differentially expressed genes (DEGs) based on the criteria: adj. P < 0.05, |logFC| ≥ 1.0, and basemean ≥ 100. A Gene Transfer Format (GTF) file from Ensembl1 was used to identify lncRNAs. A list of recognized immune-related genes (IR-Genes) from the ImmPort database2 was used to screen immune-related lncRNAs (IR-lncRNAs) using Spearman correlation analysis. David 6.8 was used to carry out KEGG (KEGG: Kyoto Encyclopedia of Genes and Genomes) and GO (Gene Ontology) analysis for those DEGs with the default parameters.

The ESTIMATE package in R software (3.6.1) was used to calculate the immune and stromal scores. The extent of immune cell infiltration was obtained from Tumor Immune Estimation Resource (TIMER) and used to estimate the immune cell infiltrates of patients in the TCGA database3.



Correlation Analysis

Spearman correlation analysis was used to identify the relationship between IR-DEGs and DELs based on the criteria: P-value < 0.05 and |R| > 0.5, and to identify the relationship between the risk score and immune infiltration based on the criteria: P-value < 0.05 and |R| > 0.



Overall Survival (OS) Analysis

To conduct OS analysis of IR-DELs, we first grouped the patients with COAD into low- and high-expression groups based on the expression of IR-DELs. Survival, Survminer, and RegParallel packages in R software were used for univariate and multivariate Cox regression analyses. To compute the risk value, we first calculated the cutoff value according to IBM SPSS 22, and then grouped the patients into low- and high-risk groups based on the cutoff value. Survival, Survminer, and RegParallel packages in R software were used for univariate and multivariate Cox regression analyses.



Risk Assessment Model Construction

We constructed a risk assessment model based on the IR-DELs identified through univariate and multivariate Cox regression analyses. The formula of the risk assessment model was set as follows: risk score = ExpIR-DEL1∗βIR-DEL1 + ExpIR-DEL2∗βIR-DEL2+……+ ExpIR-DELn∗βIR-DELn. Unpaired two-tailed Student’s t-test was used to investigate the relationship between the risk assessment model and the clinical characteristics of COAD. Time-dependent receiver operating characteristic (ROC) curves were used to estimate the utility of this model as a prognostic tool for predicting survival status. All statistical analyses were performed in Prism 8.0.1.244.



RESULTS


Aberrant Immune and Stromal Scores for COAD

We analyzed the data of 497 individuals, 41 controls and 456 patients with COAD, downloaded from the TCGA-COAD database. The ESTIMATE package in R software (3.6.1) was used to calculate the immune and stromal scores. The immune and stromal scores for patients with COAD were significantly lower than those for the controls (Figures 1A,C). Immune and stromal scores of COAD showed a significant correlation of both immune and stromal scores with tumor purity predictions (Figures 1B,D). We identified the maximum inflection points of the immune and stromal scores as the cut-off points on the ROC curve. The cutoff values for immune and stromal scores were -292.07 (Figure 1E) and –1336.78 (Figure 1F), respectively. The tumor purity for patients with COAD in different groups was displayed in Figure 1G. After categorizing the patients into low- and high-score groups based on the cutoffs, we performed OS analysis of the immune and stromal scores. Patients with COAD with high immune scores displayed significantly better OS (Figure 1H). However, there were no significant differences in the OS between patients with low and high stromal scores (Figure 1I).
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FIGURE 1. Colon Adenocarcinoma (COAD) is associated with immune and stromal scores. (A) Immune scores are significantly associated with COAD. (B) Immune scores are significantly correlated with tumor purity. (C) Stromal scores are significantly associated with COAD. (D) Stromal scores are significantly correlated with tumor purity. (E,F) maximum inflection point is the cut-off point for immune scores (E) and stromal (F). (G) The tumor purity is difference significantly in different groups. (H) Patients with COAD with high immune scores group have a longer survival time. (I) There is no significantly difference between low stromal scores and high stromal scores groups. ****P < 0.0001.




Identification of Immune-Related Differentially Expressed LncRNAs (IR-DELs)

Differential expression analysis was carried out using R software’s DEseq2 package. We screened 2977 genes and identified 1502 upregulated and 1475 downregulated genes (Figure 2A). Cross analysis with the recognized IR-genes identified 343 IR-DEGs (118 upregulated and 225 downregulated) (Figure 2B) while cross analysis with GTF annotation data showed 130 DELs (104 upregulated and 26 downregulated) (Figure 2C). To determine the relationship between the 343 IR-DEGs and the 130 DELs, we performed Spearman correlation analysis and obtained 483 pairs of IR-DEGs-DELs, which included 187 IR-DEGs and 53 DELs (Supplementary Table 1). The expression profiles of these 53 DELs was shown in Figure 2D.
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FIGURE 2. Identification of immune-related differentially expressed long non-coding RNAs (IR-DELs). (A) Volcano plot of DEGs for COAD. (B) Volcano plot of immune-related DEGs in COAD. (C) Volcano plot of immune-related DELs for COAD. (D) Heat map of 53 IR-DEGs verified using correlation analysis. (E) IR-DELs identified using univariate Cox regression analysis. (F) IR-DELs identified through multivariate Cox regression analysis. (G–I) Patients with high AC124067.4 expression (G), low LINC02604 expression (H), and low MIR4435-2HG expression (I) have a longer survival time. ****P < 0.0001.


Subsequently, we performed univariate Cox regression analysis for the 53 DELs and found that three (AC124067.4, LINC02604, and MIR4435-2HG) were correlated with OS in patients with COAD (Figure 2E). Furthermore, multivariate Cox regression analysis also showed that these three DELs were correlated with OS (Figure 2F). The relationships between AC124067.4, LINC02604, and MIR4435-2HG expression and OS are shown in Figures 2G–I.



Establishment of the Risk Assessment Model

We constructed a risk assessment model using the three DELs (AC124067.4, LINC02604, and MIR4435-2HG). The expression profiles of these three IR-DELs in the normal group and cancer group were shown in Figure 3A. The risk score and survival status of each case are displayed in Figures 3B,C. Next, we calculated the area under the curve (AUC) for each receiver operating characteristic (ROC) curve of the three DELs, generated the curved line, and found that the highest point corresponded to 0.6128 (Figure 3D). To validate the optimality, we further plotted the 3-, 5-, and 10-year ROC curves. All AUC values identified were greater than 0.60 (Figure 3E). The maximum inflection point occurred at a cut-off point of 4.115 (Figure 3F). Using this cutoff point, we re-distinguished the high- and low-risk groups, and then carried out OS analysis. The results indicate that patients with COAD with low-risk scores displayed better OS (Figure 3G). Then, we carried out differential expression analysis for patients with COAD between high-risk group and low-risk group, and found 49 DEGs (34 upregulated and 15 downregulated) (Supplementary Figure 1). We performed KEGG and GO analysis for those 49 DEGs. The results were displayed in Supplementary Table 3.
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FIGURE 3. Establishment of a Risk Assessment Model. (A) The expression of LINC02604, AC124067.4, and MIR4435-2HG in different groups. (B,C) Risk scores (B) and survival outcomes (C) for each COAD case. (D) The ROC curve for the three IR-DELs (AC124067.4, LINC02604, and MIR4435-2HG) models is related to the maximum AUC. (E) The 3-, 5-, and 10-year ROC of the optimal model show that all AUC values were over 0.60. (F) Risk Scores for 454 patients with COAD; the maximum inflection point is the cut-off point. (G) Patients with COAD with low-risk scores have a longer survival time. ****P < 0.0001.




Clinical Evaluation Using the Risk Assessment Model

To investigate the relationship between risk scores and clinical characteristics, we first computed correlations between risk scores and pathologic TNM (tumor, node and metastasis), pathologic stage, and vital status (Figures 4A–H). Pathologic TNM was previously correlated with OS (Chansky et al., 2009; Wu et al., 2015). In this study, we verified the relationship between pathologic TNM, the pathologic stage, and OS and showed that pathologic TNM was closely associated with OS (Figures 4I–K). We plotted the ROC curves of pathologic TNM, pathologic stage, and vital status, which showed that the AUC values of pathologic TNM and pathologic stage were lower than those of vital status (Figure 4L). These results indicate that the risk model was more accurate at predicting survival status than predicting clinical characteristics. Then, we also analyzed the expression of those the IR-DELs in difference pathologic TNM. The results were displayed in Supplementary Figure 2.
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FIGURE 4. Clinical evaluations with the risk model. (A–I) Histograms showing that pathologic tumor (T) (A,B), pathologic node (N) (C,D), pathologic metastasis (M) (E), pathologic stage (F,G), and vital status (H) are significantly associated with risk scores. (I–K) Patients with COAD in the T1 + 2, N0, and M0 groups have a longer survival time. l, The pathologic N, pathologic M, pathologic T, and pathologic stage ROC of the optimal model showed that all AUC values are lower than those of the vital status. *P < 0.05, **P < 0.01, ***P < 0.001.




Estimation of Tumor Immune Infiltration Using the Risk Assessment Model

This study aimed to screen out IR-DELs that could be used to predict COAD outcome by investigating whether the risk score was associated with the three IR-DELs (AC124067.4, LINC02604, and MIR4435-2HG). We found that the expression of one IR-DELs (AC124067.4) and two IR-DELs (LINC02604 and MIR4435-2HG) was negatively and positively correlated with the risk score respectively (Figures 5A–C).
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FIGURE 5. Estimation of tumor immune infiltration using the risk assessment model. (A–C) AC124067.4 (A), LINC02604 (B), and MIR4435-2HG (C) expression between the low- and high-risk groups. (D–J) The infiltrating scores of different tumor immune infiltrations in the low- and high-risk groups are significantly different. (D) CIBERSORT-ABS. (E) QUANTISEQ. (F) MCPCOUNTER. (G) EPIC. (H) CIBERSORT. (I) TIMER. (J) XCELL). (K) Risk models are significantly correlated with several immune cells and factors (|R| > 0, p < 0.05). *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.


Differential analysis of tumor immune infiltration showed that 73 and 20 immune cells and factors were significantly reduced and increased, respectively, between normal and patients with COAD (Supplementary Table 2). Of these, 41 immune cells and factors were significantly different between the low- and high-risk groups (Figures 5D–J). Spearman correlation analysis of these 41 immune cells and factors showed that 33 and 4 immune cells and factors were positively and negatively correlated with the risk score value respectively (Figure 5K).



DISCUSSION

CRC is a common and aggressive cancer associated with high mortality. Although overall mortality rates continue to decline due to improvements in diagnosis and treatment, the survival rate for advanced disease remains low and approximately 50% of patients relapse even after additional treatment with neoadjuvant therapy (Ogura et al., 2019). Cancer immunotherapy is a new alternative for cancer treatment that overcomes the non-specific problems associated with radiotherapy and chemotherapy (Johdi and Sukor, 2020). Hence, it is important to find a suitable immunity-related prognostic biomarker for CRC and to identify patients who can benefit from anti-tumor immunotherapy.

In this study, we identified three IR-DEGs (AC124067.4, LINC02604, and MIR4435-2HG) as possible prognostic biomarkers. AC124067.4, also known as RP11-150O12.3, is located on the shorter arm of chromosome 8 (8p). AC124067.4 was previously demonstrated to be an independent predictor of gastric cancer prognosis (Ren et al., 2016) and its expression was associated with survival in patients with CRC (Poursheikhani et al., 2020). Our study found that the expression of AC124067.4 was significantly upregulated, and its expression level was also associated with the OS rate in patients with COAD. Our findings are consistent with previous reports, reinforcing the possibility of using AC124067.4 as a prognostic biomarker for COAD. LINC02604, also known as LncHERG, is located on the longer arm of chromosome 7 (7q). Shi et al. (2017) found that LINC02604 knockdown inhibited glioblastoma cell proliferation, migration, and invasion in vitro and in vivo. These inhibitory effects were achieved by regulating miR-940 (Shi et al., 2017). In addition, they also found that patients with glioblastoma with high LINC02604 expression had poor prognosis and low survival (Shi et al., 2017). In the present study, we found that LINC02604 expression was significantly increased in patients with COAD, and they showed poor OS rate, consistent with a previous study (Shi et al., 2017). MIR4435-2HG is located on human chromosome 2q13. Previous studies correlated MIR4435-2HG with several cancers, including gastric cancer, hepatocellular cancer, ovarian cancer, and CRC (Freitas-Andrade et al., 2019; Gong et al., 2019; Kong et al., 2019; Dong et al., 2020; Shen and Zhou, 2020; Zhu et al., 2020). Freitas-Andrade et al. (2019) found that MIR4435-2HG expression was significantly increased in gastric cancer and promoted the growth and metastasis of gastric cancer by activating the Wnt signaling pathway. Kong et al. (2019) found that MIR4435-2HG expression was significantly increased in hepatocellular cancer and could promote proliferation by upregulating miRNA-487a. MIR4435-2HG has been identified as an early diagnostic biomarker for ovarian cancer (Gong et al., 2019) and gastric cancer (Wang et al., 2019). Ke et al. (2017) found that MIR4435-2HG expression was increased in colorectal cancer, and patients with high MIR4435-2HG expression displayed poorer progression-free survival and overall survival. Our results further indicate that MIR4435-2HG can be used as a prognostic biomarker to predict COAD outcome.

Till now, there are many risk assessment models for COAD based on differential expression analysis, including differentially expressed genes, differentially expressed lncRNA, differentially expressed microRNA. Li et al. (2020) found that a risk signature constructed by 10 genes (CEBPB, CXCL9, IRF8, ITGB1, LAG3, MCFD2, PSMD11, RNASE7, SPARC, and TAP2) displayed an accuracy of predictions of survival (AUC = 0.6763/0.6465). Miao et al. (2020) constructed a prognosis model by using 12 immune genes, including SLC10A2, CXCL3, NOX4, FABP4, ADIPOQ, IGKV1-33, IGLV6-57, INHBA, UCN, VIP, NGFR, and TRDC. The OS was significantly lower in the high-risk group than in the low-risk group. The 1-, 3-, and 5-year AUC value of ROC was 0.625, 0.646, and 0.713, respectively (Miao et al., 2020). Dai et al. (2018) also constructed a risk signature based on 16 genes (ATOH1, CDC6, CXCL10, EGR3, GALNT4, GZMB, HSD17B2, IFI6, INHBB, KLK11, OSER1-AS1, PLAT, PTPRR, RAB15, SPAG1, and SPINK1) and 2 lncRNAs (PRKAG2-AS1 and SNHG17). The 1-, 3-, and 5-year AUC value of ROC in the external validation set was 0.733, 0.667, and 0.673, respectively (Dai et al., 2018). In the present study, we constructed a risk assessment model using three IR-DELs. The AUC value of ROC was 0.6128 which was comparable with the risk model constructed by Li et al. and Miao et al., lower than the risk model constructed by Dai et al. (2018) Comparatively, there were fewer DEGs or DELs used in our present risk assessment model. In conclusion, we identified three IR-DELs that can be used as prognostic biomarkers for COAD and constructed a risk prediction model. However, whether the risk assessment models constructed by previous studies or our present investigation now are feasible in clinical prediction needs to be further verified.
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Objective: To identify biomarkers related to head and neck squamous cell carcinoma (HNSCC) metastasis and establish a prognostic model for patients with HNSCC.

Methods: HNSCC mRNA expression data of metastasis and non-metastatic samples were downloaded from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. After screening the differentially expressed genes (DEGs) in the two datasets, a prognostic model, including clinical factors and biomarkers, was established, and verified in 36 samples of HNSCC by quantitative real-time transcription (qRT)-PCR. Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and Gene sets enrichment analysis (GSEA) were consulted to explore the functions of the DEGs.

Results: In total, 108 DEGs were identified. GSEA, GO, and KEGG analyses showed that these DEGs were mainly involved in the proliferation and metastasis of HNSCC. Six genes that were significantly related to metastasis, immune cell infiltration and prognosis were further identified to construct a prognostic gene signature. The reliability of the gene signature was verified in 36 samples of HNSCC. A prognostic model, including tumor stage, risk level, and a nomogram for prediction were further established. Receiver operating characteristic (ROC) analysis, decision curve analysis (DCA), C-index, and calibration plots showed that the model and nomogram perform well.

Conclusion: We constructed a six-gene signature and a nomogram with high performance in predicting the prognosis of patients with HNSCC metastasis.

Keywords: head and neck squamous cell carcinoma, metastasis, overall survival, prognostic signature, nomogram


INTRODUCTION

Head and neck cancers (HNCs) rank sixth among the most common cancers worldwide. They arise anywhere in the head and neck, including the tongue, palate, buccal mucosa, throat, and pharynx (Marur and Forastiere, 2016). According to their pathological classification, the most common type is head and neck squamous cell carcinoma (HNSCC), accounting for 95% of HNCs. Continuous exposure to tobacco or alcohol are the main risk factors for HNSCC, and HPV infection is the most important risk factor for oropharyngeal tumors (Hatcher et al., 2016; Lydiatt et al., 2017). Although there are some ways to treat HNSCC, the survival rate of patients is still very low and the 5-year survival rate has remained below 60% in the past few decades (Miller et al., 2016). The main reasons for death are invasion and metastasis (Zhang et al., 2018). Due to the rich lymphatic system in the head and neck, lymphatic metastasis often occurs in HNSCC, and distant metastasis is also likely (Cho et al., 2015; Duprez et al., 2017). Therefore, the clinical staging of HNC is mainly based on the primary site of the tumor (T), the number of lymph nodes involved (N), and the presence of distant metastasis (M). TNM classification plays an important role in diagnosis, clinical treatment, and cancer registry activities (Huang and O’Sullivan, 2017). However, the tumor staging system is only based on clinicopathological data, and the key biomarkers and exact targets for predicting the development and prognosis of HNSCC remain unavailable. Currently, second-generation gene sequencing has brought a promising future for identifying valuable prognostic factors in HNSCC (Kamps et al., 2017). Although some biomarkers for HNSCC have been developed based on second-generation sequencing, there seems to be no perfect biomarkers that can predict the prognosis of HNSCC patients with metastasis.

The latest progress in the development of whole-genome sequencing and bioinformatics technology has provided new highlights for cancer genomes. The common open tumor database includes The Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA), which use innovative genome analysis technologies to accelerate the comprehensive understanding of cancer genetics, thereby helping to develop new strategies for cancer diagnosis, prevention and treatment (Zhang Z. et al., 2019).

In this study, the mRNA expression profiles and metastasis-related clinical data of 499 and 270 HNSCC samples were obtained from the TCGA database and GEO database, respectively. Six key genes related to metastasis of HNSCC were screened out, namely, SYT14, METTL7B, FOXA2, GNG8, TNFRSF13B, and MYO1H, and the expression of these six genes was further verified in 36 samples of HNSCC patients. A novel multi-factor prognostic model, which included tumor stage and risk level was established and could predict the prognosis of patients with HNSCC effectively. The main design and process of this study are shown in Figure 1.
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FIGURE 1. Flow chart of the main procedures of this study.




MATERIALS AND METHODS


Data Source

The mRNA expression data and clinical data of 528 HNSCC samples were obtained from the TCGA dataset1 and 270 HNSCC samples from GEO datasets2, respectively, the accession number of GEO datasets is GSE65858. The following inclusion criteria were used: (1) Patients pathologically diagnosed with HNSCC, with no history of tumors in any other part; (2) Patients with complete clinical data and follow-up data; (3) Patients whose survival time was more than 1 month. Since these databases are public, ethical reviews were exempt. In this study, 499 HNSCC samples from TCGA and 270 HNSCC samples from GSE65858 were enrolled for further analysis. In addition, genes with lower expression levels were deleted. As R package SVA can estimate surrogate variables, directly adjust the known batch effects, and adjust the batch and latent variables in the prediction problem, SVA was used to eliminate batch effects and bias between different data sets (Leek et al., 2012). Moreover, the RNA-seq data of the two data sets were converted into transcripts per million (TPM) values and then transformed to log2 format, the “scale” function in the R package limma was further used for normalization. these samples were divided into two groups according to N stage and M stage. N0 and M0 samples were all pooled in the non-metastatic group, while the others were classified as the metastatic group.



Gene Set Enrichment Analysis (GSEA)

To identify the KEGG pathway enrichment between non-metastatic group and metastatic group, the RNA expression data of the metastatic group and the non-metastatic group were extracted from the TCGA data set, GSEA3 was performed using GSEA software (version 4.1.0). the predefined gene set “c2.cp.kegg.v7.2.symbols.gmt” was downloaded from the Molecular Signatures Database (MSigDB). Pathways with FDR < 0.05 after performing 1,000 permutations were considered to be significantly enriched.



Analysis of Differentially Expressed Genes

R package edgeR was used to identify differentially expressed genes (DEGs) between non-metastasis group and metastasis group with a cutoff of FDR < 0.05, and | log2FoldChange| < 0.5 in TCGA and GSE65858. The intersection function in R Studio was applied to determine the common DEGs between GSE65858 and TCGA. In order to explore the functions of these DEGs, David was used to perform GO and KEGG pathway enrichment analysis. P < 0.05 was defined as significant enrichment.



Kaplan-Meier (KM) Survival Analysis of DEGs

X-tile software (Version 3.6.1) was used to define the best cut-off value for each DEGs, the 499 HNSCC samples in TCGA were divided into high-expression group and low-expression group according to the cut-off value. The KM method in the survival R package was used to found the DEGs that had a significant impact on the overall survival rate, two-stage method were applied to test the significance of the survival analysis. In the first stage, the log-rank test was performed, if P < 0.05 was obtained, the entire testing procedure ended, and the two hazard rates were considered to be significantly different. If the two hazard rates crossed, the stage two would be performed by landmark test to calculate the significance before and after the cross point (Qiu and Sheng, 2008).



Identification of DEGs Related to Prognosis

To further identify the DEGs related to prognosis, univariate Cox proportional hazards regression analysis was utilized to analyze the degree of risk of the DEGs selected above. Then, the genes with P < 0.05 were included to multivariate Cox proportional hazards regression analysis to find a panel of key candidate genes significantly related to metastasis and prognosis. The best panel was identified by adopting a selection strategy based on the Akaike information criterion (AIC); the less information lost, the higher the quality of the model. GSEA and predefined gene set “c2.cp.kegg.v7.2.symbols.gmt” were used again to explore the functional pathways in which the high and low expression of these candidate genes were significantly enriched (FDR < 0.05).



Construction and Validation of the Multi-Gene Prognostic Signature

Next, a multi-gene prognostic signature was constructed with the candidate genes for HNSCC. All the HNSCC samples were scored using the following equation: Risk score = Σexp (RNAi) × coef (RNAi); where exp (RNA) is the expression level of RNA, and the coefficient (RNA) is the regression coefficient calculated by the multivariate Cox proportional hazards regression model. Then, according to the risk score, the 499 HNSCC samples in TCGA were divided into two groups by X-tile: low-risk and high-risk groups. KM survival analysis and log-rank test were performed between the two groups. In addition, the accuracy of the risk score model for predicting prognosis was assessed using the ROC curve and the area under the curve (AUC) was calculated. GSE65858 was used as an external validation of the risk model.



Patients and Tissue Samples

A total of 36 HNSCC samples were obtained from Beijing Stomatological Hospital of Capital Medical University. This study complied with the Declaration of Helsinki and was approved by the Research Ethics Committee of Beijing Stomatological Hospital of Capital Medical University. Patients were selected according to the following criteria: (1) Patients with HNSCC pathologically diagnosed without other tumors and tumor history; (2) Patients with HNSCC who underwent primary tumor resection and neck lymphatic dissection, but did not receive radiotherapy and/or chemotherapy; (3) Patients with complete follow-up data. The HNSCC tissues obtained during the operation was immediately frozen in liquid nitrogen for storage. As all patients were in M0 stage, patients in N0 stage were defined as non-metastatic group, and patients with N1, N2, and N3 stages were defined as metastatic group.



Quantitative Real-Time Transcription (qRT)-PCR

To further verify the accuracy of the multi-gene signature, total RNA was extracted from all the HNSCC tissues using TRIzol (Invitrogen Life Technologies, United States) reagent according to the manufacturer’s instructions. cDNA was synthesized using a High-Capacity cDNA Reverse Transcription Kit (Applied Biosystems, United States). GAPDH was used as an internal control, and mRNA expression levels were determined by qRT-PCR using SYBR Green (Qiagen, Germany). Gene expression was calculated using the 2–△△CT method. All primers, listed in Table 1, were designed and compounded by Sangon Biotech (Shanghai, China).


TABLE 1. The primers used in qRT-PCR.
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Chi-Square Test

Chi-square test was performed to further explore which clinical factors were significantly related to risk level and survival status in TCGA, such as age, sex, smoking and drinking habits, location of tumor, HPV status, Pathological grade, TNM stage, P < 0.05 was considered to be significantly correlated.



The Correlation Between the Risk Level and Immune Cell Infiltration

The R package CIBERSORT was applied in TCGA and GSE65858 to quantify the proportions of 22 immune cell types in the tumor microenvironment, and to find immune cells that are significantly related to the risk level (P < 0.05). The immune scores of 499 samples in TCGA were calculated by the ESTIMATE algorithm.



Establishment and Validation of the Multi-Factor Prognostic Model

To establish an efficient multi-factor prognostic model, the 499 samples in TCGA were randomly assigned to two cohorts: the training cohort (n = 250) for the establishment of the model and the testing cohort (n = 249) for internal validation, GSE65858 was used as an external validation again. The risk level and clinical factors of the training cohort, including age, gender, smoking, drinking, location of tumor, HPV status, pathological grade and TNM stage, were included in the univariate Cox proportional hazards regression analysis. Next, we conducted multivariate Cox proportional hazards regression analysis on the factors with P < 0.05. In the output results, P < 0.05 was considered as an independent predictor of prognosis. Then, a multi-factor prognostic model was constructed based on the results of the Cox proportional hazards regression analysis. A nomogram was used to estimate the 1-, 3-, and 5-year survival rates of patients with HNSCC. Calibration plots and ROC curves were constructed to assess the predictive accuracy of this nomogram in predicting prognosis. Decision curve analysis (DCA) was performed to further evaluate the clinical net benefit of the nomogram. All the analyses were also applied to the internal validation cohort and external validation cohort. The C-index values of the nomogram in the three cohorts were calculated.



RESULTS


DEGs Identification

In the TCGA dataset, the 499 HNSCC samples were divided into a non-metastatic group of 163 samples and a metastatic group of 336 samples. In the GSE65858 dataset, the 270 HNSCC samples were divided into a non-metastatic group of 93 samples and a metastatic group of 177 samples. To explore the potential difference between the two groups in regard to the expression of genes involved in the KEGG pathway, GSEA analysis was conducted. The results showed that the metastasis group was mainly enriched in DNA replication, cell cycle, spliceosome, the P53 signaling pathway, and colorectal cancer, while the non-metastasis group was mainly enriched in arachidonic acid metabolism, the PPAR signaling pathway, and epithelial cell signaling in Helicobacter pylori infection (Figure 2A). We then found 462 DEGs in the TCGA dataset (Figure 2B), and 370 DEGs in the GSE65858 dataset (Figure 2C). There were 108 common DEGs, of which 69 were down-regulated and 39 were up-regulated (Figure 2D).
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FIGURE 2. Identification of DEGs associated with HNSCC metastasis. (A) The GSEA enrichment analysis between metastasis group and non-metastasis group. (B) The volcano map presenting the DEGs involved in metastasis in TCGA-HNSC. (C) The volcano map presenting the DEGs involved in metastasis in GSE65858. Blue: downregulated; Red: upregulated. (D) As shown in Venn diagram, there are 108 DEGs shared by GSE65858 (red) and TCGA-HNSC (blue).




Functional Enrichment Analysis of DEGs

In order to further explore the functions and pathways of these 108 DEGs, we performed GO and KEGG enrichment analysis. A number of GO terms and pathways related to tumors were enriched, mainly extracellular exosome, muscle filament sliding, keratinization, metabolic pathway, the Ras signaling pathway, arachidonic acid metabolism, and the VEGF signaling pathway (Figure 3).
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FIGURE 3. Functional enrichment analysis of DEGs. (A–C) GO analysis of DEGs. (D) KEGG pathway analysis of DEGs.




KM Survival Analysis of DEGs

Next, we organized the clinical data of HNSCC samples in the TCGA database and used the KM method to further obtain the DEGs that may influence survival outcomes. We found that ACTL8, BCO1, CDHR4, CEBPE, FOXA2, GNG8, METTL7B, MYO1H, SGK2, SLC13A4, SYT14, and TNFRSF13B had a significant impact on the overall survival rate (P < 0.05) (Figure 4).
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FIGURE 4. Survival analysis of genes significantly related to survival. Including ACTL8, BCO1, CDHR4, CEBPE, FOXA2, GNG8, METTL7B, MYO1H, SGK2, SLC13A4, SYT14, and TNFRSF13B.




Construction and Validation of Prognostic Gene Signature

Univariate Cox proportional hazards regression analysis was performed with the 12 candidate genes, and seven genes among them were obtained that were significantly associated with the outcome of each patient (P < 0.05), including four low-risk genes (HR < 1): SGK2, MYO1H, TNFRSF13B, and GNG8, as well as three high-risk genes (HR > 1): FOXA2, METTL7B, and SYT14 (Figure 5A). The above seven genes were included into multivariate Cox proportional hazards regression analysis. Finally, we obtained a panel of genes with the lowest AIC values, including MYO1H, TNFRSF13B, GNG8, FOXA2, METTL7B, and SYT14. The P-values of TNFRSF13B, FOXA2, and METTL7B were greater than 0.05, indicating that TNFRSF13B, FOXA2, and METTL7B could not be used as independent prognostic factors, but could be treated as auxiliary prognostic factors, so they were also retained (Figure 5B). It was worth noting that GNG8 and TNFRSF13B were highly expressed in the metastasis group, but played an opposite role in the prognosis (Figures 5C,D). A prognostic signature containing these six genes was established to predict the risk level of each patient as follows: Risk score = (−0.757) × exp (MYO1H) + (−0.31) × exp (TNFRSF13B) + (−0.235) × exp (GNG8) + 0.133 × exp (FOXA2) + 0.117 × exp (METTL7B) + 0.186 × exp (SYT14) (Figures 5E–H).


[image: image]

FIGURE 5. Construction of the six-gene prognostic signature. (A) Univariate Cox proportional hazards regression analysis was used to assess whether genes have significant prognostic value. (B) Multivariate Cox proportional hazards regression analysis was used to construct a risk biological prognostic signature. coef is the regression coefficient. (C) Heatmap of the six genes in the signature in TCGA. (D) Heatmap of the six genes in the signature in GSE65858. (E) The risk score of each HNSCC patient in TCGA. (F) The risk score of each HNSCC patient in GSE65858. (G) The survival status and overall survival time of each HNSCC patient in TCGA. (H) The survival status and overall survival time of each HNSCC patient in GSE65858.


KM survival analysis showed that patients with high-risk levels had significantly lower overall survival rates (Figures 6A,B), and the AUC of ROC was 0.7565 (P < 0.0001, 95%CI of HR: 0.7113–0.8016) in TCGA, and 0.7766 (P < 0.0001, 95%CI of HR: 0.7152–0.8380) in GSE65858 (Figures 6C,D), demonstrating that this risk score model is of a certain value. The chi-square test showed that, Age, location of tumor, tumor stage, T stage, N stage M stage and risk level are all significantly correlated with survival status (Table 2), among them, tumor stage, T stage, and N stage were also significantly correlated with risk level, it was worth noting that pathological grade is related to risk level, but not to clinical outcome (Table 3).


TABLE 2. The relationship between clinical outcome and clinical factors.
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TABLE 3. The relationship between risk level and clinical factors.
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FIGURE 6. Validation of the six-gene prognostic signature. (A) Survival analysis of the prognostic signature in TCGA. (B) Survival analysis of the prognostic signature in GSE65858. (C) AUC in ROC analysis for the signature at overall survival in TCGA. (D) AUC in ROC analysis for the signature at overall survival in GSE65858.




Functional Enrichment Analysis of the Prognostic Gene Signature

GSEA analysis was performed to explore the related functional pathways involving the six-gene signature in HNSCC. It turned out that highly expressed FOXA2, SYT14, and METTL7B were mainly enriched in the ECM receptor interaction, TGFβ signaling pathway, WNT signaling pathway, and MAPK signaling pathway, respectively, while lowly expressed FOXA2, SYT14, and METTL7B were mainly correlated with oxidative phosphorylation, peroxisome, fatty acid metabolism, and Natural killer cell mediated cytotoxicity. Highly expressed MYO1H was mainly enriched in linoleic acid metabolism, metabolism of xenobiotics by cytochrome P450, and retinol metabolism, while lowly expressed MYO1H was mainly enriched in glycosaminoglycan biosynthesis chondroitin sulfate, P53 signaling pathway, and small cell lung cancer. Interestingly, the high expression of GNG8 and TNFRSF13B is not only associated with the VEGF signaling pathway and JAK-STAT signaling pathway, but also related to immune-related pathways, including antigen processing and presentation, B and T cell receptor signaling pathway, and toll-like receptor signaling pathway, while lowly expressed GNG8 and TNFRSF13B were enriched in the adherens junction and proteasome (Table 4). These results also explain, to a certain extent, why GNG8 and TNFRSF13B were highly expressed in the metastasis group, but correlated with poor prognosis.


TABLE 4. Single-gene GSEA in FOXA2, METTL7B, SYT14, GNG8, MYO1H, and TNFRSF13B.
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Validation of the Prognostic Value of the Six-Gene Signature

Next, the mRNA expression of GNG8, MYO1H, TNFRSF13B, METTL7B, SYT14, and FOXA2 were detected in 36 HNSCC tissues by qRT-PCR. The results showed that the expression of MYO1H and TNFRSF13B was significantly down-regulated, while the expression of METTL7B, SYT14, and FOXA2 was significantly up-regulated in the HNSCC tissues with lymphatic metastasis (Figure 7A). Moreover, the expression of GNG8, MYO1H, and TNFRSF13B was significantly down-regulated, while the expression of SYT14 and FOXA2 was significantly up-regulated in the samples with higher tumor stage (Figure 7B). The risk scores of 36 patients were also calculated, and the high-risk group had a lower overall survival rate (Figure 7C). The AUC value of the ROC curve was 0.8515, indicating high accuracy of the six-gene signature in HNSCC samples (Figure 7D).
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FIGURE 7. Validation of six-gene prognostic signature by qRT-PCT. (A) The expression of these 6 genes in different N stages. (B) The expression of these 6 genes in different tumor stages. (C) Survival analysis of the prognostic signature in clinical samples. (D) AUC in ROC analysis for the signature at overall survival in clinical samples.




The Correlation Between the Risk Level and Immune Cell Infiltration

The CIBERSORT analysis indicated that the infiltration levels of plasma cells, T cells CD8, T cells CD4 memory activated and T cells follicular helper were significantly lower in the high-risk group than those in the low-risk group, and were negatively associated with the risk level. The infiltration levels of macrophages M0 and mast cells activated in the low-risk group were significantly higher than those in the high-risk group, and were positively correlated with the risk level (Figures 8A–H). ESTIMATE algorithm showed that the immune score of the high-risk group was significantly lower than that of the low-risk group (Figure 8I). In addition, the immune score also significantly affected the overall survival rate of patients in TCGA (Figure 8J).
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FIGURE 8. Immune cell infiltration in low-risk and high-risk group. (A) Infiltration of 22 types of immune cells in TCGA. (B) Infiltration of 22 types of immune cells in GSE65858. (C–H) The relationship between the risk level and the infiltration levels of plasma cells, T cells CD8, T cells CD4 memory activated, T cells follicular helper, Macrophages M0, and Mast cells activated. (I) Immune scores in low-risk and high-risk groups. (J) Survival analysis of the immune score.




Establishment and Validation of the Multi-Factor Prognostic Model

The clinical data of the training, testing cohorts and GSE65858 are shown in Table 5. Through univariate Cox proportional hazards regression analysis, we found that tumor stage, N stage, and risk level were all high-risk factors for prognosis in the training cohort (P < 0.05) (Figure 9A), showing that the tumor stage, N stage, and risk level all had prognostic value. The three factors were then included in multivariate Cox proportional regression analysis. We found that the tumor stage and risk level were finally selected, indicating that they could be utilized as independent factors to predict the clinical outcome of patients with HNSCC (P < 0.05) (Figure 9B). Further, a nomogram was built with the two factors to predict the 1-, 3-, and 5-year survival rates (Figure 9C). In the training cohort, the AUC values of the ROC curve for the nomogram were 0.657, 0.700, and 0.745, at 1-, 3-, and 5-year survival, respectively, and 0.724, 0.751, and 0.682 in the testing cohort, 0.747, 0.732, and 0.790 in GSE65858 (Figures 10A–C). DCA demonstrated that the combined model consisting of risk level and tumor stage showed the best clinical net benefit (Figures 10D–F). The calibration plot also showed the accuracy of this nomogram in the three cohorts, and the C-index values of the nomogram were 0.656, 0.7065, and 0.7055 in the training, testing cohorts and GSE65858, respectively (Figures 10G–I).


TABLE 5. Clinical data of TCGA-HNSC, GSE65858, and clinical samples.
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FIGURE 9. Establishment of the multi-factor prognostic model. (A) Univariate Cox proportional hazards regression analysis was performed to assess which factors have significant prognostic value. (B) Multivariate Cox proportional hazards regression analysis was used to establish the multivariate prognostic model. (C) Nomogram was built to predict 1-, 3-, and 5-year survival rate.
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FIGURE 10. Validation of the multi-factor prognostic model. (A) AUC in ROC analysis for the prognostic model in TCGA training cohort. (B) AUC in ROC analysis for the prognostic model in TCGA testing cohort. (C) AUC in ROC analysis for the prognostic model in GSE65858. (D) DCA for the prognostic model in TCGA training cohort. (E) DCA for the prognostic model in TCGA testing cohort. (F) DCA for the prognostic model in GSE65858. (G) Calibration plot for 1-, 3-, and 5-year overall survival in TCGA training cohort. (H) Calibration plot for 1-, 3-, and 5-year overall survival in TCGA testing cohort. (I) Calibration plot for 1-, 3-, and 5-year overall survival in GSE65858.




DISCUSSION

Because of the special anatomical features of the head and neck, HNSCC is very prone to early metastasis, especially lymphatic metastasis, which seriously affects the patient’s prognosis (Evans et al., 2019). Exploring molecular biological markers is of great significance to an early diagnosis, prognosis prediction, and treatment strategies of HNSCC. Studies based on deep sequencing have revealed various biomarkers for HNSCC diagnosis. A previous study has developed a 16-gene prognostic signature that can predict the prognosis of patients with tongue squamous cell carcinoma, including CD96, HNF1B, and SMG1 (Qiu et al., 2017). VEGF overexpression is closely related to advanced disease and poor survival in in vitro experiments and bioinformatics, revealing a novel HDGF/HIF-1α/VEGF axis in oral cancer prognosis (Lin et al., 2019). TGFBI, SPP1, and LAMB3 have been identified as potential biomarkers and survival-influencing factors of HNSCC (Shen et al., 2019). Using the TCGA data, Zhou et al. (2018) found that FAM135B methylation is a favorable independent prognostic biomarker for the overall survival of patients with HNSCC. In addition, Zhang et al. (2020) have identified 14 genes related to immune cell infiltration and can predict the prognosis of HNSCC. However, most studies are limited to comparing non-tumor and tumor tissues, whether these gene signatures are related to the metastasis-prone characteristics of HNSCC is little available. Therefore, exploring biomarkers closely related to HNSCC metastasis and constructing a comprehensive prognostic prediction model are extremely important for improving the survival rate of HNSCC patients.

In this study, we explored DEGs between the metastatic samples and the non-metastatic samples in order to obtain biomarkers related to metastasis. For more reliability of the results, we obtained 108 common DEGs from different data sets, which were likely to be changed in the majority of HNSCC samples. GO analysis showed that keratinization, muscle filament sliding and actin binding were mainly enriched in the “biological process” and “molecular function,” which is consistent with a previous study which found that highly invasive tumor cells exhibit enhanced actin polymerization activity and abnormal expression of actin regulatory proteins (Bravo-Cordero et al., 2012). In the “cellular component,” extracellular exosomes and extracellular spaces were significantly enriched, which showed that the communication between cells might be essential for cancer progression. In KEGG and GSEA analyses, a variety of signaling pathways were enriched. The P53 signaling pathway, cell cycle, Ras signaling pathway, and VEGF signaling pathway have been proven to play key roles in the progression of many tumors (Diez et al., 2011; Sohn et al., 2018; Meireles Da Costa et al., 2020). In general, the functions and pathways enriched in this study might also promote HNSCC metastasis.

As shown in the KM analysis of the 108 common DEGs, 12 DEGs significantly affected the overall survival rate. Next, we conducted Cox proportional hazards regression analysis on these 12 DEGs, and a six-gene prognostic signature was constructed, including GNG8, MYO1H, TNFRSF13B, SYT14, METTL7B, and FOXA2. The risk score of each patient was calculated, KM analysis showed that the high-risk group had significantly worse overall survival than the low-risk group. To further verify the reliability of this six-gene signature, we collected 36 HNSCC tissue samples and detected the mRNA expression of the six genes by qRT-PCR, and got similar results. The results showed that the expression of MYO1H and TNFRSF13B was significantly down-regulated, while the expression of METTL7B, SYT14, and FOXA2 was significantly up-regulated in the HNSCC tissues with lymphatic metastasis. The expression of GNG8, MYO1H, and TNFRSF13B was significantly down-regulated, while the expression of SYT14 and FOXA2 was significantly up-regulated in the samples with higher tumor stage, the samples with high risk had lower overall survival rates.

Current research shows that MYO1H is significantly related to mandibular deformities (Tassopoulou-Fishell et al., 2012). Interestingly, as the entire myosin superfamily, its internal members have different roles in tumors; for example, MYO1A can inhibit gastrointestinal tumors (Mazzolini et al., 2013), while MYO1E can promote breast cancer invasion (Hallett et al., 2012). It is worth noting that compared with the non-metastasis group, the expression of MYO1H was lower in the metastasis group. The GSEA results also showed that the low expression of MYO1H was significantly related to the cell cycle and P53 signaling pathway.

TNFRSF13B codes for the transmembrane activator, calcium modulator, and cyclophilin ligand interactor (TACI), which is mainly expressed on the surface of several B cells and in the marrow of humans (Sakurai et al., 2007). As the main receptor of B cell activation factor (BAFF), TACI can be combined with BAFF to trigger the NFκB typical signal pathway, thereby activating the NFκB anti-apoptotic cascade (Ouyang et al., 2012). TCAI is also a proliferation-inducing ligand (APRIL), and plays an important role in tumor growth and metastasis, including the promotion of cell cycle proliferation and anti-apoptosis (Garcia-Castro et al., 2015). Such a mechanism was verified in a study of breast cancer (Abo-Elfadl et al., 2020). Our results also showed that TNFRSF13B was highly expressed in the metastasis group; unexpectedly, it was low in the high-risk group. GSEA results showed that high TNFRSF13B expression is significantly related to the VEGF signaling pathway, which promotes metastasis, but is also associated with immune responses related to tumors, promoting a good prognosis for patients with HNSCC.

A recent study showed that GNG8 could regulate cognitive function by regulating cholinergic activity (Lee et al., 2020). However, there are few reports about this gene in tumors. The recurrence of sporadic chronic lymphocytic leukemia (CLL) and small lymphocytic lymphoma (SLL) may be related to the signaling pathways of certain G proteins (including GNG8) and G protein-coupled receptors (Nuckel et al., 2003). Moreover, there is also a certain relationship between GNG8 and the migration of CLL and SLL cells. In this study, we found that the high expression of GNG8 is significantly related to the VEGF and JAK-STAT signaling pathways, but similarly, it may also cause corresponding immune responses.

It has been reported that FOXA2 is highly expressed in colorectal cancer, participates in the epithelial–mesenchymal transition (EMT) process, and is closely related to the metastasis and clinical staging of colorectal cancer (Wang et al., 2018). In addition, FOXA2 has also been shown to be a target gene of MiR-942, which is involved in the proliferation, migration, and invasion of breast cancer cells (Zhang J. et al., 2019). Through the analysis of our data, we found that FOXA2 was highly expressed in the metastasis and high-risk groups, and was significantly related to the TGFβ signaling pathway and WNT signaling pathway.

METTL7B, encoded by the gene with the same name, is a member of the METTL protein family. The members of this protein family are DNA, RNA, and protein methyltransferases (Ignatova et al., 2019). In the study of non-small cell lung cancer (NSCLC), METTL7B is the target of NSCLC treatment and is involved in the regulation of the tumor cell cycle (Liu et al., 2020). In addition, METTL7B may also activate TGFβ1 and induce EMT in thyroid cancer (Ye et al., 2019). Our results also showed that METTL7B is highly expressed in both the metastasis group and the high-risk group, and is related to signaling pathways, such as the WNT and MAPK signaling pathways.

The function of SYT14 in human cancer is unclear, it has been reported that RNAi-mediated SYT14 knockdown inhibits the growth of human glioma cell line (Sheng et al., 2018). Our results showed thatSYT14 is also highly expressed in both the metastasis group and the high-risk group, and is highly related to the pathways in cancer, TGFβ signaling pathway and WNT signaling pathway.

Immune cell infiltration is an important part of the tumor microenvironment and has important value in predicting tumor prognosis (Gentles et al., 2015). In this study, we found that patients with low immune scores had worse prognosis, and our six-gene signature was significantly related to immune cell infiltration, plasma cells. T cells CD8, T cells CD4 memory activated, and T cells follicular helper were negatively correlated with risk level, while macrophages M0 and mast cells activated were positively correlated with risk level. plasma cells, T cells CD8, T cells CD4 memory activated, and T cells follicular helper were reported to play important roles in inhibiting tumors (Kim and Cantor, 2014; Wouters and Nelson, 2018; Panneton et al., 2019), while macrophages and mast cells activated have been proved to be associated with tumor metastasis and poor prognosis (Komohara et al., 2016; Zhang et al., 2020).

Moreover, we found that tumor stage, T stage, and N stage were all significantly related to survival status and risk level based on the six-gene signature in the chi-square test. As shown in the univariate Cox analysis, tumor stage, N stage, and risk level are all poor prognostic indicators of HNSCC. As the traditional tumor stage has certain limitations in predicting the prognosis of HNSCC (Beltz et al., 2018), we established a prognostic model that combines six-gene signatures related to metastasis with tumor stage in HNSCC using multivariate Cox analysis. Next, the nomogram constructed based on this model provided a more intuitive evaluation tool. In the training cohort, the internal verification cohort and external verification cohort, the ROC curve, C-index, and calibration plot all revealed that the nomogram had ideal predictive performance in terms of the prognosis of 1-, 3-, and 5-year survival. As expected, the DCA also confirmed that the nomogram had higher net benefit than the traditional tumor stage. In addition, this prognostic model was developed based on metastasis, which was more in line with the characteristics of easy metastasis of HNSCC.

However, because of the nature of the data source, clinical data relative to treatment, epidemiology, etc. is limited or not available, the information about impact of tumor location and HPV status on the prognosis of HNSCC, and whether the effects of immunotherapy and chemotherapy are related to risk scores are limited in the current study. In addition, tumor is a very complex disease, including genetic and epigenetic changes which may all lead to inconsistencies in the prediction results. Therefore, it is necessary to combine with a large number of clinical samples for further verification.

In conclusion, we identified 108 DEGs related to HNSCC metastasis, and constructed a biological signature composed of GNG8, MYO1H, TNFRSF13B, METTL7B, SYT14, and FOXA2 for predicting the prognosis of patients with HNSCC. This biological signature was not only related to metastasis and prognosis, but also related to immune cell infiltration. The combined application of these biomarkers can divide HNSCC patients into low-risk or high-risk groups, which can provide useful guidance for individualized and precise treatment. Moreover, a multi-factor prognostic model integrating tumor stage and molecular biomarkers has been established, which can be an effective and convenient tool for the clinical prediction of HNSCC prognosis and selection of treatment strategies.
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Background: Pancreatic adenocarcinoma (PAAD) is a highly lethal and aggressive tumor with poor prognoses. The predictive capability of immune-related genes (IRGs) in PAAD has yet to be explored. We aimed to explore prognostic-related immune genes and develop a prediction model for indicating prognosis in PAAD.

Methods: The messenger (m)RNA expression profiles acquired from public databases were comprehensively integrated and differentially expressed genes were identified. Univariate analysis was utilized to identify IRGs that related to overall survival. Whereafter, a multigene signature in the Cancer Genome Atlas cohort was established based on the least absolute shrinkage and selection operator (LASSO) Cox regression analysis. Moreover, a transcription factors regulatory network was constructed to reveal potential molecular processes in PAAD. PAAD datasets downloaded from the Gene Expression Omnibus database were applied for the validations. Finally, correlation analysis between the prognostic model and immunocyte infiltration was investigated.

Results: Totally, 446 differentially expressed immune-related genes were screened in PAAD tissues and normal tissues, of which 43 IRGs were significantly related to the overall survival of PAAD patients. An immune-based prognostic model was developed, which contained eight IRGs. Univariate and multivariate Cox regression revealed that the risk score model was an independent prognostic indicator in PAAD (HR > 1, P < 0.001). Besides, the sensitivity of the model was evaluated by the receiver operating characteristic curve analysis. Finally, immunocyte infiltration analysis revealed that the eight-gene signature possibly played a pivotal role in the status of the PAAD immune microenvironment.

Conclusion: A novel prognostic model based on immune genes may serve to characterize the immune microenvironment and provide a basis for PAAD immunotherapy.

Keywords: pancreatic adenocarcinoma, immune-related genes, transcription factors, prognostic model, tumor immune microenvironment


INTRODUCTION

Pancreatic cancer (PC) is one of the deadliest and most aggressive malignant neoplasms worldwide (Ilic and Ilic, 2016). In the next decade, PC is estimated to be the second leading cause of death among malignant cancer-related diseases (Rahib et al., 2014; Ferlay et al., 2016). Pancreatic adenocarcinoma (PAAD) occurs in approximately 85% of all PC cases and is associated with a less favorable prognosis (Higuera et al., 2016).

Pancreatic cancer treatment comprises surgery, chemotherapy, radiotherapy, neoadjuvant therapy, targeted molecular therapy, and immunotherapy. Nevertheless, the therapeutic effect of these strategies for PAAD is limited. Therefore, accurate prediction of the prognosis can determine if the patient will benefit from more radical treatment, thereby providing the patient with “individualized” systemic treatment to improve the prognosis.

Pancreatic adenocarcinoma is characterized by the high complexity of stomal tissue, which includes immune cells, various growth factors, the extracellular matrix, and fibroblasts. The tumor microenvironment (TME) accounts for about 15–85% of the whole tumor component in PAAD (Erkan et al., 2012; Liang et al., 2017). The complex and heterogeneous TME induced by interactions between pancreatic epithelial/cancer cells and stromal cells is responsible for PC progression and has been implicated in resistance to chemotherapy and immunotherapy (Markowitz et al., 2015; Incio et al., 2016; Ren et al., 2018). Besides, components of the PAAD microenvironment that contribute to immunosuppression correlate with a poor prognosis of patients (Tang et al., 2014; Whatcott et al., 2015; Wang et al., 2017). With deepening of the understanding of the microenvironment of PC, TME-based clinical and translational therapies could be a breakthrough hotspot in PC treatment in the future.

With the remarkable progress of bioinformatics analysis, in many studies, the mining of public databases has been used increasingly to predict cancer prognosis. Among them, immune-related genes (IRGs) have shown an increasingly prominent role in cancer development and immunotherapy (Ge et al., 2019; Huang et al., 2020; Kong et al., 2020; Yang et al., 2020). Predictive biomarkers related to the tumor immune microenvironment are expected to identify additional target molecules and to enhance immunotherapy efficacy (Taube et al., 2018; Bianco et al., 2019; Jiang et al., 2019; Liu et al., 2020; Zhao B. et al., 2020; Zwing et al., 2020). Currently, PC still lacks prognostic biomarkers related to the tumor immune microenvironment. Therefore, it is necessary to explore important biomarkers in PAAD to guide appropriate treatment options to improve the therapeutic efficacy of patients.

In our research, we investigated the messenger (m)RNA expression and corresponding clinical information of PAAD patients from public databases. Next, we constructed an IRGs-based prognostic model in The Cancer Genome Atlas (TCGA) cohort and validated it in the Gene Expression Omnibus (GEO) dataset. The regulatory network structured by differentially expressed transcription factors (DETFs) and prognosis-related IRGs may provide a theoretical basis to reveal the potential mechanisms at the molecular level. Finally, analyses of prognostic “gene signatures” and infiltration of immune cells may provide new ideas for the role of IRGs in predicting PAAD prognosis.



MATERIALS AND METHODS


Data Acquisition

The transcriptome sequencing data and corresponding clinical data of 176 PAAD patients were extracted from TCGA (172 PAAD specimens and four normal tissue specimens). The RNA-sequencing data of normal pancreatic tissue were acquired from the Genotype-Tissue Expression (GTEx) Project1 as well (Carithers et al., 2015). It contains the RNA-expression profile of 167 normal pancreatic tissues. Meanwhile, RNA sequencing fragments per kilobase of exon model per million reads mapped (FPKM) data were also obtained for further analyses. For validation cohort, gene expression matrix files and clinical data of 125 patients with PAAD in the GSE71729 dataset were downloaded from the GEO2. Match the gene symbols corresponding to the probes according to the annotation file provided by the manufacturer. If a single gene matches multiple probes, the median ranking value accounts for the expression value. We normalized gene expression value using the robust multiarray average (RMA) algorithm, and the normalized data were log2-transformed for further analyses. Publishing guidelines provided by the GEO database were observed, Therefore, there was no requirement for additional ethical approval. Furthermore, a list of IRGs was acquired from the Immunology Database and Analysis Portal (ImmPort) database that shares resources for immunology-related research3 (Bhattacharya et al., 2014). Then, a list of transcription factors (TFs) was obtained from the Cistrome Project4, including 318 TFs (Mei et al., 2017).



Analyses of Differentially Expressed Genes in PAAD

The “limma” R package5 (Ritchie et al., 2015) was used for analyses of differential expression. Differential gene expression was defined with adjusted-P < 0.01 and | log2 fold change| > 2 as the cutoff criteria. Then, we extracted differentially expressed immune-related genes (DEIRGs) and DETFs from all DEGs based on the lists obtained from ImmPort and Cistrome Cancer databases.



Analyses of DEIRGs in PAAD Using the Gene Ontology and Kyoto Encyclopedia of Genes and Genomes Databases

The functions and pathway enrichment of candidate DEIRGs were analyzed using Database for Annotation, Visualization and Integrated Discovery (DAVID) v6.86 (Dennis et al., 2003). To explore the underlying biological functions of DEIRGs, the GO and KEGG databases were searched using the R packages “GOplot7” (Walter et al., 2015) and “clusterProfiler8” (Kanehisa et al., 2017), respectively. Moreover, the cutoff value for pathway screening and significant functionality was placed at P < 0.05. To explain the correlation between enriched pathways and prognostic IRGs, an interaction network was constructed for visual representations.



Transcription Factors-Mediated Prognosis-Related IRGs Modulation Network

A short duration of follow-up usually limits the accuracy of survival analyses. Hence, we selected patients whose duration of follow-up was ≥60 days. To investigate the prognosis-related DEIRGs in PAAD patients, the “survival” R package9 was applied to implement the univariate Cox regression analysis (P < 0.01). To explore the interactions between DETFs and prognosis-related DEIRGs, the correlation test function was employed (set thresholds: P < 0.001 and correlation coefficient > 0.4).



Construction of the IRGs-Based Prognostic Model for PAAD

An IRG prognostic model was developed based on the LASSO Cox regression analysis. To minimize the risk of overfitting, the Lasso method used 10-fold cross validation based on the “glmnet” package10 in R (R Project for Statistical Computing, Vienna, Austria) (Tibshirani, 1997; Simon et al., 2011). Then, we used β coefficients of the LASSO Cox regression analysis to establish the DEIRGs-based prognostic model for PAAD. We used it to establish a formula to predict the risk score of each patient. The receiver operating characteristic (ROC) curve was used to judge the discrimination ability of various statistical methods on the basis of the binary gold standard (Hanley and McNeil, 1982). The ROC curve was created by the “survival ROC” R package11 to evaluate the sensitivity of the model. Finally, principal component analysis (PCA) was done based on the “prcomp” function from the “stats” R library.



Correlation Between the Immune-Related Signature and Clinical Features in a Prognostic Model of PAAD

The relevance between clinical characteristics (age, gender, histology grade, tumor stage, T staging, N staging, M staging, residual tumor, and outcomes) and expression of eight prognosis signatures in the prognostic model was analyzed using the “beeswarm” R package.



Further Verification of a Prognostic IRG Signature

To verify the prognostic value of the immune-related signature risk score model, we used the GSE71729 dataset as the validation cohort. Samples in the GSE71729 cohort were then divided into high-risk and low-risk groups based on the optimal cut-off point. Kaplan–Meier and ROC curve analysis of the eight-gene signature were performed as mentioned above. In addition, the Human Protein Atlas12 (Pontén et al., 2011) was used to extract the protein expression of prognostic-related immune genes in tumor samples and normal samples.



Analysis of Immunocyte Infiltration

The Tumor Immune Estimation Resource (TIMER) was employed to analyze and visualize the abundance of tumor-infiltrating immunocytes13 (Li et al., 2017). It detailed the abundance of six subsets of tumor-infiltrating immunocytes: B cells, CD8+T cells, CD4+T cells, macrophages, neutrophils, and dendritic cells (DCs). The online “Immune Estimation” file was retrieved, and the potential correlation between the prediction model and tumor-infiltrating immunocytes was conducted in R.



Statistical Analysis

Statistical analysis was undertaken with R v3.6.3. Unless specified otherwise, P < 0.05 was considered significant.



RESULTS

The flowchart of our study was displayed in Figure 1. The clinical features of the 185 PAAD patients enrolled in the TCGA–PAAD cohort were presented in Table 1.


TABLE 1. Clinical features of patients with pancreatic adenocarcinoma (PAAD).
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FIGURE 1. Study flowchart.



Identification of DEIRGs and TFs in PAAD

A total of 343 tissues were analyzed [172 PAAD tissues and 171 normal tissues (167 from the GTEx database)]. Compared with normal tissue specimens, 4,194 genes (expression of 2,313 was upregulated and expression of 1,881 was downregulated; Supplementary Table 1), 446 IRGs (expression of 387 was upregulated and expression of 59 was downregulated; Supplementary Table 2) and 36 TFs (expression of 29 was upregulated and expression of seven was downregulated; Table 2) were identified as differentially expressed in PAAD tissues (set threshold: P < 0.01, fold change > 2). The results mentioned above were shown as a heatmap and volcano map (Figure 2).


TABLE 2. Differentially expressed transcription factors (TFs).
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FIGURE 2. Identification of differentially expressed genes (DEGs), immune-related genes (IRGs), and transcription factors (TFs) in Pancreatic adenocarcinoma (PAAD) vs. normal tissues. (A) Volcano plot revealing clusters of DEGs with upregulated and downregulated expression. (B) The distinction between DEG expression in tumor tissues and normal tissues revealed by a hierarchical clustering heatmap. (C) Volcano plot demonstrates clusters of differentially expressed immune-related genes (DEIRGs) with upregulated and downregulated expression. (D) Heatmap showing the distinction between expression of DEIRGs in tumor tissues and normal tissues. (E) Volcano plot showing clusters of differentially expressed transcription factors (DETFs) with upregulated and downregulated expression. (F) Discrimination between DETFs expression in tumor tissues and normal tissues revealed by a heatmap.




Functional and Pathway Analyses Using GO and KEGG Databases

We wished to elucidate the biological properties and pathways of DEIRGs in PAAD patients. Hence, the GO and KEGG databases were employed. Inevitably, the DEIRGs were enriched in several immune-related molecular functions. The correlation between the top-five most important GO terms and their related DEIRGs was displayed (adjusted-P < 0.05; Figures 3A–C). Among them, “GO: 0019814 immunoglobulin complex” was the most prominent GO term. Figure 3D displays the top-20 significant pathways. The “pathway-DEIRGs” network (Figure 3E) was used for visualizing the reciprocity between the top-10 significant pathways and DEIRGs. Supplementary Table 4 shows 57 significant pathways according to the KEGG database. Adjusted-P < 0.05 was considered indicative of significance. Based on visualized data mining, hsa04060 (“cytokine–cytokine receptor interaction”), hsa04061 (“viral protein interaction with cytokine and cytokine receptor”), and hsa04062 (“chemokine signaling pathway”) were used more often to validate our findings using the KEGG database.
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FIGURE 3. Functional-enrichment analyses of DEIRGs in PAAD. (A) The outer circle shows expression (log FC) of DEIRGs in each enriched Gene Ontology (GO) term: red dots which are on each GO term indicate upregulation of DEIRGs. Blue dots indicate downregulated DEIRGs. The inner circle shows the prominence of GO terms (log10-adjusted P-values). (B) The circle represents the relationship between the top-five most significant GO terms and their related DEIRGs. (C) The top-five most significant GO terms and their annotations. (D) The top-20 pathways enriched in DEIRGs are shown in the bubble plot. (E) The top-10 pathways and the corresponding DEIRGs. The blue rectangles represent Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways. The red ellipses indicate upregulated DEIRGs. The green ellipses indicate downregulated DEIRGs.




Regulatory Network of TFs

Univariate Cox regression analysis revealed that 43 DEIRGs were associated with overall survival (OS) (P < 0.01): 37 high-risk IRGs and six low-risk IRGs (Figure 4A). We constructed a regulatory network based on 54 DEIRGs and 36 DETFs (set threshold: P < 0.001; correlation coefficient > 0.4). According to the cutoff criteria, 29 prognostic-related DEIRGs and 14 DETFs (Figure 4B) participated in the establishment of the network. Finally, the regulatory network was constructed and visualized using Cytoscape software14. The TFs lamin B1 (LMNB1) and lymphoid enhancer-binding factor 1 (LEF1) act as negative regulators of IRG SHC adaptor protein 2 (SHC2) (Figure 4B). Besides, the TF vitamin-D receptor (VDR) had a negative relationship with IRG fibroblast growth factor 17 (FGF17) and neuregulin 2 (NRG2). The specific regulatory relationship between TFs and OS-related IRGs in PAAD was listed in Supplementary Table 5.
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FIGURE 4. Overall survival (OS)-related DEIRGs and TFs-IRGs regulatory network. (A) The forest plot of OS-related DEIRGs in PAAD. Red and green dots indicate high risk and low risk, respectively. (B) Regulatory network between prognosis-related DEIRGs and DETFs in PAAD. The red and green circles indicate high-risk and low-risk DEIRGs, respectively. The blue triangles indicate DETFs. The red and green lines represent positive and negative correlation, respectively.




Construction of an Eight-IRGs Prognostic Model

Least absolute shrinkage and selection operator Cox regression analysis was applied to build a prognostic model based on the expression profile of the 43 prognostic DEIRGs mentioned above. Finally, eight genes were selected to construct a prognostic model based on the optimal value of λ (Supplementary Figure 1). The specific formula for the calculation was:

[image: image]

Pancreatic adenocarcinoma patients were separated into a high-risk group (n = 81) and a low-risk group (n = 81) based on the median value of the risk score (Figure 5C). PCA was undertaken to study the differences between low- and high-risk populations using the expression profiles of all genes, IRGs, and risk-related genes (Figure 6). We discovered that low- and high-risk groups were distributed in different directions (Figure 6C). Patients with high risk were more likely to die sooner than those with a low risk (Figure 5D). The Kaplan–Meier curve demonstrated that patients with high risk showed markedly worse OS than those with low risk (P < 0.001; Figure 5A). The area under the time-dependent ROC curves for 1-, 2-, and 3-years OS reached 0.750, 0.697, and 0.707 respectively. Hence, the predictive performance of the prognostic model exhibited good sensitivity and specificity (Figure 5B). Also, the immune-based prognostic model was relatively consistent. Figure 5E shows the expression of eight IRGs in the form of a heatmap.


[image: image]

FIGURE 5. Prognostic value of eight DEIRGs in PAAD patients. (A) Analyses of Kaplan–Meier curves for OS in PAAD patients using the signature of eight DEIRGs. (B) Receiver operating characteristic (ROC) curve suggesting the feasibility of our prognostic model. (C) Patients in high-risk (red dots) and low-risk (green dots) groups and the distribution of their corresponding risk score. (D) Patients in high-risk (red dots) and low-risk (green dots) groups, and their corresponding survival status. (E) Discrimination of expression of eight prognosis-related IRGs between high-risk and low-risk groups as revealed by a heatmap.
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FIGURE 6. Principal component analysis between low-risk and high-risk groups based on different classification methods. (A) All genes, (B) Immune genes, and (C) Risk genes.




Independent Prognostic Value of the Eight-Gene Signature

The independent predictive value of the prognostic signature was assessed by univariate and multivariate Cox regression analyses. Univariate Cox prognostic analyses demonstrated that the risk score was correlated significantly with OS [hazard ratio (HR) = 4.910, 95% confidence interval (CI) = 3.021–7.980, P < 0.001] (Figure 7A). After the multivariate analysis, the risk score remained an independent prognostic factor correlated with OS (HR = 4.868, 95% CI = 2.899–8.175, P < 0.001; Figure 7B). Moreover, univariate and multivariate independent prognostic analyses (Figures 7A,B) showed that the residual tumor and outcomes were also significant independent prognostic factors for survival (P < 0.05; Table 3).
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FIGURE 7. Univariate and multivariate independent prognostic analysis in PAAD. (A,B) Forest plots of univariate and multivariate independent prognostic analysis.



TABLE 3. Univariate and multivariate independent prognostic analyses.
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Eight-IRG Prognostic Model and Clinical Characteristics

Relationships between eight IRGs in the risk-score model and clinical features (age, gender, pathological TNM stage, histology grade, residual tumor, and outcomes) were assessed via the beeswarm packages in R (P < 0.05; Table 4). The cutoff value was determined by the median of the expression of the selected genes. As observed from Figure 8, the median values in the age ≤ 65 group were higher than those in the age > 65 group between mesenchymal epithelial transition factor (MET) expression and riskscore (Figures 8A,B). The median value of the SHC2 and interleukin 20 receptor subunit beta (IL20RB) expression in pathological stage I-II was higher than that in stage III-IV (Figures 8C,D). With regard to histology grade, the median value of MET expression and riskscore in grades 1 and 2 was lower than that in grade 3 and 4, and the trend was exactly the opposite for Fibroblast Growth Factor (FGF)17 (Figures 8E–G). The median values in T1–2 staging were lower than those in T3–4 staging among 2′–5′-oligoadenylate synthetase like (OASL) expression, MET expression, and riskscore (Figures 8H–J). Moreover, the median value of MET expression was lower in residual tumor R0 than that in R1 and 2 (Figure 8K). Additionally, the median values of SHC2, plasminogen activator, urokinase (PLAU) expression, MET expression, IL20RB expression, and riskscore were notably different in PAAD at outcomes CR relative to those at PR + PD + SD (P < 0.05, Figures 8L–P).


TABLE 4. Correlation between clinical features.
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FIGURE 8. Relationships between the clinical-pathological characteristics and expression of DEIRGs in PAAD. (A) Differences in expression of DEIRGs between the pathological TNM stages I and II/III and IV in PAAD. (B,C) Differences in expression of DEIRGs between the histology G1 and 2/G3 and 4 grades in PAAD. (D,E) Differences in expression of DEIRGs between the T stages T1 and 2/T3 and 4 in PAAD. (F–K) Differences in expression of DEIRGs between the M stages M0/M1/MX in PAAD. (L) Differences in expression of DEIRGs between the residual tumor R0/R1 and R2 in PAAD. (M–P) Differences in expression of DEIRGs between the outcomes (CR/PR + PD + SD) in PAAD.




Immunocyte Infiltration

We wished to ascertain if the eight-IRG prognostic model reflected the status of the PAAD immune microenvironment precisely. Hence, correlation analysis was done to explore the relationship between prognostic IRGs and infiltration of immune cells (Figure 9). The number of DCs, neutrophils, and CD8+ T cells was positively correlated with the risk-score prediction model (P < 0.05; Figures 9C,D,F) but the trend of CD4+ T cells was opposite (Figure 9B).


[image: image]

FIGURE 9. Relationships between prognostic value and degree of infiltration of six types of immune cells. The relationship of the eight-IRG prognostic model with (A) B cells, (B) CD4 T cells, (C) CD8 T cells, (D) dendritic cells, (E) macrophages, and (F) neutrophils is revealed by scatter diagrams.




External Verification of the Eight-IRG Prognostic Model

Out of the eight prognostic IRGs in our model, the expression of four IRGs was upregulated and that of the remaining four IRGs was downregulated in the TCGA–PAAD cohort. In addition, a GEO dataset (GSE71729) was used to externally verify the difference in expression of eight IRGs between tumor tissues and normal tissues. As expected, the expression of IL20RB, MET, OASL, and PLAU in tumor tissues was significantly higher than that in normal tissues. FGF17, natriuretic peptide A (NPPA), SHC2, and WAP, follistatin/kazal, immunoglobulin, kunitz, and netrin domain containing 1 (WFIKKN1) was not expressed or at a minimal level in tumor tissues (Figure 10A). The protein distribution and expression of FGF17, MET, and SHC2 are displayed in Figures 11A–F, whereas the other five IRGs remained inaccessible in the Human Protein Atlas. Verification using the GEO database further confirmed that PAAD patients in the low-risk group showed a significant OS benefit compared with that in PAAD patients in the high-risk group. The Kaplan–Meier estimator effectively distinguished different groups of various risk (P < 0.01; Figure 10B). The predictive capacity of the signature was confirmed by analyses of the ROC curve. Our results showed that the prognostic signatures of the GEO dataset also performed well in forecasting 1-, 2-, and 3-years survival (Figure 10C).
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FIGURE 10. Validation of the eight-gene signature in the Gene Expression Omnibus (GEO) database. (A) Expression of eight IRGs in tumor tissues and normal tissues in the GSE71729 database. (B) Kaplan–Meier curves for low- and high-risk groups in the GSE71729 database (P < 0.01). (C) ROC curve for predicting survival from PAAD based on the risk score of the GSE71729 database. *p < 0.05; **p < 0.01; ***p < 0.001.
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FIGURE 11. Representative immunohistochemistry images for expression of FGF17, MET, and SHC2 in pancreatic cancer tissues and normal tissues were shown with the fraction of samples with antibody staining/protein expression level high, medium, low, or not detected. (A–B) Expression of FGF17 in PAAD tissues were lower than that in normal tissues. (C–D) Expression of MET in PAAD tissues were higher than that in normal tissues. (E–F) Expression of SHC2 in PAAD tissues were obviously lower than that in normal tissues.




DISCUSSION

Pancreatic cancer remains a lethal type of cancer due to its poor prognosis and lack of efficacious therapeutic approaches. Precise prediction of OS after contracting PAAD is very important for the choice of therapeutic method and improving the prognosis.

Pancreatic cancer lacks reliable and effective prognostic biomarkers related to the tumor immune microenvironment. An effective prediction model to accurately assess the prognosis of PAAD is long overdue. We intended to explore DEIRGs and establish a model of PAAD based on IRGs to uncover the biomarkers that predict the diagnosis and prognosis of PAAD.

In our study, 446 DEIRGs of PC were identified by comprehensive analyses. Analyses of pathway enrichment revealed that these DEIRGs correlated with the inflammatory response and typical tumor-related pathways shown in Supplementary Table 4. Most of them were related to the progression and treatment of PAAD. Cytokines and their correlated pathways may play a relevant part in PAAD progression and immune evasion (Padoan et al., 2019; Dey et al., 2020). As a vital component of the signaling between cancer cells and surrounding stromal cells, chemokine signaling participates in the development of the supportive TME of PAAD (Sleightholm et al., 2017). The Janus kinase family/signal transducer and activator of transcription (JAK/STAT) signaling pathway were central to tumor growth, tumor survival, and systemic inflammation, particularly in PC (Quintás-Cardama and Verstovsek, 2013; von Ahrens et al., 2017). In addition, two studies (Hurwitz et al., 2015; Beatty et al., 2019) showed that inhibitors of the JAK/STAT pathway may have clinical benefit. A follow-up study of a general population indicated that the high cytotoxic activity of natural killer (NK) cells is linked to a reduced risk of cancer (Imai et al., 2000). Lee et al. (2020) stated that the activity of NK cells decreased as cancer progressed, and that decreased activity of NK cells was associated with poor clinical outcomes. NF-κB is a pro-inflammatory signaling pathway in pancreatitis and PAAD. Increased basal levels and/or inducible levels of NF-κB activation are strongly linked to several aspects of treatment resistance, as well as the proliferation and metastasis of tumor cells in PAAD (Arlt et al., 2012; Kabacaoglu et al., 2019). In addition, NF-κB-mediated chemokine signaling plays a crucial part in the therapy resistance of PC (Geismann et al., 2019). Signaling by T-helper (Th1) and Th2 cytokines is complex in the microenvironment of pancreatic tumors (Andrianifahanana et al., 2006). The presence of tumor-infiltrating lymphocytes with high Th2:Th1 ratios demonstrates a poor prognosis in PAAD (Seicean et al., 2009). He et al. (2011) revealed that the accumulation of Th17 cells and their relevant cytokine levels in PC tissues may manifest engagement in the invasion and metastasis of PC, which may thereby have an impact on the prognosis. We conducted a comprehensive investigation of the biological functions of DEIRGs in PAAD populations to provide a basis for elucidating their possible molecular regulatory mechanisms.

More and more studies have found that abnormally expressed TFs in tumor tissues were related to aggressive diseases and poor prognosis. The research on new drugs that target specific TFs had great potential in developing clinically relevant strategies for the treatment of malignant tumors (Sankpal et al., 2012). To further investigate the possible molecular regulatory mechanisms, a TFs-mediated prognosis-related IRGs network was structured to find the significant TFs regulating DEIRGs in this network. DETFs such as basic helix-loop-helix family member E40 (BHLHE40), E2F transcription factor 1 (E2F1), early growth response 2 (EGR2), FOS like 1, AP-1 transcription factor subunit (FOSL1), forkhead box M1 (FOXM1), kruppel like factor 5 (KLF5), LEF1, LMNB1, peroxisome proliferator activated receptor gamma (PPARG), PR/SET domain 1 (PRDM1), transcription factor AP-2 alpha (TFAP2A), tumor protein P63 (TP63), and VDR might regulate the DEIRGs in PAAD. BHLHE40 expression was upregulated by transforming growth factor (TGF)-β, and affected the morphology, migration, and invasion of PC cells by changing the expression of factors related to epithelial-to-mesenchymal (EMT) transition (Wu et al., 2012). E2F1-mediated overexpression of long non-coding (lnc)RNA-pancreatic cancer associated transcript 1 (PLACT1) promotes the growth of PAAD by continuously activating the NF-κB pathway and forming a positive feedback loop with IκBα in PC (Ren et al., 2020). Vallejo et al. (2017) revealed FOSL1 to be an oncogene in KRAS-driven lung cancer and PC, which partially factors through transcriptional regulation of a subset of genes involved in the mitotic machinery. Zhou et al. (2019) revealed an important epigenetic modification to FOXM1, and increased expression of FOXM1 suppressed the maturation of bone marrow−derived DCs via direct activation of Wnt5a signaling pathway and weakened the promotion of T−cell proliferation. He et al. (2018) demonstrated that KLF5 depletion in oncogenic Kras-expressing mouse PC cells reduced proliferation of tumor cells and PC progression. TP63 is a member of the p53 family and is transcribed from two promoters to produce two subtypes: TAp63 and ΔNp63 (Gonfloni et al., 2015). TP63 reprograms enhancers to drive squamous transdifferentiation in PC (Somerville et al., 2020). Sherman and collaborators discovered that the VDR is expressed in the stroma from PC cells and acts as a “master” transcriptional regulator of pancreatic stellate cells, thereby resulting in induced transcriptional reprogramming of tumor stroma in PAAD.

We innovatively established a TFs-mediated prognosis-related IRGs regulatory network in PAAD by bioinformatics analysis. This network showed that TFs regulated IRGs positively and negatively, which supplied a novel method to explore the IRGs underlying regulatory mechanisms in PAAD at the molecular level.

Eight IRGs involved in the prognostic model were considered to be potential biomarkers in PAAD. Among the eight genes, MET, OASL, SHC2, and PLAU have been well studied in PAAD compared with other IRGs. Nan and coworkers found that hepatocyte growth factor (HGF) promotes the invasion and migration of PC cells by activating the HGF/c-Met pathway (Nan et al., 2019). Besides, MET/HGF co-targeting may represent a treatment option for patients with PC (Modica et al., 2018). As a member of the OAS protein family, OASL is associated with the innate immune defense against viral infections. Glaß et al. (2020) identified OASL to be a candidate oncogenic RNA-binding protein with partially validated target potential in PC. Recently, PLAU has been reported to be an oncogene that activates EMT progression in PAAD (Zhao X. et al., 2020). SHC2 was a proverbial adaptor molecule that binds to receptor tyrosine kinases via its SH2 domain. Teodorczyk and coworkers reported that CD95L could induce SCK recruitment and activation of the phosphoinositide 3-kinase/extracellular signal-regulated kinase (PI3K/ERK) pathway by stimulating CD95 receptors and, ultimately, lead to PC cell-cycle progression (Teodorczyk et al., 2015). One review stated that high expression of IL20RB was related to poor survival, thereby suggesting its oncogenic potential in PAAD (Haider et al., 2014). FGF17 was a member of the FGF8 subfamily, which promotes the development and progression of hepatocellular carcinoma (Gauglhofer et al., 2011). In addition, FGF17 was overexpressed in human prostate cancer, and involved in the progression of prostate cancer to high−grade disease (Heer et al., 2004). Both studies have reported that FGF17 may be a novel tumor-promoting gene whose expression is upregulated in neoplasms, data which contradicted our findings. The exact role of FGF17 in PAAD is not known. Few related studies have reported NPPA or WFIKKN1 being involved in PAAD.

Our TFs-IRGs-mediated network contained five of the eight modeling genes: PLAU, OASL, FGF17, MET, and SHC2. Their interactions with tumor-associated TFs can provide a certain theoretical direction/basis for mechanistic studies. Therefore, further study of the potential regulatory mechanisms of these prognostic immune genes in PAAD is needed.

To clarify the immune microenvironment in PAAD, a correlation analysis on immunocytes was done based on the TIMER database. Results indicated that lower infiltration of DCs, CD8+ T cells, and neutrophils may be observed in low-risk patients, whereas the tendency of CD4+ T cells was the opposite. DCs, neutrophils, and CD8+ T cells exhibited a significantly positive regulatory relationship with the prognostic model. Thus, our model may act as a predictive factor for increased infiltration of immune cells. One study reported that higher numbers of CD4+ T lymphocytes were significantly associated with longer survival, which echoed our findings (Ino et al., 2013). A recent study showed that intratumoral infiltration by CD8+ T lymphocytes and neutrophils and a favorable prognosis in PAAD patients were tightly linked (Miksch et al., 2019), which is the reverse of our results. Thus, our results must be validated by further investigations. Whether the infiltration level of DCs in tumors indicates the clinical prognosis of PAAD patients has not been reported. Studies on other tumors have yielded inconsistent or even conflicting results that doubt the value of infiltrating DCs (Karthaus et al., 2012). The exact role of immunocytes in PAAD has not been clarified. Considering the different levels of immunocyte infiltration between high-risk and low-risk PAAD groups, suitable immunotherapy strategies can be selected based on the basis of the immune microenvironment in PAAD.

So far, several studies have proposed that prognostic gene signatures based on mRNA levels can predict the OS of PC prognosis. For instance, Birnbaum et al. (2017) built a 25-gene classifier that helped select patients with resectable disease for immediate surgery or neoadjuvant chemotherapy. Another study established a four-gene signature for prediction of OS from PC based on gene-expression data from the GEO database [1-, 2-, and 3-years survival area under the curve (AUC) reached 0.715, 0.654, and 0.715, respectively] (Yan et al., 2019). A recent study investigated the survival-associated genes from the integrated analysis of multiple datasets, and established prognostic signatures in PAAD (1-, 2-, and 3-years survival AUC reached 0.699, 0.637, and 0.621, respectively; Wu et al., 2019). At present, there are few studies on the relationship between IRGs and the prognosis of PAAD. The latest research developed an immune prognostic model to identify low-risk patients who may benefit from immunotherapy (Gu et al., 2021). However, this predictive model still lacks an external cohort to verify the effectiveness of the model. We used a specialized immune database to explore the relationship between many IRGs and the prognosis of PAAD patients. Subsequently, we established a new immune-related prognostic signature. No overlap was found between the eight-gene signatures we developed and the one defined previously. Besides, the riskscore had a robust predictive performance with 1-, 2-, and 3-years survival AUC reached 0.750, 0.697, and 0.704, respectively. The predictive performance of our prognostic model was superior or comparable with that reported in other studies, and this model prediction is verified in an external validation cohort. These results suggest that an immune-related prognostic signature may be a valid marker for the prediction of the PC prognosis.

Nevertheless, our study still has perceived limitations. Firstly, we only used data from sections of public databases to build and validate our prediction model. Therefore, one must conduct more prospective studies to verify its clinical applicability. Secondly, we excluded many prominent prognostic genes in PAAD, so the potential weakness inherent in constructing a prognostic model with a single hallmark is inevitable. Moreover, the protein expression of IRGs related to the prognosis, and their potential molecular mechanisms in the pathogenesis and development of PAAD, must be confirmed by additional experimental studies.



CONCLUSION

We defined a novel eight-IRG model as an independent prognostic predictor for PAAD. The prognostic value of this model was verified by an external validation database. Moreover, the correlation between the eight-IRG prognostic model and infiltrated immunocytes could demonstrate its pivotal role in the PAAD immune microenvironment, which could be utilized as a new prognostic and therapeutic biomarker in PAAD patients.
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Background: Ferroptosis is a recently recognized type of programmed cell death that is involved in the biological processes of various cancers. However, the mechanism of ferroptosis in lung adenocarcinoma (LUAD) remains unclear. This study aimed to determine the role of ferroptosis-associated long non-coding RNAs (lncRNAs) in LUAD and to establish a prognostic model.

Methods: We downloaded ferroptosis-related genes from the FerrDb database and RNA sequencing data and clinicopathological characteristics from The Cancer Genome Atlas. We randomly divided the data into training and validation sets. Ferroptosis-associated lncRNA signatures with the lowest Akaike information criteria were determined using COX regression analysis and the least absolute shrinkage and selection operator. The risk scores of ferroptosis-related lncRNAs were calculated, and patients with LUAD were assigned to high- and low-risk groups based on the median risk score. The prognostic value of the risk scores was evaluated using Kaplan–Meier curves, Cox regression analyses, and nomograms. We then explored relationships between ferroptosis-related lncRNAs and the immune response using gene set enrichment analysis (GSEA).

Results: Ten ferroptosis-related lncRNA signatures were identified in the training group, and Kaplan–Meier and Cox regression analyses confirmed that the risk scores were independent predictors of LUAD outcome in the training and validation sets (all P < 0.05). The area under the curve confirmed that the signatures could determine the prognosis of LUAD. The predictive accuracy of the established nomogram model was verified using the concordance index and calibration curve. The GSEA showed that the 10 ferroptosis-related lncRNAs might be associated with tumor immune response.

Conclusion: We established a novel signature involving 10 ferroptosis-related lncRNAs (LINC01843, MIR193BHG, AC091185.1, AC027031.2, AL021707.2, AL031667.3, AL606834.1, AC026355.1, AC124045.1, and AC025048.4) that can accurately predict the outcome of LUAD and are associated with the immune response. This will provide new insights into the development of new therapies for LUAD.

Keywords: ferroptosis, lung adenocarcinoma, long non-coding RNA signature, prognosis, The Cancer Genome Atlas


INTRODUCTION

Lung cancer is a common type of malignancy worldwide (Sung et al., 2021) and is also the most lethal. It comprises small cell and non-small cell lung cancer types (Garon et al., 2021). Lung adenocarcinoma (LUAD) is the primary type of NSCLC; it is more frequent than squamous cell lung cancer, thus being the most common histological subtype of primary lung cancer (Lortet-Tieulent et al., 2014). Due to the lack of specific techniques that could diagnose cancer in the early stages (Goulart et al., 2021), more useful prognostic biomarkers and therapeutic targets are required.

Ferroptosis is a recently established type of programmed cell death that is iron dependent and characterized by the accumulation of intracellular reactive oxygen species (Dixon et al., 2012). It differs from apoptosis, necrosis, and autophagy in terms of morphology, biochemistry, and genetics (Chen X. et al., 2021). Ferroptosis plays a key role in killing tumor cells and inhibiting tumor growth (Jiang et al., 2021; Wang H. et al., 2021). Accumulating evidence indicates that ferroptosis is involved in the biological processes of LUAD (Wohlhieter et al., 2020; Li et al., 2021; Lou et al., 2021). However, the regulation of ferroptosis remains obscure, and it is far from being applied to cancer therapy. Therefore, identifying the key regulators of ferroptosis is a key step in broadening the options for treating cancer.

Long non-coding RNAs (lncRNAs) are transcripts of > 200 nucleotides that typically do not encode proteins (Kopp and Mendell, 2018). lncRNAs play important roles in many processes, such as epigenetic regulation, cell cycle regulation, and cell differentiation regulation by mediating transcriptional activation, interference, and chromosomal modification (Pang et al., 2019). In particular, the abnormal expression or function of lncRNAs might be associated with various diseases, including cancer. lncRNAs may affect ferroptosis; for example, the nuclear lncRNA LINC00618 accelerates ferroptosis in a manner dependent upon apoptosis in leukemia (Wang Z. et al., 2021). The lncRNA PVT1 regulates ferroptosis through miR-214-mediated TFR1 and p53 in patients with acute ischemic stroke (Lu et al., 2020). The lncRNAs GABPB1-AS1 and GABPB1 regulate oxidative stress during erastin-induced ferroptosis in HepG2 hepatocellular carcinoma cells (Qi et al., 2019). The lncRNA LINC00336 inhibits ferroptosis in lung cancer by functioning as a competitive endogenous RNA (Wang M. et al., 2019). The lncRNA MT1DP increases non-small cell lung cancer sensitivity to ferroptosis through regulating the miR-365a-3p/NRF2 axis (Meng et al., 2020). Therefore, ferroptosis-related lncRNAs involved in predicting the outcome of LUAD should be determined to provide a theoretical basis for novel strategies to treat patients with LUAD.

Previous studies have shown that one mechanism for non-coding RNA to participate in gene regulatory networks is through the direct binding of lncRNA to other RNA molecules to regulate their stability or translation. These interactions rely on the binding of lncRNA to its RNA target and either creating a substrate for protein function or inhibitory protein effectors (Anastasiadou et al., 2018). Therefore, we use the limma package in R, one of the high-throughput analysis methods, to conduct a comprehensive analysis of the genome of LUAD (Ge et al., 2020). Through the co-expression analysis, the least absolute shrinkage and selection operator (lasso) regression, and COX regression (Wang et al., 2013; Hu et al., 2014), we identified ferroptosis-related lncRNAs that are associated with the prognosis of LUAD, constructed a nomogram with which to determine the prognosis of LUAD, and herein discuss the relevance of the model to predicting the immune response. Our findings should help to improve the early diagnosis rate of LUAD and provide a theoretical basis for precise, individualized treatment.



MATERIALS AND METHODS


Acquisition of Gene Expression and Clinical Data

Gene expression profiles and clinical data from patients with LUAD were downloaded from The Cancer Genome Atlas (TCGA). mRNAs and lncRNAs were encoded according to GENCODE Release 29 (GRCh38.p12). We collected clinical data including sex, age, and TNM, pT, pN, and pM stages as well as follow-up data. We excluded patients with incomplete clinicopathological characteristics. Considering the possibility of non-cancer-death, we also excluded patients who survived ≤ 30 days. We finally included data from 443 patients and randomly assigned them to training (n = 223) and validation (n = 220) sets using the caret package in R.



Ferroptosis-Associated lncRNAs

We obtained 259 ferroptosis-associated gene sets from FerrDb, the first manually curated resource for regulators and markers of ferroptosis that was released in December 2019 (Zhou and Bao, 2020). Ferroptosis-associated lncRNAs detected using the limma package in R were identified by correlation analysis between ferroptosis-related genes and lncRNA expression levels in the LUAD samples. We determined the Pearson correlation coefficients, and the threshold was established as a correlation coefficient > 0.4 and P < 0.001.



Establishment of Prognostic Ferroptosis-Associated lncRNA Signatures

We screened lncRNAs associated with the overall survival (OS) of patients with LUAD using univariate Cox regression analysis. Further screening was based on lasso regression to avoid overfitting, and we adjusted the L1 penalty parameter through 10-fold cross-validation to reduce the number of genes. Genes with a repetition frequency > 900 in 1,000 replicates were considered to be more closely associated with OS. We established prognostic lncRNA signatures using multivariate Cox regression and then constructed a lncRNA signature with the lowest Akaike information criterion (AIC) (Susko and Roger, 2020). The risk score for each patient with LUAD was calculated based on the amount of lncRNA expression and the corresponding coefficient as:
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Evaluation of Risk Score Prediction Ability and Nomogram Construction

Patients in the training and validation sets were assigned to high- and low-risk groups using the median risk score of the training group. Kaplan–Meier survival curves were constructed, and predictive performance was evaluated using receiver operating characteristics (ROC) curves. We conducted t-distributed stochastic neighbor embedding (t-SNE) using the Rtsne package in R to reduce the dimensions and visualize ferroptosis status based on the high- and low-risk groups. We applied independent prognostic factors determined via multivariate Cox regression to construct a prognostic nomogram using the rms package in R. The accuracy of the nomogram was verified using the Harrell concordance (C) index and a calibration curve.



Construction of a Ferroptosis-Related lncRNA–mRNA Co-expression Network

Correlations between co-expressed lncRNAs and mRNAs associated with ferroptosis were analyzed using a co-expression network and a Sankey diagram visualized using Cytoscape and the ggalluvial package in R.



Gene Set Enrichment Analysis

Potential immune responses between the high- and low-risk patients were investigated using gene set enrichment analysis (GSEA) (Subramanian et al., 2005), and P < 0.05, with a false discovery rate (FDR q) < 0.05, was considered statistically significant.



Statistical Analysis

Clinicopathological characteristics were compared between the training and validation sets using chi-square tests, and relationships between clinicopathological characteristics and lncRNA expression were compared using Mann–Whitney U-tests. All data were statistically analyzed using R (v. 4.0.1), and statistical significance was set at P < 0.05.



RESULTS


Acquisition of lncRNA Associated With Ferroptosis

Figure 1 shows a flow diagram of the study. Table 1 shows that the clinicopathological characteristics of the 443 patients with LUAD did not significantly differ between the training and validation sets. We downloaded 259 ferroptosis-related genes from FerrDb (Supplementary Table 1). To obtain high-quality lncRNA, we excluded those with a low expression level using a cutoff criterion for the average expression in all samples > 0.5. We then used the limma package in R to analyze the correlation between the expression levels of ferroptosis-related genes and lncRNA in LUAD samples and set the threshold conditions to a correlation coefficient > 0.4 and P < 0.001, and finally 1,138 ferroptosis-associated lncRNAs were obtained.
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FIGURE 1. Study flow chart. LUAD, lung adenocarcinoma; TCGA, The Cancer Genome Atlas database; lncRNAs, long non-coding RNAs; T-SNE, t-distributed stochastic neighbor embedding; GSEA, gene set enrichment analysis.



TABLE 1. Characteristics of patients with LUAD.
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Development and Validation of Prognostic Ferroptosis-Related lncRNA Signature

We constructed a ferroptosis-associated lncRNA signature based on the training group. We obtained 29 ferroptosis-associated lncRNAs associated with OS in a preliminary screen using univariate Cox analysis (P < 0.05; Figure 2A). We then analyzed these genes using lasso regression with 10-fold cross-validation and screened 19 ferroptosis-associated lncRNAs with a repetition rate > 900 in 1,000 replicates (Figures 2B,C). Thereafter, we conducted multivariate Cox regression analysis and constructed a lncRNA signature with the lowest AIC value. Therefore, we generated 10 ferroptosis-associated lncRNA prognostic signatures (Table 2). The median risk score classified the patients into high-risk (n = 111) or low-risk (n = 112) groups and was calculated as follows:
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FIGURE 2. Development of prognostic ferroptosis-associated lncRNA signature. (A) Forest plot of univariate Cox regression identified 29 ferroptosis-related lncRNAs associated with overall survival. (B,C) Lasso Cox regression to identify lncRNAs associated with ferroptosis that have implications for the prognosis of LUAD. lncRNAs, long non-coding RNAs; LASSO, least absolute shrinkage and selection operator; LUAD, lung adenocarcinoma.



TABLE 2. Ten ferroptosis-associated lncRNAs determined via multivariate Cox regression analysis.

[image: Table 2]0.0717 × Expression LINC01843 + 0.3744 × Expression MIR193BHG–0.2992 × Expression AC026355.1–0.8269 × Expression AC124045.1 + 0.8407 × Expression AC091185.1 + 0.1046 × Expression AC027031.2 + 0.1700 × Expression AL021707.2 + 0.1748 × Expression AL031667.3 + 0.3496 × Expression AL606834.1–0.6308 × Expression AC025048.4.

Kaplan–Meier curves showed that patients with high-risk scores in the training set had a significantly higher probability of death (P < 0.001; Figure 3A). As risk scores increased, the risk of death increased, and survival duration decreased (Figure 3B). The risk heat map shows the expression of lncRNAs between the high- and low-risk groups (Figure 3C). We further used the Mann–Whitney U-test to explore the difference in lncRNA expression between the high- and low-risk groups (Supplementary Figure 1A). We then confirmed these results in the validation set, in which OS also significantly differed between the high- and low-risk groups (P < 0.001; Figures 3D,E). We also used the risk heat map to show the expression of lncRNA between the high- and low-risk groups in the validation set (Figure 3F) and used the Mann–Whitney U-test to explore the expression differences between them (Supplementary Figure 1B). The results showed that the expression of lncRNA including AC025048.4, AC026355.1, AC124045.1, AL031667.3, AL606834.1, and MIR193BHG was significantly different in the training and validation groups. We explored the distribution of the high- and low-risk groups using t-SNE (Figures 4A,B) and intuitively perceived that patients with LUAD can be better differentiated based on prognosis indicated by lncRNAs associated with ferroptosis.
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FIGURE 3. Development and validation of prognostic ferroptosis-associated long non-coding RNA signature. (A) Kaplan–Meier curve, (B) risk score and survival status, and (C) heat map for the training group. (D) Kaplan–Meier curve, (E) risk score and survival status, and (F) heat map for the validation group.
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FIGURE 4. T-distributed stochastic neighbor embedding analysis. (A) Training and (B) validation sets.




Independent Prognostic Analysis of OS

We assessed whether clinical characteristics (sex, age, TNM stage, pT, pN, and pM) and risk scores were independent prognostic factors for OS using univariate and multivariate Cox regression analyses. The results showed that TNM stage and risk scores were independent predictors of OS in the training and validation sets (Figures 5A–D). We further compared the diagnostic efficacy of risk scores and other baseline approaches for patients with LUAD by drawing the ROC and calculating the area under the curve (AUC). The AUC values for risk scores in the training and validation groups were 0.741 and 0.771, respectively (Figures 5E,F), which were higher than the other indicators in both groups and further confirm that ferroptosis-associated lncRNA signatures have a higher diagnostic power than other indicators in predicting the prognosis of patients with LUAD.
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FIGURE 5. Independent prognostic factors for LUAD overall survival. Univariate Cox regression analysis in the (A) training and (B) validation sets. Multivariate Cox regression analysis in the (C) training and (D) validation sets. Receiver operating characteristic curves of risk scores and other clinical characteristics based on overall survival in the (E) training and (F) validation sets. LUAD, lung adenocarcinoma.




Construction and Validation of the Predictive Nomogram in LUAD

We established a nomogram to predict the OS of patients with LUAD based on independent predictive factors derived from a multivariate Cox risk regression model (Figure 6A). The C-index of the nomogram was 0.763 [95% confidence interval (CI), 0.712–0.814)] and 0.736 (95% CI, 0.669–0.803) in the training and validation sets, respectively. The prediction model calibration curve also revealed consistent predicted and actual survival rates in the training and validation sets (Figures 6B–G).
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FIGURE 6. Construction and validation of a predictive nomogram. (A) Nomogram for predicting the overall survival (OS) of patients with LUAD at 1, 3, and 5 years. Calibration curves of nomogram for OS prediction at 1, 3, and 5 years in the (B–D) training and (E–G) validation sets. LUAD, lung adenocarcinoma.




Correlation Between Clinicopathological Characteristics and the Expression of 10 Ferroptosis-Associated lncRNAs

We further explored the relationship between clinicopathological characteristics and found that the expression of lncRNA AL031667.3 increased with age (Figure 7A), AC027031.2 was abundantly expressed in female patients (Figure 7B), the expression of AC091185.1 and AC124045.1 was associated with TNM stage (Figure 7C), that of AC091185.1, AC124045.1, AL021707.2, and LINC01843 was associated with pT stage (Figure 7D), and that of AC124045.1, AL021707.2, AL031667.3, and MIR193BHG was associated with pN stage (Figure 7E). Patients with decreased AC124045.1 expression were more likely to have distant metastases (Figure 7F).
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FIGURE 7. Correlation between the expression level of 10 ferroptosis-associated long non-coding RNAs and clinicopathological characteristics. (A–F) Age, sex, TNM stage, pT stage, pN stage, and pM stage, respectively. TNM, tumor node metastasis; NS, not significant. *P < 0.05; **P < 0.01.




Construction of Co-expression Network and GSEA

We visualized the co-expression network between lncRNAs and mRNAs using Cytoscape (Figure 8A). We also differentiated protective and risk factors from Sankey diagrams prepared using the ggalluvial package in R (Figure 8B). The potential immune response functions of the 10 ferroptosis-associated lncRNAs were further explored by comparing immune-related GSEA enrichment between the high- and low-risk groups. The results showed that the immune response and the immune system process were significantly enriched in the low-risk group (all P < 0.05, FDR < 0.05; Figure 9).
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FIGURE 8. Cytoscape and Sankey diagram of the lncRNA–mRNA co-expression network. (A) Cytoscape map: red and blue, lncRNA and mRNA, respectively. (B) Sankey diagram. lncRNAs, long non-coding RNAs.
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FIGURE 9. Gene set enrichment analysis. (A) Immune response. (B) Immune system process (all P < 0.05; false discovery rate, < 0.05).




DISCUSSION

Although screening, diagnosis, and treatment have recently progressed, LUAD remains one of the most aggressive and fatal malignancies due to its complex genetic and molecular mechanisms (Chang et al., 2021). As emerging biomarkers of genes and other molecules, lncRNAs play important roles in the occurrence and development of various tumors, including LUAD (Peng et al., 2021; Zhang L. et al., 2021). Ferroptosis is a recently established type of regulatory cell death caused by the excessive accumulation of lipid peroxides and iron-dependent reactive oxygen species (Zhang J. et al., 2021). Ferroptosis is closely associated with the pathophysiological processes of many diseases, including LUAD (Wu Y. et al., 2020). However, lncRNAs associated with ferroptosis that can determine the prognosis of patients with LUAD have remained unknown. Therefore, we aimed to construct a prognostic model by exploring lncRNAs associated with ferroptosis that could detect LUAD and improve the survival rates of patients.

We obtained 259 ferroptosis-related genes and then identified 1,138 ferroptosis-related lncRNAs through a correlation analysis. Patients with LUAD were randomized into training and validation sets. We identified 29 prognostic ferroptosis-associated lncRNAs in the training set using univariate Cox regression. We avoided overfitting using lasso regression for dimensionality reduction and obtained 19 lncRNAs that were associated with ferroptosis. We then constructed a signature comprising 10 ferroptosis-related lncRNAs with the lowest AIC values using multivariate Cox regression analysis. All patients were then assigned to high- and low-risk groups based on risk scores. The results of univariate and multivariate Cox regression analysis of the training and validation sets indicated that the risk score is an independent risk factor affecting the prognosis of patients with LUAD. The AUC and t-SNE further confirmed the accuracy and distinguishing ability of the lncRNA signature.

Nomograms are intuitive and simple prognostic prediction models that have become more prevalent in medical research and clinical practice. They have the advantages of convenient operation and high prediction accuracy, and they have been widely applied to cancer research (Chen D. et al., 2021). Since few nomograms have been constructed based on ferroptosis-associated lncRNA, we established a model based on our multivariate findings, which directly reflected the degree of influence of risk scores on predictions of patient survival. The nomogram containing risk scores discriminated the training and validation sets with a C-index of 0.763 (95% CI, 0.712–0.814) and 0.736 (95% CI, 0.669–0.803), respectively (Van Oirbeek and Lesaffre, 2010). The established calibration curve also showed that the survival rate predicted by the nomogram in the training and validation sets was consistent with the actual survival rate (Zheng et al., 2021). These results confirm the accuracy of our nomogram.

The Sankey diagram intuitively showed that seven lncRNAs were risk factors for prognosis, whereas three were prognostic protective factors. The abundant expression of LINC01843 might be associated with a poor prognosis in patients with LUAD (Li et al., 2020). MIR193BHG plays a key role in regulating physiological redox homeostasis, and lipid peroxidation is a key step in the process of ferroptosis (Wu X. et al., 2020). AC026355.1 might play a key role in the immune regulation of LUAD (You et al., 2021). We found that only AC124045.1 is associated with TNM stage, pT, pN, and pM. The expression of AC124045.1 decreased as TNM stage increased. Our results also found that AC124045.1 might be a key protective factor in terms of the prognosis of LUAD. However, little is known about this and other lncRNAs. Therefore, we plan to focus future studies on these lncRNAs to determine a new strategy for treating LUAD.

Tumor-related immune responses play important roles in cell infiltration and metastasis in the tumor microenvironment (Marar et al., 2021; Zhu et al., 2021), whereas ferroptosis and lncRNAs play key regulatory roles in tumor-related immune responses (Wang W. et al., 2019; Sun et al., 2020; Tang et al., 2020). The results of our immune-related GSEA analyses of the high- and low-risk groups revealed that the immune response and immune system processes were significantly enriched in the low-risk group, suggesting that low-risk patients have ferroptosis-related, anti-tumor immune response processes that reduce the risk of death.

Continuous breakthroughs have recently occurred regarding ferroptosis and new treatments for diseases, and novel lncRNA functions are constantly being revealed. However, many gaps in knowledge about ferroptosis and lncRNAs remain to be filled. We identified 10 ferroptosis-associated lncRNAs using high-throughput sequencing technology and elaborated a possible immune response. As far as we can ascertain, this is the first study to identify a lncRNA prognostic signal associated with ferroptosis in LUAD. However, this study has some limitations. We only used test and validation sets from TCGA database to verify the effectiveness of the lncRNA prognostic model associated with ferroptosis. Relevant basic experiments to detect the expression levels of the identified ferroptosis-associated lncRNAs in cell lines and clinical samples are scarce. Therefore, further studies are needed to clarify the mechanisms of lncRNAs associated with ferroptosis in LUAD.



CONCLUSION

We identified and verified the signature of 10 lncRNAs associated with ferroptosis that have an independent prognostic value for LUAD patients and might be involved in the immune response. Therefore, we believe that our findings will serve as a potential prognostic indicator and inspire new treatment strategies involving ferroptosis to improve the prognosis of patients with LUAD.
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Lung cancer is the leading cause of cancer-related deaths worldwide. Despite significant advances in cancer research and treatment, the overall prognosis of lung cancer patients remains poor. Therefore, the identification for novel therapeutic targets is critical for the diagnosis and treatment of lung cancer. CPNEs (copines) are a family of membrane-bound proteins that are highly conserved, soluble, ubiquitous, calcium dependent in a variety of eukaryotes. Emerging evidences have also indicated CPNE family members are involved in cancer development and progression as well. However, the expression patterns and clinical roles in cancer have not yet been well understood. In this review, we summarize recent advances concerning CPNE family members and provide insights into new potential mechanism involved in cancer development.

Keywords: copines, cancer, proliferation, metastasis, signaling pathway


INTRODUCTION

Recently, based on its increased incidence and mortality, lung cancer has been listed as the leading cause of cancer-related deaths worldwide among males and females (Chen et al., 2016; Siegel et al., 2017). The application of traditional chemotherapeutic drugs can achieve response in some patients; however, these agents lack tissue specificity. Normal cells, especially bone marrow hematopoietic cells and epithelial cells in various organs, such as cells in the gastrointestinal tract, can also be killed by chemotherapeutic drugs (Perez-Herrero and Fernandez-Medarde, 2015; Somaiah et al., 2018). Therefore, traditional treatment methods are characterized by bottlenecks, limited means, and poor efficacy. And recurrence and metastases often develop in patients undergoing traditional treatments. In recent years, the concept of precision medicine has emerged, and corresponding treatments have been developed based on tumor tissue-specific gene changes. For example, genes, such as epidermal growth factor receptor (EGFR), anaplastic lymphoma kinase (ALK), and transmembrane receptor tyrosine kinase (ROS1), are detected in patient tissue specimens (Zhuang et al., 2019), and Corresponding first-, second- or even third-generation drugs have been developed to target these genes. In addition, RET rearrangement, NTRK fusion, BRAF mutation, MET14 mutation and HER2 mutation are also present in lung cancer (Staley et al., 1991; Farago and Azzoli, 2017; Liu et al., 2018a). At present, targeted therapy is mainly applied in patients with advanced non-small cell lung cancer. Despite remarkable breakthroughs in diagnosis and treatment, patient survival rates and treatment results have not changed significantly (Mayekar and Bivona, 2017; Ruiz-Cordero and Devine, 2020). The 5-year survival rate remains only 15%, so it is important to develop new treatment strategies (Mulshine and Sullivan, 2005). Numerous potential mechanisms are involved in invasion and metastasis in non-small cell lung cancer, including tumor microenvironment (Wu et al., 2021). With the emergence of protein chips and gene chips, numerous lung cancer-related genes have been discovered, and it is important to identify specific and sensitive targets. Researchers are working to develop specific targeted drugs and to identify effective biomarkers for the prevention and diagnosis of non-small cell lung cancer. Several proteins have been identified as biomarkers and drug targets, but their exact role remains controversial. Therefore, there is a need to identify reliable biomarkers that can be used as new therapeutic targets for the effective treatment in non-small cell lung cancer patients.

CPNEs are a newly discovered class of phospholipid-binding proteins that are widely expressed, and their functions are Ca2+-dependent and structurally evolutionarily conserved (Creutz et al., 1998). The CPNEs consisted of nine family members (Tomsig et al., 2003). Although their exact functions and biological roles remain unclear, an increasing number of studies have shown that CPNEs may mediate a variety of signaling pathways involved in tumorigenesis and development (Figure 1). This review highlights the biological properties of the copine family and their roles in membrane trafficking, tumor progression and metastasis.


[image: Figure 1]
FIGURE 1. This figure describes the role of CPNEs in mediating tumor biological process and also illustrated the detailed involved signal transducer molecules.




THE CPNE FAMILY

The CPNE protein was originally discovered in nematodes and plants. Similar to other gene families, the CPNE family was also present throughout the evolution. CPNE1 was first reported in 1998, when Creutz isolated annexin in Paramecium. Nine CPNEs have been identified, and eight (CPNE1–8) are found in mammals (Tomsig and Creutz, 2000). CPNEs are highly homologous: CPNE2–5 exhibit 60%, 78%, 53% and 56% homology, respectively (Goel et al., 2019). The distribution of some CPNE genes is limited. Among them, CPNE1–3 are the most widely distributed, which expressed in almost all mammalian tissues, including brain, heart, lung, liver, intestine, spleen, testis and kidney. These genes induce the differentiation of granulocytes, and CPNE3 is expressed in the early stage of neutrophil differentiation (Cowland et al., 2003). CPNE4 is distributed in the heart and surrounding large blood vessels and cranial nerves (Goel et al., 2019). CPNE5 is mainly expressed in the lymphatic system, heart, stomach, spleen, lymph nodes and testis (Ding et al., 2008). CPNE6, which is also known as N-CPNE, is specifically expressed in brain neurons (Perestenko et al., 2010). CPNE6 has recently been found to be closely related to the learning and memory abilities of mice (Reinhard et al., 2016). In addition, CPNE6 expression is increased in epilepsy patients (Zhu et al., 2016). CPNE8 was initially identified as a major gene expressed in the prostate and testis. Further studies also found that CPNE8 is distributed in the prostate, heart and brain (Maitra et al., 2003).



MOLECULAR STRUCTURE AND BIOLOGICAL CHARACTERISTICS OF CPNEs

CPNEs are mainly composed of the N-terminus and the C-terminus, and the C-terminus contains an A-domain, which is structurally related to the extracellular structure of integrin, and its main function is protein binding (Nalefski and Falke, 1996). The N-terminus contains two C2 domains that play a key role in regulating the binding of calcium and phospholipids (Rizo and Sudhof, 1998). These domains are present in an increasing number of membrane-bound proteins and involved in a variety of cellular signaling pathways and cellular processes, including membrane trafficking, lipid messenger production, GTPase activation and protein phosphorylation (Mukhopadhyay et al., 2017; Yanez Arteta et al., 2018). The C2 domains are characterized by an eight-chain antiparallel β-sandwich structure and are classified into two different topologies with slightly different positions and connectivity in the structure of the β-chain (Viaud et al., 2021). The C-terminus of CPNE shares similarity with the protein binding domain of certain integrin known as the A domain (Singh et al., 2017). The domains of human CPNE1, 2 and 4 mediate the binding of CPNEs to target proteins. More than 20 target proteins have been identified, many of which involve intracellular signaling pathways, such as MAPK, ERK, CDC42, and C12 ubiquitin (Gupta et al., 2010; Guo et al., 2020). In addition, CPNEs recruit these target proteins to the phospholipid surface, suggesting that they can modulate the activity and localization of these proteins in cells in response to changes in intracellular Ca2+ (Creutz et al., 1998). Based on the current findings, we propose a hypothesis that one function of CPNEs is to facilitate Ca2+-mediated regulation of intracellular signaling pathways (Ma et al., 2011). In addition, a variety of proteins have been identified as CPNE targets, many of which are involved in intracellular signaling pathways (Tomsig et al., 2004).



THE ROLE OF CPNEs IN MEMBRANE TRANSPORT

CPNEs are involved in the regulation of membrane fusion mainly because the C2 domain binds to annexin on the membrane under conditions of Ca2+ stimulation, thereby affecting lysosomal and endosomal fusion and regulating autophagy (Ghislat and Knecht, 2012). CPNEs are soluble membrane proteins that contain two tandem C2 domains at the N-terminus and an A domain at the C-terminus (Damer et al., 2005). The C2 domain acts as a calcium-dependent phospholipid binding motif and may be involved in cellular signaling and membrane trafficking pathways (Park et al., 2014). The A domain, which is named after von Willebrand factor, is a plasma and extracellular matrix protein that has been studied in integrins and several extracellular matrix proteins and appears to play a role in protein binding (Whittaker and Hynes, 2002). CPNEs have multiple targets in cells and their expression can be regulated in response to the activation of signal transduction pathways through crosstalk mechanisms, and CPNEs may serve as a skeleton protein during the membrane transport process (Tomsig et al., 2004).



THE ROLE OF CPNEs IN SIGNAL TRANSDUCTION

Different CPNEs could have different roles in different signaling pathways, which are dependent on their calcium sensitivities, lipid specificities, and target proteins (Ilacqua et al., 2018). Tomsig JL and other studies reported that CPNE1 is involved in cell signal transduction processes. CPNE1 plays an important role in regulating neuronal differentiation of HiB5 cells, mainly by activating the AKT signaling pathway via interacting with JAB-1 and 14-4-3 gamma (Kim et al., 2018). CPNE1 regulates the NF-κB-associated proteins MAPK, ERK and other signaling molecules through the A domain, which leads to the activation of the downstream TNF-α signaling pathway (Ramsey et al., 2008). Recent in vitro studies of positional candidates confirm that CPNE1 and STC2 are regulators of myogenesis (Hernandez Cordero et al., 2019). CPNE3 promotes migration and invasion in non-small cell lung cancer by interacting with RACK1 via FAK signaling activation (Lin et al., 2018).



THE ROLE OF CPNEs IN CANCER


CPNE1

In addition to its role in the central nervous system, accumulating studies have also highlighted its function in tumors. However, CPNE1 is rarely studied in tumors. Recent studies have shown higher CPNE1 expression in prostate cancer and that CPNE1expression is associated with the stage and prognosis of prostate cancer patients. Mechanistically, CPNE1 interacts with TRAF-2 to promote prostate cancer progression (Liang et al., 2017). In osteosarcoma, CPNE1 enhances cell proliferation and migration via the MAPK pathway and TGF-beta pathway (Jiang et al., 2018). Recent research revealed that CPNE1 promotes colorectal cancer progression by activating the AKT-GLUT1/HK2 cascade and enhances chemoresistance (Wang et al., 2021). Another study showed that CPNE1 promotes tumorigenesis and radioresistance in triple-negative breast cancer by regulating AKT activation, and targeted CPNE1 expression may be a strategy to sensitize triple-negative breast cancer cells to radiation therapy (Shao et al., 2020). For lung cancer, our previous studies demonstrated that CPNE1 is highly expressed in NSCLC tissues and is correlated with lymph node metastasis and poor survival in patients (Liu et al., 2018b). In addition, we also demonstrated that CPNE1 overexpression promotes cell proliferation and metastasis via the EGFR signaling pathway (Tang et al., 2018; Du et al., 2020). In hepatocellular carcinoma, overexpressed CPNE1 regulates the cell cycle process to mediate cell dedifferentiation (Skawran et al., 2008).



CPNE3

Studies have confirmed that CPNE3 is associated with schizophrenia, but the specific mechanism remains unclear. Other studies have confirmed that CPNE3 participates in processes involved in acute myocardial infarction and coronary heart disease by potentially mediating the metabolism of nuclear fatty acids, serum total cholesterol and triglycerides (Tan et al., 2019). In addition, recent studies have also found that CPNE3 is highly expressed in breast cancer, prostate cancer and ovarian cancer and is involved in tumor cell proliferation and metastasis. Mechanistically, CPNE3 exhibits kinase activity, phosphorylates Hl histones and basic phospholipid proteins, activates downstream signaling pathways, and subsequently promotes tumor proliferation and metastasis (Thomas et al., 2008; Mo et al., 2013). Heinrich C found that CPNE3 induces EMT by activating the ErbB2 protein and induces tumor cell invasion and migration (Heinrich et al., 2010). Recent studies have shown that upregulated Copine3 with Jab1 activated downstream ErbB2 signaling and motility in breast cancer cell (Choi et al., 2016). Colorectal cancer patients with lower exosomal CPNE3 levels had substantially better disease-free survival and overall survival, implying that CPNE3 is a diagnostic and prognostic biomarker (Sun et al., 2019). In hepatocellular carcinoma, silencing the expression of CPNE3 enhances the sensitivity of cancer cells to the molecular targeted agent sorafenib (Chen et al., 2018). In NSCLC, CPNE3 expression level was positively correlated with clinical stage and TNM classification and quantitative proteomic analysis identifies CPNE3 as a novel metastasis-promoting gene in NSCLC (Lin et al., 2013). CPNE3 can promote migration and invasion in non-small cell lung cancer by interacting with RACK1 via FAK signaling activation (Lin et al., 2018). Upregulation of CPNE3 suppresses invasion, migration and proliferation of glioblastoma cells through FAK pathway inactivation (Shi et al., 2021). In addition, high expression of CPNE3 predicts adverse prognosis in acute myeloid leukemia (Fu et al., 2017).



CPNE5

Umeda S showed that CPNE5 expression is decreased in esophageal squamous cell carcinoma (ESCC), suggesting shorter overall survival in patients. Multivariate analysis showed that low CPNE5 expression was an independent prognostic factor for OS. Moreover, low CPNE5 expression potentially promotes the local growth of esophageal cancer and increases resistance to chemotherapy drugs. These findings suggest that CPNE5 can be used as a biomarker for predicting ESCC recurrence, especially in patients with local recurrence, and can help ensure that patients receive optimal treatment and follow-up (Umeda et al., 2018). It is also reported that multiple myeloma (MM) patients with higher CPNE5 expressions had longer event-free survival and overall survival, suggesting that CPNE5 might be used as a positive indicator for MM (Yang et al., 2018).



CPNE6

The report of CPNE6 in tumor progression in only limited in glioblastoma multiforme (GBM). GBM is a common type of brain tumor in adults; however effective candidate biomarkers for gene therapy in GBM remain unclear (Ni et al., 2018). It is reported that hub genes CPNE6, HAPLN2, CMTM3, NMI, CAPG, and PSMB8 were identified as potential liquid biopsy biomarkers for GBM diagnosis (Dent et al., 2008).



CPNE7

CPNE7 is a candidate tumor suppressor gene in breast cancer tissue. CPNE7 exhibits high homology with other members of the copine family, such as CPNE1, CPNE3 and CPNE6. CPNE7 is considered a potential tumor suppressor gene (Savino et al., 1999). Sequencing analysis of bladder transitional cell carcinoma revealed 565 candidate gene mutations, including CPNE7 and serine/arginine repetitive matrix 5, suggesting that CPNE7 mutations may be related to important mechanisms involved in bladder cancer. Identification of these genes may have therapeutic significance and may contribute to the development of future treatments for bladder cancer (Pan et al., 2016). To date, the role of CPNE7 in promoting or inhibiting cancer has not been clear, and further research is expected to confirm this hypothesis.



CPNE8

Ramsey found that in patients with acute myeloid leukemia (AML), the CPNE 8 gene can fuse with the AMLI gene to form an AML-CPNE8 chimera, thereby inhibiting AML gene transcription. It is hypothesized that CPNE8 negatively regulates the proliferation of AML cancer cells (Ramsey et al., 2003). A recent study showed that RP11-396F22.1 may represent an early diagnostic indicator of cervical cancer. After knocking down RP11-396F22.1, CPNE8 expression was significantly upregulated. It is hypothesized that CPNE8 is related to the occurrence of cervical cancer, but the specific mechanism requires further study (Zhao et al., 2018).



CPNE9

Recent research found that high CPNE5 and CPNE9 expression might serve as positive indicators of multiple myeloma, and the expression of both genes was a better predictor of survival in multiple myeloma patients (Zhu et al., 2021). A study by Liu found that CPNE9 is specifically expressed in pancreatic tumor tissues, indicating that CPNE9 is related to cancer progression (Liu and Liu, 2015). Moreover, CPNE9 was among the top five genes of the prognostic 14-gene signature that was used to construct the prognostic model that demonstrated a high predictive ability for glioblastoma (Hou et al., 2019). This finding suggests that CPNE9 has important clinical significance for the prognostic assessment of glioblastoma patients.




PROSPECTS

Early diagnosis and precise treatment of tumors are directly related to patient prognosis. Therefore, early diagnosis of tumors and marker screening are particularly important. At present, no clear biomarkers are available for the diagnosis of lung cancer, and most of the existing studies are limited. The CPNE family is an important family that was discovered in recent years. CPNEs not only participate in the development and differentiation of the nervous system but also in the occurrence and development of numerous tumor types. CPNEs also affect the immune microenvironment of tumors. Studies on the roles of CPNEs in cancer are currently limited, and further research is needed. We hope that abnormal CPNEs expression will be validated as effective molecular markers for the early diagnosis, progression and prognosis of lung cancer.
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Dysregulation of autophagy-related genes (ARGs) is related to the prognosis of cancers. However, the aberrant expression of ARGs signature in the prognosis of hepatocellular carcinoma (HCC) remain unclear. Using The Cancer Genome Atlas and the International Cancer Genome Consortium database, 188 common autophagy-related gene pairs (ARGPs) were identified. Through univariate, least absolute shrinkage and selection operator analysis, and multivariate Cox regression analysis, a prognostic signature of the training set was constructed on the basis of 6 ARGPs. Further analysis revealed that the ARGP based signature performed more accurately in overall survival (OS) prediction compared to other published gene signatures. In addition, a high risk of HCC was closely related to CTLA4 upregulation, LC3 downregulation, low-response to axitinib, rapamycin, temsirolimus, docetaxel, metformin, and high-response to bleomycin. Univariate Cox and multivariate Cox analysis revealed that the risk score was an independent prognostic factor for HCC. These results were internally validated in the test and TCGA sets and externally validated in the ICGC set. A nomogram, consisting of the risk score and the TNM stage, performed well when compared to an ideal nomogram. In conclusion, a 6-ARGP-based prognostic signature was identified and validated as an effective predictor of OS of patients with HCC. Furthermore, we recognized six small-molecule drugs, which may be potentially effective in treating HCC.
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INTRODUCTION

Hepatocellular carcinoma (HCC) is one of the most common liver malignancies worldwide, with increasing rates of morbidity and mortality annually (Bray et al., 2018). The prognosis of patients with HCC is poor owing to its high recurrence rate. Hence, effective biomarkers are needed to help improve the prognosis of patients with HCC.

Autophagy, also called “programmed cell death type II,” plays an important role in tumorigenesis, metastasis and drug resistance (Huang et al., 2018). Liu K. et al. (2018) reported that autophagy is required for benign hepatic tumors to progress into malignant HCC. Another study revealed that the activation of autophagy can promote metastasis through the upregulation of MCT1 via activating Wnt/β-catenin signaling in HCC cells (Fan et al., 2018). Sorafenib is an effective molecular-targeted drug used to treat advanced-stage HCC by inducing autophagy, thus prolonging the survival of patients with HCC (Raza and Sood, 2014; Finn et al., 2018). While only approximately 30% of patients with advanced HCC respond well to sorafenib, resistance to sorafenib remains an open question, which may result from pro-survival pathways of autophagy induced by sorafenib (Sun T. et al., 2017; Jiang et al., 2018). These findings indicate that autophagy plays an important role in the prognosis of patients with HCC. Hence, autophagy-related genes (ARGs) can be effective biomarkers to diagnose, and guide treatments for HCC. However, some effective biomarkers to predict the prognosis of HCC have not been established thus far.

To construct an autophagy-related prognostic signature for HCC, The Cancer Genome Atlas (TCGA) and the International Cancer Genome Consortium (ICGC) data sets were used as the data source in this study. A 6-autophagy-related gene pair (ARGP) prognostic signature was identified and validated for its predictability of overall survival (OS) among patients with HCC in comparison with 3 others previously reported prognostic gene signatures. Furthermore, the effectiveness of small-molecule drugs for HCC was assessed, and 6 types of drugs were identified and validated in this study.



MATERIALS AND METHODS


Data Source

Transcription profiling RNA data, along with the HCC clinical data were downloaded from TCGA1 (Liu J. et al., 2018), and were used to identify differentially expressed ARGs. Finally, 370 patients with complete survival data were identified from TCGA and randomized into a training set (n = 185) and test set (n = 185); These two sets were used to develop and internally validate the HCC prognostic signature. The demographic characteristics of the training set, test set, and TCGA set are summarized in Table 1. To externally validate the prognostic value of the prognostic signature, the gene expression data, and the clinical data on patients with HCC from the ICGC database (ICGC-LIRI-JP)2 were downloaded as well. The databases selection and data procession flow chart of this study were shown in Figure 1.


TABLE 1. Clinicopathological parameters of hepatocellular carcinoma patients in training set, test set and TCGA data set.
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FIGURE 1. Entire workflow of the present study.




Identification of Differential Expression of ARGs Between HCC and Non-tumor Samples of TCGA

An ARG set was downloaded from the Human Autophagy Database3. We then extracted the expression profile of these ARGs on the basis of the gene set and TCGA transcription profiling data. Differentially expressed ARGs were identified using the limma package. Differential expression of ARGs with a log2 fold change (|log2FC|) > 1 and a false discovery rate < 0.05 were considered significant and were included in the subsequent analysis. The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional analysis were performed to explore the potential molecular function of these differentially expressed ARGs (Bandyopadhyay and Mallick, 2014).



Construction of a Prognostic Signature Based on the Training Set

In this study, OS was considered the primary endpoint. Pairwise comparison was performed between the expression profiles of differentially expressed ARGs in each HCC sample to obtain a score for each ARGP by using the R software. According to the proposed algorithm (Heinäniemi et al., 2013), if the expression level of the first ARG was higher than that of the second ARG in an ARGP, the score of this ARGP was 1; otherwise, the score was 0. If the score of an ARGP was 0 or 1 in > 80% of the samples of the training or the test sets, the ARGP was discarded, and the rest of the ARGPs were involved in subsequent analysis. Univariate Cox regression analysis was performed for the training set to identify OS-related ARGPs (FDR < 0.05), and the Least absolute shrinkage and selection operator (LASSO) analysis was performed to avoid overfitting of the prognostic signature. The most stable ARGP prognostic signature was constructed through multivariate Cox regression analysis (FDR < 0.05). In this study, patients were categorized into high- and low-risk groups in accordance with the median risk score. The risk score of the prognostic signature was calculated by multiplying the expression level with Cox regression coefficients of the ARGPs. The formula was as followed: risk score = Σ Cox regression coefficient of ARGPi ∗ expression value of gene ARGPi.



Evaluation and Validation of the Prognostic Signature

The prognostic signature was evaluated by utilizing the training set and validated using the test set, TCGA set, and ICGC set. Following the median risk score of the train set, the patients were classified into high- and low-risk groups. The Kaplan-Meier (KM) method was applied to compare the OS between the high- and low-risk groups. The receiver operating characteristic (ROC) curve was plotted and the area under the curve (AUC) was calculated to ensure that the prognostic signature prediction efficacy can be estimated. Both univariate and multivariate Cox analysis were conducted with the clinicopathologic features and risk score to explore the HCC prognostic factors. Furthermore, we compared the AUC of the prognostic signature with that of 3 published gene prognostic signatures in the TCGA set. Subgroup analysis were performed to expand the application scope of the ARGP signature.



Prediction of Potential Small-Molecule Drugs

The drug response toward axitinib, rapamycin, temsirolimus, docetaxel, metformin, and bleomycin in each patient with HCC in the training set, test set, TCGA set, and ICGC set was calculated on the basis of the Genomics of Drug Sensitivity in Cancer (GDSC)4 by using the prophetic R package5. The half maximal inhibitory concentration (IC50) value for patients with HCC was used to evaluate the effectiveness of these drugs, and P < 0.05 was set as the cutoff value.



Establishment and Evaluation of a Nomogram for Predicting the Survival of Patients With HCC

We included all independent clinicalpathological prognostic factors selected from multivariate Cox regression analysis to construct a nomogram that can assess an OS probability of 1, 3, and 5 years for patients with HCC. The prediction probability of the nomogram was compared with the observed actual probability form the calibration curve to verify its accuracy. Overlaps with the reference line indicate that the model is accurate.



Statistical Analysis

Statistical analysis was performed using the R software (version 3.6.3)6 and Perl software (version 5.30)7. Cluster heatmaps and volcano maps were generated using gplots and heatmap packages. Univariate and multivariable Cox proportional hazards regression analysis were performed using the survival R software package. The KM analysis was performed using the survival R package and assessed using the log-rank test (Aalen, 1988). The survival ROC R package was used to calculate the AUC of the survival ROC curve.



RESULTS


Identification of Differential Expression of ARGs and Assessment of the Potential Molecular Function of ARGs

As shown in Figures 2A,B 59 ARGs were identified, including 4 down-regulated and 55 up-regulated genes. GO analysis of these ARGs revealed that “autophagy,” “vacuolar membrane,” and “protein kinase regulator activity” were the most frequent biological terms for biological processes, cellular components, and molecular functions, respectively (Figures 2C,D; Wang et al., 2021). KEGG analysis revealed that the primary pathways of these ARGs were “autophagy-animal,” “IL-17 signaling pathway,” “PI3K-Akt signaling pathway,” and “mTOR signaling pathway,” which were primarily correlated with autophagy, immune process, and carcinogenicity (Figures 2E,F).
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FIGURE 2. Identification of differentially expressed ARGs. (A,B) Heatmap and volcano plot illustrates the expression of 59 differentially expressed ARGs between HCC tumor and non-tumor specimens. (C,D) Barplot and bubble plot of GO analysis shows the top 10 biological functions of the differentially expressed ARGs in the biological processes, cellular components, and molecular functions. (E,F) Barplot and bubble plot of KEGG analysis shows the top 30 signaling pathways of the differentially expressed ARGs participated in.




Establishment of an ARGP Signature in the Training Set

In total, 188 common ARGPs from among the TCGA and ICGC expression profile data were extracted. 17 ARGPs were found to be related to OS among patients with HCC, as revealed through univariate Cox regression analysis (Figure 3B). Thereafter, 9 ARGPs were found to be capable to construct a prognostic signature through LASSO analysis (Figure 3A). Finally, a 6-ARGP prognostic signature was constructed through multivariate Cox regression analysis, which included BAK1| PELP1, BIRC5| CDKN2A, BIRC5| RGS19, CAPN2| ULK3, DIRAS3| TMEM74, and PRKCD| RB1CC1 (Figure 3C). The risk score of our prognostic signature was as follows: risk score = (the expression level of BAK1| PELP1 ∗ 0.6951) + (the expression level of BIRC5| CDKN2A ∗ 0.5093) + (the expression level of BIRC5| RGS19 ∗ 0.6322) + (the expression level of CAPN2| ULK3 ∗ 0.5645) + (the expression level of DIRAS3| TMEM74 ∗ -0.4505) + (the expression level of PRKCD| RB1CC1 ∗ 0.5581).
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FIGURE 3. Construction of a prognostic signature based on ARGP. (A) The Cross-Validation fit curve was calculated by lasso regression analysis. (B) The Forest plot represents the 17 OS-related ARGPs identified by Univariate Cox regression analysis. (C) The 6 ARGPs to construct the prognostic signature selected by Multivariate Cox regression analysis. P < 0.05 sets as the cutoff value.


The AUC of the 1-, 2-, and 3-year OS were 0.773, 0.761, and 0.761, respectively (Figure 4E). As shown in Figure 4A, the OS of the high-risk group was poorer than that of the low-risk group.
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FIGURE 4. Evaluation and validation of the risk score of the 6-ARGP signature. Survival analysis and ROC analysis based on risk score in the training set (A,E,I), test set (B,F,J), TCGA set (C,G,K), and ICGC set (D,H,L), respectively.




Validation of the Predictive Values of the ARGP Prognostic Signature

The predictive values of the ARGP prognostic signature were validated in the test set, TCGA set, and ICGC set, respectively. To improve the accuracy of validation, patients in the aforementioned 3 data sets were randomized into high- and low-risk groups using the same cutoff of the training set, i.e., the median risk score of the training set. As shown in Figures 4B–D, the OS of the high-risk group of the aforementioned 3 data sets had poorer OS than the low-risk group. The AUC of test set, TCGA set and ICGC set was 0.7, 0.735, and 0.726 after year 1; 0.712, 0.733, and 0.77 after year 2; and 0.648, 0.707, and 0.77 after year 3, respectively (Figures 4F–H). In addition, the AUC of the ARGP signature was higher than age, gender, TNM stage and tumor grade in the train, test, TCGA and ICGC set (Figures 4I–L). The survival status of patients, the rank of the risk score, and the heatmap of expression profiles of the 6 ARGPs in the low- and high-risk groups are indicated in Supplementary Figure 1.

As shown in Figure 5, the univariate and multivariate Cox regression analysis indicate that the risk score could potentially be an independent prognostic factor after adjustment by age, gender, tumor grade, and TNM stage in the training (HR: 2.066, 95% CI: 1.637–2.607, P < 0.001), test (HR: 1.801, 95% CI: 1.487–2.18, P < 0.001), TCGA (HR: 1.397, 95% CI: 1.203–1.622, P < 0.001) and ICGC sets (HR: 1.59, 95% CI: 1.248–2.025, P < 0.001).
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FIGURE 5. Univariate Cox and Multivariate Cox regression analysis of risk score and clinicopathologic factors in different cohorts. (A–D) Forest plot represents the results of univariate Cox regression analysis in the training set, test set, TCGA set and ICGC set, respectively. (E–H) Forest plot represents the results of multivariate Cox regression analysis in the training set, test set, TCGA set and ICGC set, respectively.


Subgroup analysis based on age (>65 and ≤ 65 years), gender (male and female), tumor grade (G1-2 and G3-4), TNM stage (I-II and III-IV), tumor stage (T1-2 and T3-4), lymph node metastasis status (N0), and distant metastasis status (M0) in the training, test, TCGA, and ICGC sets were performed to further validate the predictive values of the ARGP signature. As shown in Supplementary Figures 2, 3, all subgroup analysis in the training, TCGA, and ICGC sets performed well in OS prediction. In the test set, subgroup analysis performed well in OS prediction, except for patients in subgroups of female, G1-2, Stage III-IV, and T3-4.

As shown in Supplementary Figure 4, risk score of both the test and TCGA sets was associated with the pathological stage (I-II and III-IV), and tumor grade (G1-2 and G3-4), and the risk-score of training set was also correlated with the tumor grade (G1-2 and G3-4).



Analysis of Cytotoxic T-Lymphocyte-Associated Protein 4 (CTLA4) and LC3 Expression Levels Between the High-Risk and Low-Risk Groups

To further explore the role of autophagy and immune processes in the OS of patients with HCC, analysis of CTLA4 and LC3 expression levels between high-risk and a low-risk group of the ARGP prognostic signature was performed. As shown in Figure 6, the expression level of CTLA4 in the low-risk group of the training, test, TCGA, and ICGC sets was lower than that of the high-risk group, while the expression level of LC3 was higher in the low-risk group in the training, test, and TCGA sets.
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FIGURE 6. The relationship of ARGP risk group with CTLA4, LC3 expression in different data sets. (A) The differential expression of CTLA4 in the training set, test set, TCGA set, and ICGC set, respectively. (B) The differential expression of LC3 in the training set, test set, TCGA set, and ICGC set, respectively.




Drug Sensitivity Analysis Between High and Low-Risk Groups

As shown in Table 2, the IC50 value of axitinib, rapamycin, temsirolimus, docetaxel, and metformin in the low-risk group was lower than that in the high-risk group, indicating that these 5 small molecule drugs were more effective for patients in the low-risk group. However, the IC50 value of bleomycin was greater in the low-risk group than in the high-risk group, indicating that bleomycin was more effective for patients in the high-risk group.


TABLE 2. The relationship of ARGP risk group with small molecule drug therapy response in different data sets.

[image: Table 2]


Comparative Analysis of Predictive Values Between ARGP Signature and Published Gene Signatures

As shown in Figure 7, the AUC at 1-, 3-, 5-years OS compared between the ARGP signature and 3 published gene signatures in the same TCGA set, which included a 6-gene signature (FangGeneSig), a 7-gene signature (XieGeneSig), and an 8-gene signature (XuGeneSig) (Fang and Chen, 2020; Xie et al., 2020; Xu et al., 2020). Although the AUC of the ARGP signature at 1-year OS was 0.727, which was lower than that of XieGeneSig (0.732) and XuGeneSig (0.737), the AUC of the ARGP signature at 3- and 5-year OS was 0.717 and 0.672, respectively, which was higher than that of FangGeneSig (0.606 and 0.623), XieGeneSig (0.667 and 0.648) and XuGeneSig (0.679 and 0.643). These results suggest that the predictive value of our signature was more accurate than that of the aforementioned 3 published gene signatures in longer OS prediction.
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FIGURE 7. Comparative analysis of the predictive value of ARGP signature with published gene signature. (A–C) The AUC at 1-, 3-, 5-years OS of ARGP signature, Fang gene signature, Xie gene signature, and Xu gene signature, respectively.




Establishment of a Nomogram to Predict the OS of HCC Patients

The TNM stage and risk score of the signature could potentially be independent prognostic factors, as revealed through multivariate Cox regression analysis. Hence, a nomogram that consists of the TNM stage and risk score was constructed, to predict the 1-, 3-, and 5-years OS among patients with HCC. As shown in Figure 8, calibration curves of the nomogram at 1-, 3-, and 5-years OS were proximal to the actual line, indicating that our nomogram performed well in predicting the OS of patients with HCC.
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FIGURE 8. Construction of a nomogram based on risk score and TNM stage in TCGA set. (A) A nomogram consists of risk score and stage to predict the OS of HCC patients at 1-, 3-, and 5-years. (B–D) Calibration curves to validate the prediction value of nomogram at 1-, 3-, and 5-year OS, respectively.




DISCUSSION

HCC is one of the most prevalent malignancies worldwide. Patients with HCC are suffering high risk for recurrence and metastasis. Over the past decades, the therapeutic effect of surgery for HCC and adjuvant therapy remained unsatisfactory. With studies on autophagy, attention has been shifting to studies on novel biomarkers for tumor autophagy for estimating treatment responses and survival outcomes.

Hence, based on comprehensive bioinformatics analysis, 6 OS-related ARGPs that could potentially serve as effective biomarkers for HCC were identified. The molecular function of these ARGs was primarily related to the immune function and autophagy, indicating that the potential molecular mechanisms underlying the effect of these ARGs on HCC prognosis are related to immune and autophagy. Furthermore, this 6-ARGP prognostic signature could help doctors to classify patients with HCC into 2 subgroups with significantly different OS. The ROC of the prognostic signature indicated moderate predictive accuracy in OS prediction for patients with HCC, and it revealed an adequate discrimination ability of OS in subgroup analysis, indicating that the prognostic signature was applicable for different subgroups of patients with HCC. Multivariate Cox regression analysis revealed that the risk score of the prognostic signature could serve as an independent prognostic factor. Moreover, a nomogram consisting of the TNM stage and risk score was constructed to better predict the OS of HCC patients more clearly, which performed well in OS prediction.

Although, some ARG based signatures have been published, the methods of our study are different. Most of them only choose ARGs to construct a prognostic signature and validated the signature in other data sets. While we performed pairwise comparison analysis to identify ARGPs and then construct a prognostic signature based on ARGPs. Compared with ARGs, ARGPs can reduce the batch effects when validating the prognostic signature in other data sets, such as ICGC, GEO data set, etc. So, the validated results are more reliable and accurate. In addition, we validate the signature both externally and internally, while the published articles only validate the signature externally. We also perform subgroup analysis to further validate the predictive value of the signature for HCC patients in different clinical features and the results show the signature performs well. To guide the therapy of HCC, a drug sensitivity analysis is performed to identify potential small molecular drugs and 6 drugs are identified. So, the results of our study may be more clinically meaningful compared with published articles, and further researches are needed.

The 6-ARGP signature highlighted 11 ARGs, including BAK1, PELP1, BIRC5, CDKN2A, RGS19, CAPN2, ULK3, DIRAS3, TMEM74, PRKCD, and RB1CC1. Most of these ARGs are correlated with the prognosis of HCC or other cancers. BAK1 is an important cell death regulator that can initiate mitochondria-mediated apoptosis and is reportedly correlated with the occurrence of several cancers (Slager et al., 2012; Wang Y. D. et al., 2013; Marcotte et al., 2017). PELP1 serves as a proto-oncogene in all hormone-responsive cancers, including breast, prostate cancers, ovarian, and other cancers (Dimple et al., 2008; Cortez et al., 2012; Yang et al., 2012; Daniel et al., 2015). BIRC5 overexpression was reported in breast cancer, lung adenocarcinoma, and neuroblastic malignance specimens (Hagenbuchner et al., 2016; Hamy et al., 2016; Cao et al., 2019). In a rat model of HCC, combination therapy with a CDKN2A inhibitor and transarterial chemoembilization promoted cancer cell necrosis (Gade et al., 2017). Wang Y. et al. (2013) reported that RGS19 suppressed the occurrence of non-small-cell carcinoma by downregulating Ras. ULK3 is reportedly involved in cancer-associated fibroblast conversion by activating 2 main signaling pathways (Goruppi et al., 2017). Recent studies have revealed that CAPN2 plays a vital role in tumorigenesis and tumor progression in breast cancer, and colon cancer (Storr et al., 2012; Mo et al., 2019). DIRAS3 is downregulated in 60% of ovarian cancers and negatively related to progression-free survival (Yu et al., 2003; Rosen et al., 2004). Sun Y. et al. (2017) reported that TMEM74 promotes tumor cell survival by inducing autophagy by interacting with ATG16L1 and ATG9A. PRKCD is downregulated in HCC cells and PRKCD upregulation can suppress the viability of HCC cells (Nambotin et al., 2011). RB1CC1 also called FIP200, is crucial in autophagy and is associated with the prognosis of and drug resistance in multiple cancers, including HCC (Yeo et al., 2020). Our results show that the aforementioned ARGs are correlated with the prognosis of HCC; However, the underlying molecular mechanism of these ARGs in HCC prognosis requires further investigation.

To explore the mechanisms through which the ARGP signature effectively stratifies patients with HCC, the expression profiles of CTLA4 and LC3 between the high- and low-risk groups was performed. CTLA4 is a receptor on the surface of activated T cells and act as an effective immune therapy checkpoint, whose functions are to inhibit the production of IL-2, proliferation of T cells, and cell cycle (Fraser et al., 1999; Intlekofer and Thompson, 2013; Bhandaru and Rotte, 2019). LC3 is essential for the execution of autophagy. Therefore it is a widely accepted marker for autophagy, which can be a potential target for anticancer therapy (Schaaf et al., 2016). These results show that the low-risk group has a lower expression level of CTLA4 and a higher expression level of LC3. CTLA4 and LC3 dysregulation may be responsible for the difference in survival outcomes between the high- and low-risk groups.

Based on our results, we hypothesize that immunological and autophagy-related small-molecule drugs might be used to treat patients with HCC. Hence, a drug sensitivity analysis was performed to explore potentially effective small-molecule drugs for patients with HCC. 6 drugs were identified, including axitinib, rapamycin, temsirolimus, docetaxel, metformin, and bleomycin. Recent studies have reported that axitinib serves as a multi-receptor tyrosine kinase inhibitor to treat multiple cancers, and axitinib inhibits the VEGF receptor, platelet-derived growth factor receptor, and epidermal growth factor receptor (Ongkeko et al., 2005; Bran et al., 2009; Lawrence et al., 2015). Lin et al. (2020) reported that axitinib is an effective second-line therapy drug for advanced patients with HCC, who failed sorafenib therapy. Rapamycin and temsirolimus belong to Rapalogs, have been reported to suppress proliferation and promote autophagy in HCC cells by targeting the mTOR signaling pathway (Lu et al., 2020). In the work of Hui et al. (2010), rapamycin and temsirolimus can significantly inhibit the growth and metastasis of PLC/PRF/5 human HCC cells. Docetaxel belongs to the taxane family, and preclinical studies have reported the anticancer potential of docetaxel in suppressing HCC cell proliferation. For example, docetaxel treatment can reduce the tumor size in a nude mouse model of HCC, and suppress the proliferation capacity of the HepG2 cell line (Zhu et al., 2016). In addition, Zhang et al. (2019) revealed that docetaxel can induce HCC cell apoptosis by inhibiting the PI3K/AKT signaling pathway. Metformin is used to treat not only diabetes but also tumors. For instance, metformin can inhibit tumor cell proliferation by targeting mTOR complex 1 via an AMPK-independent mechanism (Kalender et al., 2010). DeWaal et al. (2018) reported that metformin can induce cell cycle arrest in HCC cells by targeting mTOR complex 1 through an AMPK-independent mechanism as well. These studies indicate that the AMPK-independent anticancer activities of metformin may be a novel finding Overall, this study and other preclinical studies have revealed that these small- molecule drugs can be potentially effective drugs in treating HCC, and further clinical trials are needed to validate these results.

In this study, we identified an ARGP based prognostic signature that performs well in predicting the OS of patients with HCC. For all we know, this is the first reported ARGP-based signature for HCC. However, our study has several limitations. First, the results were biased to an extent because we used fewer non-tumor specimens than HCC specimens. Second, the underlying molecular mechanisms of HCC in this study have not been determined on the basis of in vitro and in vivo studies. Further studies are needed to validate these results.



CONCLUSION

An ARGP prognostic signature was identified and validated in different data sets, this signature performed better in OS prediction of HCC in comparison with 3 previously published gene signatures. Furthermore, 6 small-molecule drugs were identified to be potentially effective drugs in treating HCC.
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Supplementary Figure 1 | Risk score analysis of the prognostic signature in different cohorts. (A) Heatmap plot represents the expression of the 6 ARGPs between high- and low-risk groups in the training set, test set, TCGA set, and ICGC set, respectively. (B) Survival status of patients in the train set, test set, TCGA set, and ICGC set, respectively. (C) The rank of the risk score in the training set, test set, TCGA set, and ICGC set, respectively.

Supplementary Figure 2 | Subgroup analysis in the training set and ICGC set. (A,B) The KM curve represents the OS of high- and low-risk groups in different subgroups of the training set. (C) The KM curve represents the OS of high- and low-risk groups in different subgroups of the ICGC set.

Supplementary Figure 3 | Subgroup analysis in the test set and TCGA set. (A,B) The KM curve represents the OS of high- and low-risk groups in different subgroups of the test set. (C,D) The KM curve represents the OS of high- and low-risk groups in different subgroups of the TCGA set.

Supplementary Figure 4 | Clinical relevance analysis of risk score. (A–D) The relationship of stage group with risk score in the training set, test set, TCGA set, and ICGC set, respectively. (E–G) The relationship of grade group with risk score in the training set, test set, and TCGA set, respectively.


FOOTNOTES

1https://cancergenome.nih.gov/

2https://dcc.icgc.org/

3http://www.autophagy.lu/

4https://www.cancerrxgene.org

5https://github.com/paulgeeleher/pRRophetic

6https://cran.r-project.org/

7https://strawberryperl.com/
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Background: Bladder cancer (BLCA) ranks 10th in incidence among malignant tumors and 6th in incidence among malignant tumors in males. With the application of immune therapy, the overall survival (OS) rate of BLCA patients has greatly improved, but the 5-year survival rate of BLCA patients is still low. Furthermore, not every BLCA patient benefits from immunotherapy, and there are a limited number of biomarkers for predicting the immunotherapy response. Therefore, novel biomarkers for predicting the immunotherapy response and prognosis of BLCA are urgently needed.

Methods: The RNA sequencing (RNA-seq) data, clinical data and gene annotation files for The Cancer Genome Atlas (TCGA) BLCA cohort were extracted from the University of California, Santa Cruz (UCSC) Xena Browser. The BLCA datasets GSE31684 and GSE32894 from the Gene Expression Omnibus (GEO) database were extracted for external validation. Immune-related genes were extracted from InnateDB. Significant differentially expressed genes (DEGs) were identified using the R package “limma,” and Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis for the DEGs were performed using R package “clusterProfiler.” Least absolute shrinkage and selection operator (LASSO) regression analysis were used to construct the signature model. The infiltration level of each immune cell type was estimated using the single-sample gene set enrichment analysis (ssGSEA) algorithm. The performance of the model was evaluated with receiver operating characteristic (ROC) curves and calibration curves.

Results: In total, 1,040 immune-related DEGs were identified, and eight signature genes were selected to construct a model using LASSO regression analysis. The risk score of BLCA patients based on the signature model was negatively correlated with OS and the immunotherapy response. The ROC curve for OS revealed that the model had good accuracy. The calibration curve showed good agreement between the predictions and actual observations.

Conclusions: Herein, we constructed an immune-related eight-gene signature that could be a potential biomarker to predict the immunotherapy response and prognosis of BLCA patients.

Keywords: bladder cancer, immune-related signature, The Cancer Genome Atlas, Gene Expression Omnibus, immunotherapy


INTRODUCTION

Bladder cancer (BLCA) ranks 10th in incidence among malignant tumors and 6th in incidence among malignant tumors in males (Bray et al., 2018). The disease may present as muscularly invasive bladder cancer (MIBC), non-muscularly invasive bladder cancer (NMIBC) or as a metastatic form of other diseases (Tran et al., 2021). With the development of technologies such as electrosurgery, chemotherapy, and radical surgery, the overall survival (OS) rate of BLCA patients has greatly improved. However, primary BLCA are prone to recurrence after systematic treatment, the prognosis is not satisfactory (Rouprêt et al., 2021), and there are no clinically meaningful diagnostic markers. Based on the fact that the incidence of BLCA is gradually increasing, valuable biomarkers are particularly urgently needed.

Current studies have revealed that the tumor microenvironment is closely correlated with tumorigenesis, progression and prognosis, and immune cells of the tumor microenvironment exhibit complex interactions with tumor cells (Hanahan and Weinberg, 2011). As the landmark developments of immune checkpoint inhibitors (represented by anti-PD-1/PD-L1 antibodies), Immunotherapy is playing an increasingly important role in the treatment of BLCA (Powles et al., 2014; Pettenati and Ingersoll, 2018; Rouanne et al., 2018). Thus, immune molecules associated with the tumor microenvironment have a tremendous role in serving as prognostic markers for BLCA. Previous studies have proposed immune-related biomarkers in thyroid and ovarian cancers for risk stratification and clinical outcome prediction (Kim et al., 2018; Shen et al., 2019). A few studies have been conducted to assess the potential of immune-related genes to predict clinical outcomes and the immunotherapy response in BLCA (Qiu et al., 2020; Zhu et al., 2020; Lv et al., 2021), but the depth and results of these studies are not satisfactory.

Herein, the purpose of this study is to find suitable biomarkers of BLCA with high sensitivity and strong specificity and molecular targets that affect the clinicopathological process of BLCA, then provide an important reference for the diagnosis of BLCA. We identified immune-related DEGs for BLCA, and constructed an immune-related eight-gene signature model. The signature model showed good prognostic value for predicting OS and could be used to predict the immunotherapy response in BLCA patients.



MATERIALS AND METHODS


Data Collection and Preprocessing

The RNA sequencing (RNA-seq) data, probe annotation files and clinical data of the BLCA patients were extracted from The Cancer Genome Atlas (TCGA) and used to acquire the expression profiles of the BLCA patients. After screening, samples with no clinical data were excluded. A total of 406 tumor samples and 18 normal samples were included in the analysis. BLCA cohorts GSE31684 and GSE32894 were obtained from the Gene Expression Omnibus (GEO) database using the R package “GEOquery” (Davis and Meltzer, 2007). Immune-related genes were obtained from InnateDB.1



Identification of Differentially Expressed Genes and Functional Annotation

Significant DEGs between normal and BLCA samples were identified with screening criteria of adjusted value of p<0.05 and |log fold change (FC)|>1 by the R package “limma” (Ritchie et al., 2015). Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis for the DEGs were performed using R package “clusterProfiler” (Yu et al., 2012).



Estimation of the Infiltration Degree of Each Immune Cell in BLCA

A group of immune cell gene markers, consisting of 782 genes, which represent 28 immune cell types related to innate and adaptive immunity, were obtained from previous studies to estimate the infiltration level of different immune cell types in the tumor microenvironment (Charoentong et al., 2017). The assessed immune cell types included, B cells, natural killer (NK) cells, dendritic cells, myeloid-derived suppressor cells (MDSCs), neutrophils, and T cells. Subsequently, the expression profiles of each sample were used to estimate the infiltration level of each immune cell type in BLCA using the single-sample gene set enrichment analysis (ssGSEA) algorithm with the R package “GSVA” (Hänzelmann et al., 2013).



Survival Analysis

Univariate Cox proportional hazards regression analysis was carried out to evaluate the association between the expression level of the immune-related DEGs and the OS of BLCA patients. Immune-related DEGs with a value of p<0.001 based on the log-rank test were selected as candidate genes for construction of the prognostic model. The risk score of each patient was calculated based on the signature model and was used to evaluate the association between the gene signature model and the prognosis of BLCA patients. The samples were assigned to the high-risk or low-risk group based on the median risk score. Kaplan–Meier curves and log-rank tests were performed to compare the differences in OS and progression-free survival between the high-risk and low-risk groups. A statistically significant difference was defined as p<0.05. Survival analysis and log-rank tests were performed using the R package “survival,” and the R package “survminer” was used to plot the Kaplan–Meier curve.



Establishment and Evaluation of the Immune-Related Signature Model

The TCGA BLCA cohort was randomly divided into a training set (n=285) and a testing set (n=121) at a ratio of 7:3. The R package “glmnet” was used to perform LASSO regularization to reduce the coefficients from the training set. An immune related eight-gene model was constructed. The following formula was used:
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The risk score was calculated for each sample using the signature model. The BLCA cohort was assigned to high- and low-risk groups based on the risk score. Receiver operating characteristic (ROC) curves for 1-, 3-, and 5-year OS were generated for the two groups using the R package “survivalROC.” Calibration curves were derived from the R package “rms” to evaluate the precision of the 1-, 3-, and 5-year OS prediction. Decision curve analysis was performed using the R package “ggDCA” to quantify the net benefits at different threshold probabilities and evaluate the clinical usefulness of the immune-related signature model.



Prediction of the Immunotherapy Response

The Tumor Immune Dysfunction and Exclusion (TIDE) algorithm2 was used to estimate the response of each sample to anti-PD-1/PD-L1 and anti-CTLA4 immunotherapy based on the gene expression profiles of the BLCA cohort (Jiang et al., 2018).



Statistical Analysis

Univariate survival analysis was performed using the log-rank test. The Pearson correlation formula was used to calculate the correlations between the risk score and immune markers, the risk score and characteristic gene expression, characteristic gene expression and the immune cell infiltration score, and the risk score and immune cell infiltration score. Two-tailed Student’s t tests were used for two-group comparisons. A statistically significant difference was defined as p<0.05. All statistical analyses were performed in R version 4.0.2.




RESULTS


Identification of Immune-Related DEGs in BLCA

The overall design is shown in Figure 1. First, to identify DEGs in BLCA, a total of 406 BLCA samples and 18 normal samples were downloaded from the University of California, Santa Cruz (UCSC). A total of 3,677 up-regulated and 3,182 down-regulated genes were obtained (Figure 2A). Among these DEGs, there were 1,040 immune-related genes, of which 385 were up-regulated and 655 were down-regulated, respectively (Figures 2B,C).
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FIGURE 1. Flow diagram showing the design of the study.
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FIGURE 2. Identification of differentially expressed genes (DEGs) and immune-related DEGs for bladder cancer (BLCA). (A) Volcano plot for DEGs for BLCA. (B,C) Venn diagram showing up-regulated and down-regulated immune-related DEGs. (D) Gene Ontology (GO) functional annotation for immune-related DEGs. (E) Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis for immune-related DEGs.




GO and KEGG Annotation of the DEGs

The results of GO functional annotation analysis of the immune-related DEGs showed that the most significantly enriched biological processes (BPs) included homophilic cell adhesion via plasma membrane adhesion molecules, extracellular structure organization, and extracellular matrix organization. The most significantly enriched cellular components (CCs) included collagen trimers, the endoplasmic reticulum lumen, and cell–cell junctions, and the molecular functions (MFs) included integrin binding, cytokine receptor binding, and cytokine activity (Figure 2D). KEGG pathway enrichment analysis for the immune-related DEGs showed that the significant pathways included the Rap1 signaling pathway, the JAK–STAT signaling pathway, transcriptional misregulation in cancer and proteoglycans in cancer (Figure 2E). Most of the above results were related to immunity.



Construction of the Immune-Related Signature

Univariate Cox regression based on the survival and gene expression data of BLCA patients was used to evaluate the prognostic value of the immune-related DEGs. In total, 13 immune-related DEGs were selected as candidate genes to construct the prognostic model with the criterion of value of p<0.001. A forest plot showing the value of p and hazard ratio of the candidate genes is shown in Figure 3A.
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FIGURE 3. Construction of an immune-related signature model. (A) Forrest plot showing the hazard ratio and value of p for the candidate genes. (B,C) Least absolute shrinkage and selection operator (LASSO) Cox regression analysis identified eight immune-related signature genes that were most correlated with overall survival (OS). (D) Bar plot showing the coefficient value for the eight immune-related signature genes. (E) Boxplot showing the expression profile of the eight immune-related signature genes in tumor and normal tissues. ****, ***, and * represented p < 0.00001, p < 0.0001, and p < 0.05, respectively.


The BLCA cohort was randomly divided into training and testing sets at a ratio of 7:3. LASSO regression analysis was performed using the training data set to identify genes that were most significantly related to survival outcomes (Figures 3B,C). A total of eight signature genes were identified: DCHS1, PTGIS, PTPN6, AIFM3, FLRT2, PCSK5, CLSTN2, and HSH2D (Figure 3D); the coefficients of the signature genes are shown in Supplementary Table 1. Next, we investigated the expression profile of these eight genes in the BLCA cohort. The results indicated that AIFM3, HSH2D, and PTPN6 were significantly up-regulated, while DCHS1, PTGIS, FLRT2, PCSK5, and CLSTN2 were significantly down-regulated in tumor samples compared with normal samples (Figure 3E).



A High-Risk Score Is Correlated With Poor Clinical Outcome in BLCA

The risk score of each sample was calculated and ranked on the basis of the signature model in the training set (Figure 4A). The scatter plot represented the OS status of BLCA patients according to the risk score, and it suggested that the high-risk group had higher mortality than the low-risk group (Figure 4B). The expression profiles of the signature genes showed that tumors with higher risk scores tended to exhibit elevated PCSK5, DCHS1, CLSTN2, PTGIS, and FLRT2 levels, while those with lower risk scores tended to exhibit elevated AIFM3, PTPN6, and HSH2D levels (Figure 4C). The same analysis was performed using the testing set, and the results were consistent with those derived from the training data set (Figures 4D–F). Compared with the low-risk group, the high-risk group presented a significantly poorer clinical outcome in both the training (p<0.001, Figure 5A) and testing sets (p<0.001, Figure 5B). Then, the association between the risk score and OS was evaluated, and Kaplan–Meier analysis showed that the low-risk groups had a longer survival time than the high-risk group in both the training (Figure 5C, p<0.0001) and testing sets (Figure 5D, p=0.0018). These results demonstrated that the risk score was associated with OS and that a low-risk score predicts better survival outcomes for BLCA patients.
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FIGURE 4. Analysis of the signature score in the training and testing sets. (A–C) Training set. (D–F) Testing set. The ranked dot plot indicates the risk score distribution in the training set (A) and testing set (D). Scatter plot presenting the patients’ survival status in the training set (B) and testing set (E). Heatmap showing the expression profile of the eight signature genes in BLCA patients from the training set (C) and testing set (F).
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FIGURE 5. A low-risk score is correlated with better OS in BLCA. The differences in risk scores for patients with endpoint events vs nonendpoint events in the training set (A) and testing set (B). Survival analysis of the high-risk and low-risk groups in the training (C) and testing sets (D).




Estimating the Degree of Each Immune Cell Infiltration and Predicting the Response to Immunotherapy

Since the efficacy of immunotherapy depends on the level of immune cell infiltration, we analyzed the correlation between the level of immune cell infiltration and risk score. The results demonstrated that there were differences in the infiltration of most immune cells between the high-groups and low-risk groups, except for CD56dim NK cells and Eosinophil cells, which demonstrated that signature was significantly correlated with immune infiltration (Figure 6A). In addition, we explored the correlation between each of these eight genes and immune cell infiltration. DCHS1, PTGIS, FLRT2, PCSK5, and CLSTN2 were positively related to the infiltration almost all immune cells, and AIFM3 was negatively correlated with the infiltration of most immune cells (Figure 6B). Since the eight signature genes were significantly correlated with the level of immune cell infiltration, the correlation of the risk score and the immunotherapy response was explored. Firstly, the relationship between the risk score derived from the risk signature and the expression of immune checkpoint molecules was analyzed. The risk score was positively correlated with the expression of the checkpoint markers, PD-1 (Figure 6C), PD-L1 (Figure 6D) and CTLA-4 (Figure 6E), implicating the potential roles of the signature model in the response to immunotherapy in BLCA patients. The immunotherapy response of the BLCA cohort was estimated by the TIDE algorithm, and the ability of the model to predict the immunotherapy response was evaluated. Furthermore, we then calculated the immunotherapy response rate of samples in the high-risk and low-risk groups. Overall, 49 and 66% patients in the high-risk and low-risk groups, respectively, were predicted to respond to immunotherapy (Figure 6F). Patients were divided into responsive and nonresponsive groups, then their risk scores were calculated. The results indicated that the responsive group had significantly lower scores than the nonresponsive group (Figure 6G, p=0.001). An ROC curve was generated to determine the efficacy of the risk score in predicting the response to immunotherapy. The area under the ROC curve (AUC) was 0.595, suggesting that the immune-related signature model predicted the response to immunotherapy for BLCA with modest accuracy (Figure 6H). In summary, the eight-gene signature model was associated with immune cell infiltration and immunotherapy response in BLCA.
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FIGURE 6. Analysis of immune cell infiltration and prediction of the response to immunotherapy in BLCA patients. (A) Infiltration level of immune cells in the high-risk and low-risk groups. (B) Correlation analysis for the eight signature genes and the infiltration level of the immune cells. Correlation analysis of the risk score and PD-1 (C), PD-L1 (D), and CTLA4 (E). (F) Proportion of patients who responded to immunotherapy in the high-risk group and the low-risk group estimated by the TIDE algorithm. (G) Comparison of the risk score of the response group with that of the nonresponse group. (H) Receiver operating characteristic (ROC) curve for predicting the response to immunotherapy based on the risk score for BLCA. ****, ***, **, * and ns represented p < 0.00001, p < 0.0001, p < 0.001, p < 0.05, and not significant, respectively.




Evaluation of the Model Performance

Time-dependent ROC curves and AUCs were ploted to determine the prognostic values of the eight-gene risk score in the training and testing sets. The AUCs of the risk score for predicting 1-, 3-, and 5-year OS were 0.621, 0.7, and 0.737 in the training set (Figure 7A) and 0.655, 0.68, and 0.695 in testing set (Figure 7B). To compare the consistency of the model prediction with actual clinical outcomes, calibration curves for 1-, 3-, and 5-year OS in the training (Supplementary Figures 1A–C) and testing sets (Supplementary Figures 1D–F) were constructed. The results suggested that the calibration curves showed satisfactory agreement between the predicted and observed values for 1-, 3-, and 5-year OS. To determine the clinical usefulness of the risk signature, decision curve analysis in the training and testing sets was performed. Decision curve analysis showed that the risk scores offered a net benefit over the “treat-all” or “treat-none” strategy, which indicated that the model was clinically useful (Figures 7C,D). External validation was performed using the BLCA GEO database cohort (GSE31684 and GSE32894). All the samples were divided into high-risk and low-risk groups based on the optimal cutoff point of the risk score, then Kaplan–Meier analysis was performed. The results suggested that the prognosis of the low-risk group was better than that of the high-risk group in the BLCA cohorts GSE31684 (Figure 7E, p=0.047) and GSE32894 (Figure 7F, p=0.012). The results above indicate that this model had good predictive power in both the TCGA and other external cohorts.
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FIGURE 7. Evaluation of the performance of the signature model. ROC curves used for predicting the 1-, 3-, and 5-year ROC curves in the training set (A) and testing set (B). Decision curve analysis of the training set (C) and testing set (D). External validation of the signature model using the Gene Expression Omnibus (GEO) BLCA cohorts GSE31684 (E) and GSE32894 (F).





DISCUSSION

Tumors arise as a result of the accumulation of genetic mutations (Williams and Stein, 2004), and a large number of point mutations and structural changes occur during the development of tumors (Stratton et al., 2009), which inevitably stimulates the production of corresponding tumor antigens and thus induces an immune response (Zhang and Zhang, 2020). In recent years, with in-depth research on tumor immunology and molecular biology, immunotherapy has provided a new direction for tumor treatment (Ma et al., 2021). A variety of immune checkpoint (PD-1, PD-L1, and CTLA-4) inhibitors (ICIs) are being used in the treatment of advanced BLCA, and clinical studies have shown that they are reliable in terms of safety and efficacy. However, not every BLCA patient benefits from immunotherapy (Fumet et al., 2020). Consequently, it is imperative to identify biomarkers that can predict patient response to immunotherapy. In the present study, we aimed to construct an immune-related DEGs model, to investigate the relationship between this model and patient prognosis as well as the immunotherapy response, and to assess the potential clinical applications of the model.

In the present study, we obtained 1,040 immune-related BLCA DEGs by analyzing the TCGA database; 385 were up-regulated and 655 were down-regulated. Thirteen immune-related DEGs with significant prognostic value were screened by a one-way Cox regression model (p<0.001). Subsequently, we used LASSO regression analysis to screen eight signature genes from the 13 candidate genes in the univariate Cox regression model. The eight genes were CLSTN2, FLRT2, PTGIS, PCSK5, AIFM3, HSH2D, DCHS1, and PTPN6. FLRT2 is involved in the development of ovarian and uterine carcinogenesis, and FLRT2 has been reported to be a tumor suppressor in breast and prostate cancer (Donninger et al., 2004; Santin et al., 2005; Wu et al., 2016; Bae et al., 2017). The MethHc database show that PTGIS has a high level of DNA methylation in BLCA. PTGIS is a HIF-1α target gene that plays a primary regulatory role in hypoxic tumor progression by activating the transcription of various oncogenes (Lu et al., 2018). PCSK5 is one member of the chymosin-like proprotein convertase family, which can regulate the cleavage and activation of the prestructural domain of TGFβ/bmp family members. PCSK5 plays a major role in the mouse skeleton and organogenesis (Szumska et al., 2017). AIFM3 express in a variety of tissues and aberrantly expressed in several cancers, widely. AIFM3 is a direct target of miR-210 and is associated with the proliferation of human liver cancer cells (Yang et al., 2012), and overexpression of AIFM3 predicts stronger proliferative and invasive behavior in breast cancer (Zheng et al., 2019). HSH2D is an important signaling molecule that can affect T cell activation (Oda et al., 2001; Lapinski et al., 2009). HSH2D inhibits the transcriptional activation of the IL-2 promoter, specifically at the RE/AP element of IL-2, which is regulated by CD28, and HSH2D expression contributes to methotrexate resistance in human T-cell acute lymphoblastic leukemia (Shapiro et al., 2004; Pegram et al., 2015). DCHS1 plays a significant role in innate immunity in the human kidney and bladder according to immunostaining studies, and DCHS1 also can participate in cell adhesion, growth, planar cell polarity and tissue pattern (Liang et al., 2019; Qureshi et al., 2020). PTPN6 is thought to be a signaling molecule that can regulate many of cellular processes, including cell growth, differentiation, oncogenic transformation and mitotic cycle, as well as can act as a tumor suppressor. PTPN6 may improve the chemotherapy efficacy and can be used in combination with blocking antibodies in immunotherapy; moreover, some studies suggest that PTPN6 may be an immune-related prognostic biomarker for BLCA (Shen et al., 2020).

There is growing evidence that the immune microenvironment, in which immune cells and molecules are important components, acts an important role in tumor development and the degree of immune cell infiltration is highly correlated with patient prognosis (Grivennikov et al., 2010; Seager et al., 2017). With the recent development of technologies such as RNA-seq, it is possible to systematically analyze the tumor microenvironment and the functional diversity of tumor-infiltrating immune cells, the sensitivity of patients to immunotherapy and the prognosis (Zhang and Zhang, 2019). In recent study, we constructed an eight-gene signature model. The risk scores were significantly associated with the infiltration level of immune cells. Furthermore, six of the eight signature genes showed a significant positive or negative correlation with the infiltration level of immune cells. We also assessed the correlation of the eight signature genes with the response to immunotherapy, and the results suggested that the risk score was significantly and positively correlated with the expression of the checkpoint markers, PD-1, PD-L1, and CTLA-4. The immune-related signature model predicted the response to immunotherapy for BLCA with good accuracy. We applied this signature model to evaluate the clinical data, and the results showed that patients in the low-risk group had better clinical outcomes than those in the high-risk group. We performed Kaplan–Meier analysis on the training set, and the results showed that the low-risk group had a longer survival time than the high-risk group (p<0.001). The above data suggest that this model has good clinical feasibility. We validated the accuracy and clinical usefulness of the signature model using several methods, including ROC curves for 1-, 3-, and 5-year OS and decision curve analysis. Finally, external validation of the model using the GEO BLCA cohorts further verified the prognostic ability of the model.

However, there were some limitations of this study. This study was retrospective, and further prospective studies are required to validate our findings, and in this study, only innate immunity genes were analyzed and adaptive immunity was not involved. In addition, some clinical characteristics, such as age and clinical stages, were not included in our model.



CONCLUSION

In this study, we established an immune-related eight-gene signature model for BLCA, that could be used to predict the immune response and prognosis of BLCA patients.
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Background: Due to the relatively insidious early symptoms of lung adenocarcinoma (LUAD), most LUAD patients are at an advanced stage at the time of diagnosis and lose the best chance of surgical resection. Mounting evidence suggested that the tumor microenvironment (TME) was highly correlated with tumor occurrence, progress, and prognosis. However, TME in advanced LUAD remained to be studied and reliable prognostic signatures based on TME in advanced LUAD also had not been well-established. This study aimed to understand the cell composition and function of TME and construct a gene signature associated with TME in advanced LUAD.

Methods: The immune, stromal, and ESTIMATE scores of each sample from The Cancer Genome Atlas (TCGA) database were, respectively, calculated using an ESTIMATE algorithm. The LASSO and Cox regression model were applied to select prognostic genes and to construct a gene signature associated with TME. Two independent datasets from the Gene Expression Omnibus (GEO) were used for external validation. Twenty-two subsets of tumor-infiltrating immune cells (Tiics) were analyzed using the CIBERSORT algorithm.

Results: Favorable overall survival (OS) and progression-free survival (PFS) were found in patients with high immune score (p = 0.048 and p = 0.028; respectively) and stromal score (p = 0.024 and p = 0.025; respectively). Based on the immune and stromal scores, 453 differentially expressed genes (DEGs) were identified. Using the LASSO and Cox regression model, a seven-gene signature containing AFAP1L2, CAMK1D, LOXL2, PIK3CG, PLEKHG1, RARRES2, and SPP1 was identified to construct a risk stratification model. The OS and PFS of the high-risk group were significantly worse than that of the low-risk group (p < 0.001 and p < 0.001; respectively). The receiver operating characteristic (ROC) curve analysis confirmed the good potency of the seven-gene signature. Similar findings were validated in two independent cohorts. In addition, the proportion of macrophages M2 and Tregs was higher in high-risk patients (p = 0.041 and p = 0.022, respectively).

Conclusion: Our study established and validated a seven-gene signature associated with TME, which might serve as a prognosis stratification tool to predict survival outcomes of advanced LUAD patients. In addition, macrophages M2 polarization may lead to worse prognosis in patients with advanced LUAD.

Keywords: tumor microenvironment, immune, lung adenocarcinoma, stromal, TCGA


INTRODUCTION

Lung cancer ranks first in the incidence and mortality of all malignant tumors worldwide (Bray et al., 2018). The 5-year survival rate of lung cancer patients is less than 20% (Herbst et al., 2018). Lung adenocarcinoma (LUAD) is the most common histological subtype of non-small cell lung cancer (NSCLC), which accounts for about 40% of all lung malignancies and usually occurs in the outer area of the lung (Chen et al., 2014). Clinical studies have shown that nearly 70% of LUAD patients are discovered in stage III–IV, and 57% of LUAD patients have already developed distant metastasis at the time of initial diagnosis, and have lost the best opportunity for surgical resection (Jemal et al., 2017).

In recent years, significant progress has been made in the research of molecular genetics and immunotherapy of lung cancer, and molecular typing based on genetic characteristics has brought the treatment of advanced lung cancer into the era of personalized molecular targeted therapy (Subramanian and Govindan, 2008). EGFR-Inhibitor and BRAF(V600E)-mutant, rearrangements of ALK or ROS1 genes, as well as immune checkpoint inhibitor antibodies against PD-1 or PD-L1 have been approved for the treatment of advanced LUAD (Vargas and Harris, 2016; Hirsch et al., 2017). At present, the TNM staging system is still the most effective tool to judge the survival of patients and guide clinical treatment strategies, but the evaluation effect for advanced survival is not good (Goldstraw et al., 2016). Therefore, looking for a new survival predictor for advanced LUAD patients is particularly important for personalized treatment of clinical decision-making and prognostic health management.

Tumor microenvironment (TME) refers to the surrounding microenvironment of tumor cells, including immune cells, stromal cells, endothelial cells, inflammatory cells, and fibroblasts (Neal et al., 2018). Among them, immune cells and stromal cells are two major non-tumor cell components, which have been considered important for the diagnosis and prognostic evaluation of cancer patients (Gajewski et al., 2013). Therefore, understanding the cell composition and function of TME will bring a new dawn to patients with advanced LUAD in terms of immunity and targeted therapy and improvement of prognosis.

The continuous improvement and development of public databases, such as The Cancer Genome Atlas (TCGA) database and Gene Expression Omnibus (GEO) database, provide reliable data resources for TME research (Cancer Genome Atlas Research Network, Weinstein et al., 2013; NCBI Resource Coordinators, 2016). Yoshihara et al. (2013) first proposed the ESTIMATE algorithm in 2013. This algorithm uses the unique properties of the transcription profile of cancer samples to infer infiltrating stromal/immune cells. According to reports, researchers have explored the tumor characteristics and prognosis assessment of liver cancer (Li et al., 2019), breast cancer (Bai et al., 2019), and clear cell renal cell carcinoma (Luo et al., 2020) based on the ESTIMATE algorithm. However, the value of immune and stromal scores for advanced LUAD has not been verified.

In the present study, the immune and stromal scores were estimated using the ESTIMATE algorithm based on the transcription profile of LUAD patients with stage III–IV. A robust gene signature based on immune-stromal score was subsequently developed for prognosis stratification in advanced LUAD. Finally, we explored the relationship between high-/low-risk advanced LUAD patients and immune cell infiltration based on the CIBERSORT method, so as to provide some references for combined immunotherapy and targeted therapy for advanced LUAD patients.



MATERIALS AND METHODS


Data Collection and Processing

We obtained the fragments per kilobase per million (FPKM) data of RNA-Seq from the TCGA-LUAD cohort1, including 535 LUAD patients and 59 normal samples. Next, the FPKM data were transferred to transcripts per million (TPM) expression data. The gene expression levels of duplicate samples were averaged, and normal samples were deleted for subsequent analysis.

We used the GDC tool and cBioPortal website2 to download the corresponding clinical information, including age, gender, history of smoking, tumor laterality, metastasis, lymph node status, pathological T stage, stage, and prognostic information. In this study, only patients with stage III–IV were included and patients with incomplete key clinical information were excluded. Finally, a total of 103 advanced LUAD patients were included for follow-up analysis. We utilized the “limma” package for normalization processing, and then immune, stromal, and ESTIMATE scores were calculated using ESTIMATE algorithm. Two independent datasets from the GEO database3, namely, 27 LUAD patients with stage III–IV from Series GSE81089 and 53 LUAD patients with stage III–IV from Series GSE41271, were used for external validation in this study. For all patients from the GEO database, a normalized expression matrix was used for subsequent analyses.



Correlations Between Prognoses and Immune/Stromal Scores

Overall survival (OS) was used as the primary prognosis endpoint, and progression-free survival (PFS) was used as the secondary prognosis endpoint. According to the stromal and immune scores of each advanced LUAD patient, the best cutoff value based on the R package “maxstat” (i.e., the maximum selective rank statistic method) (Ritchie et al., 2015) was used to divide the patients into high-score and low-score groups. Based on “survival” packages, the Kaplan–Meier (K–M) survival curve analysis and log-rank tests were used to compare the prognoses of the two groups.



Differentially Expressed Gene (DEG) Screening

The “limma” package in R software was used to screen for DEGs between high-score and low-score groups of immune score and stromal score. In this study, an adjusted p-value < 0.05 and fold change ≥1.5 were regarded as the critical value for screening DEGs. The immune-related DEGs and stromal-related DEGs showing the same expression trend were selected for further analysis using a Venn diagram. We used the “pheatmap” package to generate the immune-related heatmap and stromal-related heatmap.



DEG Functional Enrichment Analysis

The David online database4 was used to explore the potential functions of DEGs. Gene ontology (GO) analysis included biological processes (BP), molecular functions (MF), and cellular components (CC), which are demonstrated by a bar plot. Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis was performed to conduct the pathway analysis, which was illustrated by a dot plot. With false discovery rate (FDR) < 0.05 as cutoff value, all enrichment results were visualized with “ggplot2” package.



Construction of Gene Signature and Survival Analysis

Firstly, the univariate Cox model was used to determine the relationship between TME-related DEG expression and patient’s survival. Then, the least absolute shrinkage and selection operator (LASSO) regression analysis was used to further screen out key genes from significant DEGs in the univariate analysis. LASSO regression increases penalty function on the basis of the least squares method, which can reduce the number of variables and avoid overfitting effectively (Bovelstad et al., 2007). Finally, the key genes screened by LASSO were included in multivariate Cox analysis, and the gene signature (risk score) formula was constructed according to the analysis results.

The risk score was calculated as follows: risk score = ∑ (βi ∗ Expi) (“i” = the number of prognostic hub genes, “βi” represents the coefficient of each gene, and “Expi” represents gene expression).

In addition, advanced LAUD patients were divided into high-risk and low-risk groups according to the median risk score. The receiver operating characteristic (ROC) curves and the consistency index (C-index) were then used to assess the predictive ability of the risk score. The K–M curves and log-rank tests were used to analyze the difference in survival between the high-risk group and the low-risk group. Furthermore, the independent prognostic value of the gene signature was explored by multivariate Cox analysis combined with other clinicopathologic characteristics.



Validation of Gene Signature in the Testing Dataset

The GSE81089 and GSE41271 independent datasets were used for verification. According to the gene signature calculation formula of the training dataset, the samples in the test dataset were divided into the high-risk group and the low-risk groups. The K–M survival analysis and ROC curves were used to evaluate the predictive ability of this model. Immunohistochemistry (IHC) images of the selected prognosis-related genes in tumor and normal tissue were retrieved from the Human Protein Atlas online database5.



Estimating the Composition of Immune Cells

CIBERSORT is a deconvolution algorithm based on the principle of linear support vector regression to describe the infiltration of immune cells in the sample (Shen-Orr et al., 2010). LM22 is composed of 547 genes that accurately distinguish 22 human hematopoietic cell phenotypes, including seven T-cell types, naïve and memory B cells, plasma cells, NK cells, and myeloid subsets (Newman et al., 2015). We used CIBERSORT and LM22 to jointly estimate the scores of 22 human immune cell types in advanced LAUD patients from the TCGA cohort. For each sample, the sum of all estimated immune cell type scores was equal to 1. We compared differences in the composition of immune cell types between high-risk and low-risk groups.



Statistical Analysis

Statistical analysis was performed using R software (version 3.6.1). All statistical tests were two sided and p-value < 0.05 indicated statistical significance.



RESULTS


Estimation of Immune Score and Stromal Score

We included 103 LUAD samples from the TCGA database, of which 78 (75.73%) were in stage III and 25 (24.27%) were in stage IV. The clinical and pathological characteristics of the included patients are listed in Table 1. Among them, elderly LUAD patients (≥65 years) accounted for 53.40%, and the proportion of LUAD patients with a history of smoking was as high as 84.47%.


TABLE 1. Clinical characteristics of 103 advanced LUAD patients included in the study from the TCGA cohort.

[image: Table 1]The immune, stromal, and ESTIMATE scores of each sample were, respectively, calculated using an ESTIMATE algorithm. The immune score ranged from −941.95 to 2,940.32, the stromal score ranged from −1,755.55 to 1,923.43, and the ESTIMATE score ranged from −2,298.51 to 4,012.25.



Immune Score and Stromal Score Were Significantly Related to Advanced LUAD Survival Outcomes

Lung adenocarcinoma samples were divided into high-score and low-score groups, based on the best cutoff value of immune score, stromal score, and ESTIMATE score, respectively. The K–M survival curves were performed to evaluate the relationships between different score levels and survival outcome. K–M survival curves of the relationships between different score levels and OS showed that patients with lower immune, stromal, and ESTIMATE scores had worse OS outcomes (p = 0.048, p = 0.024, and p = 0.012, respectively; Figures 1A–C). Consistently, K–M survival curves of the relationships between different score levels and PFS showed that patients with lower immune, stromal, and ESTIMATE scores had worse PFS outcomes (p = 0.028, p = 0.025, and p = 0.002, respectively; Figures 1D–F). These observations consistently suggested that advanced LUAD patients with a higher immune score or stromal score had a more favorable outcome.
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FIGURE 1. Correlation of immune score and stromal score with advanced LUAD survival outcomes. (A–C) K–M survival curves of the relationships between different score levels and OS showed that patients with lower immune, stromal, and ESTIMATE scores had worse OS outcomes (p = 0.048, p = 0.024, and p = 0.012, respectively). (D–F) K–M survival curves of the relationships between different score levels and PFS showed that patients with lower immune, stromal, and ESTIMATE scores had worse PFS outcomes (p = 0.028, p = 0.025, and p = 0.002, respectively).




Identification of DEGs Based on Immune Score and Stromal Score in Advanced LUAD

In order to explore the DEGs closely related to the TME, the “limma” package was used to process the Affymetrix microarray data from 103 advanced LUAD patients. Figure 2A showed a heatmap of 715 DEGs between high and low immune scores, and Figure 2B showed a heatmap of 1,092 DEGs between high and low stromal scores.
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FIGURE 2. Identification of DEGs and function and pathway enrichment analysis. (A) A heatmap of 715 DEGs between patients with high or low immune scores. (B) A heatmap of 1,092 DEGs between patients with high or low stromal scores. (C,D) Cross-upregulated and cross-downregulated DEGs between the immune and stromal groups. (E,F) Function and pathway enrichment analysis of DEGs by GO and KEGG.


For the immune score, there were 37 upregulated DEGs and 678 downregulated DEGs in the high group compared with the low group. For stromal score, compared with the low score group, there were 160 upregulated DEGs and 932 downregulated DEGs in the high-score group. A Venn diagram showed 18 cross-upregulated DEGs and 435 cross-downregulated DEGs between the immune and stromal groups (Figures 2C,D).



Function and Pathway Enrichment Analysis of DEGs

Functional enrichment analyses for DEGs, including BP, CC, MF, and KEGG pathways, were conducted using the David gene annotation tool. BP indicated that these genes may be associated with immune response, defense response, response to wounding, inflammatory response, and positive regulation of immune system process. CC indicated that these genes may be associated with intrinsic to membrane, integral to membrane, and plasma membrane. MF indicated that these genes may be associated with carbohydrate binding, cytokine binding, and polysaccharide binding (Figure 2E). The result of KEGG enrichment was related to immune response, including cytokine–cytokine receptor interaction, chemokine signaling pathway, cell adhesion molecules (CAMs), and hematopoietic cell lineage (Figure 2F). Overall, our results confirmed that TME-related DEGs were closely related to the anti-tumor immunity of advanced LUAD patients.



Construction of Seven-Gene Signature and Survival Analysis

In order to explore the potential role of DEGs in survival outcome, a univariate Cox proportional hazards regression model was first conducted, and the results showed that 96 DEGs were selected by univariate analysis. Next, according to the −2 log-likelihood test, the 10-fold cross-validation random sampling method was used, and LASSO regression analysis further screened out 18 DEGs (Figures 3A,B). Finally, a multivariate Cox proportional hazards model was performed, and a total of seven DEGs were selected to establish a seven-gene signature, and the seven-gene signature formula was as follows: risk score = (−0.29529∗AFAP1L2) + (−0.24317∗CAMK1D) + (0.35563∗LOXL2) + (−0.50661∗PIK3CG) + (−0.47294∗ PLEKHG1) + (−0.35771∗ RARRES2) + (0.35258∗ SPP1) (Figure 3C).
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FIGURE 3. Construction of seven-gene signature. (A) LASSO coefficient profiles. (B) Tenfold cross-validation result that identified optimal values of the penalty parameter λ. (C) Forest plot of seven hub genes based on stepwise regression method and multivariate Cox results. *p < 0.05, **p < 0.01, ***p < 0.001.


In addition, survival curves of seven DEGs were constructed to explore the prognostic value of each gene (Figure 4). Furthermore, a total of 51 patients with risk scores higher than the median were classified as “high-risk group,” and the remaining 52 patients were classified as “low-risk group.” K–M curves showed that the OS and PFS of high-risk patients were significantly worse (p < 0.001 and p < 0.001, respectively; Figures 5A,B).
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FIGURE 4. Survival curves of seven prognostic hub genes. (A–G) Survival curves of seven DEGs were constructed to explore the prognostic value of each gene in the TCGA database.
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FIGURE 5. Evaluation of the predictive ability of the seven-gene signature. (A,B) K–M curves for OS and PFS of high- and low-risk groups in the TCGA database. (C,D) ROC curves for OS and PFS based on the seven-gene signature in the TCGA database.


In order to evaluate the predictive ability of the seven-gene signature, we drew the ROC curve based on the risk score and calculated the AUC of the area under the curve. The AUCs of the first, second, and third year of OS prognostic models were 0.783, 0.806, and 0.843, respectively (Figure 5C). Consistently, the AUCs of the first, second, and third year of PFS prognostic models were 0.733, 0.795, and 0.766, respectively (Figure 5D).

To explore the independent prognostic value of seven-gene signature, multivariate Cox analysis combined with other clinicopathologic characteristics showed that risk score was an independent predictor (For OS, HR: 6.42, 95% CI: 3.32–12.40; For PFS, HR: 4.74, 95% CI: 2.71–8.28) (Table 2).


TABLE 2. Multivariate Cox analysis of clinical information and risk group.
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Validation of the Risk Stratification Model

In the GSE81089 and GSE41271 datasets (Supplementary Figures 1, 2, respectively), the correlation between seven genes and the risk score indicated that AFAP1L2, CAMK1D, PIK3CG, PLEKHG1, and RARRES2 were negatively correlated with the risk score, while LOXL2 and SPP1 were positively correlated with the risk score. The human protein atlas database was used to explore protein expression levels. Typical IHC of four favorable and two adverse prognostic genes (except RARRES2, which was not included in the database) in normal and tumor tissues is shown in Supplementary Figure 3.

In order to verify the generalization value of the seven-gene signature based on the TCGA cohort, we separately calculated the risk score of each sample for the 27 advanced LUAD patients in GSE81089 and the 53 advanced LUAD patients in GSE41271 using the above risk score formula. For the GSE81089 dataset, K–M survival curves indicated that the low-risk group had higher OS (p = 0.019) (Figure 6A). ROC curves based on the risk score model showed that the AUCs for the first, second, and third year of OS prognostic models were 0.746, 0.728, and 0.764, respectively (Figure 6C). Consistently, for the GSE41271 dataset, K–M survival curves indicated that the low-risk group also had higher OS (p = 0.04) (Figure 6B). ROC curves based on the risk score model showed that the AUCs for the first, second, and third year of OS prognostic models were 0.630, 0.653, and 0.623, respectively (Figure 6D).
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FIGURE 6. Validation of the risk stratification model. (A) K–M curves for OS of high- and low-risk groups in the GSE81089 dataset. (B) K–M curves for OS of high- and low-risk groups in the GSE41271 dataset. (C) ROC curves for OS based on the seven-gene signature in the GSE81089 dataset. (D) ROC curves for OS based on the seven-gene signature in the GSE41271 dataset.




Estimating the Composition of Immune Cells

We used CIBERSORT to estimate the immune cell composition of 103 samples and to quantify the relative levels of different cell types in the mixed cell population (Figure 7A). In patients with advanced LUAD, the expression level of macrophage M2 was significantly higher than that of macrophage M1 (p < 0.001). As shown in Figure 7B, we compared different cell types of patients in the low-risk group with those in the high-risk group. These results indicated that the expression levels of macrophages M2 and regulatory T cells (Tregs) in the high-risk group were significantly higher than those in the low-risk group (p = 0.041 and p = 0.022, respectively).
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FIGURE 7. Estimating the composition of immune cells (A) Relative proportion of 22 immune cell infiltration in high- and low-risk patients. (B) Differences of immune infiltration between high- and low-risk groups.




DISCUSSION

Early symptoms of LUAD are relatively insidious, without typical symptoms. As a result, most LUAD patients are at an advanced stage at the time of diagnosis, losing the best chance of surgical resection and affecting the treatment effect and quality of life of patients (Shapira, 2018). Fortunately, the treatment of LUAD continues to develop, from the original surgery, radiotherapy, chemotherapy, and targeted therapy to the current tumor immunotherapy, and the continuous innovation of treatment methods provides new treatment options for patients with advanced LUAD (Hanna et al., 2017). Previous studies have shown that TME plays a vital role in malignant progression, immune escape, and therapeutic resistance (Lambrechts et al., 2018). Therefore, it is important to study the TME of advanced LUAD in this study to determine biomarkers that can predict survival outcomes of patients.

In order to study the TME of advanced LUAD, we first calculated the immune score, stromal score, and estimate score of each advanced LUAD sample extracted from the TCGA database by applying an ESTIMATE algorithm. These patients were then divided into high/low immune score groups and high/low stromal score groups, and 453 cross-sectional DEGs were identified.

The GO and KEGG analyses of DEGs showed that DEGs mainly participated in TME, such as immune response, defense response, response to wounding, inflammatory response, and positive regulation of immune system process. These processes may inhibit tumor progression and metastasis, thereby improving the prognosis. We also found that these DEGs have a strong correlation with the immune response and tumor immune microenvironment.

In addition, we applied univariate Cox, LASSO, and multivariate Cox regression model to construct a gene signature based on seven DEGs that were screened from 453 cross-sectional DEGs. According to this gene signature, OS and PFS in the high-risk group were significantly worse than those in the low-risk group. Based on the LASSO model, Ma et al. (2020) established a prognostic model for patients with stage I–IV LUAD (AUC = 0.648). Based on the multivariate Cox model, our prognostic model for patients with advanced LUAD had more powerful predictive ability (The AUCs of the first, second, and third year of OS prognostic models were 0.783, 0.806, and 0.843, respectively). Therefore, survival outcomes in advanced LUAD patients could be well predicted by this seven-gene signature.

Among this seven-gene signature, we found that high expression levels of LOXL2 and SPP1 were associated with poor survival outcomes. In contrast, the higher the expression levels of AFAP1L2, CAMK1D, PIK3CG, PLEKHG1, and RARRES2, the better the survival outcomes. LOXL2 can promote the survival and drug resistance of tumor cells, regulate cell adhesion, movement and invasion, and reshape the TME (Barker et al., 2012). Upregulation of LOXL2 has been shown to promote lung cancer invasion and metastasis (Peng et al., 2017). Peinado et al. (2008) also showed that high LOXL2 expression was associated with reduced survival of patients with NSCLC. SPP1, also known as OPN, is a pleiotropic chemokine involved in the induction of tumor metastasis (Shi and Wang, 2017). In various types of cancer, elevated serum SPP1 levels are frequently detected in patients with metastatic cancer (Chiou et al., 2019). Advanced or metastatic LUAD patients with lower SPP1 levels had significantly superior OS and PFS compared with patients with higher levels (Mack et al., 2008).

Actin filament-associated protein 1-Like 2 (AFAP1L2 also known as XB130) is a novel multifunctional adapter protein (Cho et al., 2019). AFAP1L2 mediates the innate immune response and inhibits tumor lung cancer cell proliferation and metastasis (Wang et al., 2020). CAMK1D, an inhibitory kinase, is a member of the calcium/calmodulin-dependent protein kinase 1 family. CAMK1D overexpression impairs tumor neoangiogenesis in vivo, thus achieving tumor inhibition (Dimitrova et al., 2016). PIK3CG is deemed to be a tumor suppressor gene (Kratz et al., 2002). Immunohistochemistry revealed a decreased PIK3CG expression in 85% of colorectal cancers, which was associated with tumor invasiveness and metastasis (Semba et al., 2002). RARRES2 is also known as chemerin (Shin et al., 2018). For LUAD, Yi et al. (Liu-Chittenden et al., 2017) found that the expression level of RARRES2 was positively correlated with NK cells in tumor invasion. Previous studies have also shown that higher RARRES2 expression was associated with positive prognosis in lung cancer patients (Zhao et al., 2011; Cai et al., 2016). PLEKHG1 belongs to a family of Rho-GEFs. Matthew et al. (Traylor et al., 2019) found that genetic variation in PLEKHG1 was associated with white matter hyperintensities and ischemic stroke. However, the relationship between PLEKHG1 and LUAD has not been reported, and PLEKHG1 may be a new therapeutic target for LUAD.

Currently, immunotherapy for advanced LUAD mainly uses checkpoint inhibitors, such as PD-1/PD-L1 inhibitors and CTLA-4 inhibitors, to activate the patient’s own immune system to kill tumor cells. According to the different phenotypes and activation states of macrophages, they are classified into two polarized types: classically activated macrophages (macrophages M1) and alternatively activated macrophages (macrophages M2) (Martinez and Gordon, 2014). The macrophages M2 exhibit immunosuppression, which can promote tumorigenesis, angiogenesis, and metastasis (Noy and Pollard, 2014), and macrophages M1 play a key role in the anti-tumor immune effect (Mantovani et al., 2017). Our results showed that the proportion of macrophages M2 in advanced LUAD patients was significantly higher than that of macrophages M1. Although the ratio of macrophage M1/M2 in the high-risk group was lower than that in the low-risk group, it was not found to be statistically significant in our study, possibly due to the limitation of sample size. For the ratio of macrophage M1/M2, our study can be used as a hint, and further large sample data may be needed to verify this. These may indicate that the late stage of LUAD is related to the differentiation of macrophages M1 into macrophages M2. Interestingly, we also found that for advanced LUAD patients, the expression levels of Tregs and macrophages M2 in the high-risk group were significantly higher than those in the low-risk group. Tregs cells can attenuate the anti-tumor effects of CD4 T, CD8 T, and NK cells (Frydrychowicz et al., 2017). Therefore, combination immunotherapy for inducing macrophages M2 to polarize macrophages M1 and regulating the function of Treg immunosuppressive cells may provide clues for the precise immune treatment of advanced LUAD patients and improving the effect of tumor immunotherapy.

However, this study also had certain limitations. First, this study only conducted bioinformatics research on public databases. Next, we should verify the results of this study through clinical patients in the prospective design. Second, our study provided evidence that seven TME-related genes were significantly related to the prognosis of advanced LUAD patients, but they were analyzed only through data mining merely. The biological function and mechanism of these genes depend on further experimental studies to elucidate.



CONCLUSION

In summary, our study established and validated a seven-gene signature associated with TME, which might serve as a prognosis stratification tool to provide a theoretical basis for predicting survival outcomes of advanced LUAD patients. In addition, macrophages M2 polarization may lead to worse prognosis in patients with advanced LUAD.
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Background: Bladder cancer has become the tenth most diagnosed cancer worldwide. The prognosis has been shown to differ between non-muscle invasive bladder cancer (NMIBC) and muscle invasive bladder cancer (MIBC). We aimed to identify signature genes that are associated with the invasiveness and survival of bladder cancer and to identify potential treatments.

Methods: We downloaded gene expression profiles of bladder cancer from the Gene Expression Omnibus database to identify differentially expressed genes and perform weighted gene co-expression network analysis. Functional enrichment was analyzed by GO and KEGG analyses. Hub genes were identified from the significant module. Another dataset was also acquired to verify the expression of hub genes. Univariate and multivariate Cox regression analyses were applied to the dataset downloaded from The Cancer Genome Atlas database. Risk scores were calculated and the effect was evaluated by Kaplan-Meier survival analysis. A nomogram was constructed and validated using training and testing samples, respectively. Analysis of the tumor immune microenvironment was conducted with the CIBERSORT algorithm.

Results: In total, 1,245 differentially expressed genes (DEGs) were identified. A distinct module was identified that was significantly correlated to invasiveness. The genes within this module were found to be significantly associated with extracellular exosomes, GTPase activity, metabolic pathways, etc. Three hub genes (VSIG2, PPFIBP2, and DENND2D) were identified as biomarkers of invasiveness; two of these (PPFIBP2 and DENND2D) were closely associated with prognosis. The risk score was regarded as an independent prognostic factor. The nomogram was associated with acceptable accuracy for predicting 1- and 5-year overall survival. The infiltrating levels of resting NK cells, activated natural killer (NK) cells, CD8+ T cells, activated memory CD4+ T cells, and T follicular helper cells, were significantly higher in the group with lower risk scores. The group with higher risk scores showed predominant infiltration by regulatory T cells (Tregs).

Conclusion: We successfully identified three signature genes related to invasiveness and constructed a nomogram of bladder cancer with acceptable performance. Differences suggested by risk scores between groups of patients showing diverse patterns of immune cell infiltration may be beneficial for selecting therapeutic approaches and predicting prognosis.

Keywords: bladder cancer (BLCA), invasiveness, weighted gene co-expression network analysis (WGCNA), nomogram, tumor immune microenvironment


INTRODUCTION

Bladder cancer (BLCA) has become the tenth most commonly diagnosed type of cancer worldwide, with approximately 573,000 new cases per year, a morbidity of 3.0%, and 213,000 deaths; the mortality rate associated with BLCA is 2.1% (Sung et al., 2021). In clinical diagnosis, approximately 75% of patients with bladder cancer are diagnosed with non-muscle invasive bladder cancer (NMIBC); the others are diagnosed with muscle invasive bladder cancer (MIBC); diagnosis is made according to whether the tumor invades the muscular layer of the bladder (Avgeris et al., 2018). The postoperative recurrence rate of NMIBC exceeds 70%; approximately 15% of these patients progress to MIBC. The postoperative recurrence rate of patients with MIBC can exceed 50% after radical cystectomy (RC), and many patients can die from this disease (Kotolloshi et al., 2021; Zhang et al., 2021). Because of the different prognoses and biological pathways underlying NMIBC and MIBC, a range of different treatment strategies may be required (Nouhaud et al., 2021). Therefore, it is crucial and beneficial to identify genes or features that are of prognostic value and to establish a prognostic model that could identify potential treatments and predict prognoses.

In this study, we analyzed mRNA expression data relating to BLCA from the Gene Expression Omnibus (GEO) database using differential gene expression analysis and weighted gene co-expression network analysis (WGCNA). Then, we identified the genes in the significant module that was most relevant to invasiveness and analyzed these genes using pathway and functional enrichment analyses. We also identified survival-associated hub genes and clinical signatures to predict the prognoses of patients with BLCA and developed a robust prognostic model to help direct treatment strategies and decision-making in the clinical treatment of BLCA patients. Finally, we investigated the diversity of tumor immune cell infiltration between different groups of patients with different risk scores. Figure 1 shows a flowchart of the entire study process.
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FIGURE 1. A flowchart depicting the entire study process.




MATERIALS AND METHODS


Data Download and Processing

The GSE13507 microarray dataset features the gene expression profile of patients with BLCA (Lee et al., 2010) and contains 102 NMIBC samples and 63 MIBC samples. This dataset was downloaded from the GEO database.1 We also downloaded the GSE120736 dataset (Song et al., 2019) which contains 78

NMIBC samples and 61 MIBC samples; this was used to verify the expression profiles of the signature genes. We also downloaded a standardized RNA-seq fragments per kilobase per million mapped reads (FPKM) dataset for BLCA from The Cancer Genome Atlas (TCGA) database2 in order to construct a reliable prognostic model and investigate the tumor immune microenvironment (TIME).



The Identification of DEGs Between NMIBC and MIBC Samples

We utilized the ‘‘limma’’ package downloaded from Bioconductor3 in R to analyze differentially expressed genes (DEGs) between NMIBC and MIBC samples. In order to select significant DEGs, we first normalized gene expression levels and then set the adjusted P-value to < 0.05 and the | log2 fold change| to > 0.5 as thresholds.



Weighted Gene Co-expression Network Analysis

We used all of the genes in the GSE13507 dataset for WGCNA; this was performed using the “WGCNA” R package (Langfelder and Horvath, 2008). Our aim was to explore the relationships between significant expression modules and invasiveness. We created a sample clustering tree to detect and eliminate an outlier and set the soft thresholding power value to 9 in order to obtain a scale-free network. The resulting adjacency matrix derived from the gene expression set was then converted to a topological overlap matrix (TOM) for module clustering. We set 30 as the minimum number of genes in each module, and similar modules were merged with a threshold cut-off of 0.25. Next, we generated a hierarchical clustering dendrogram; distinct colors were assigned to diverse branches to reveal different modules. The vital clinical trait was then integrated into the eigengene network as an auxiliary node to explore the connection between the trait and the modules. Module-trait associations were then evaluated by analyzing the correlation between module membership (MM) and gene significance (GS). Modules that were highly correlated with invasiveness were selected and extracted to perform subsequent analysis.



Enrichment Annotation Analysis

Genes identified in the crucial module were then analyzed by Gene Ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis. For this, we used the Database for Annotation, Visualization, and Integrated Discovery (DAVID)4 an adjusted P < 0.05 was considered significant.



Hub Genes

To ensure quantity and accuracy, genes in the most significant module (with | MM| > 0.86 and | GS| > 0.42), as determined by WGCNA, were recognized as hub genes. Kaplan-Meier survival analyses were also adopted to determine the differences in overall survival (OS) between groups of hub genes when expressed at high and low levels.



Identification of Prognostic Signature Genes

We used a TCGA dataset with a complete set of clinical features (n = 351) to identify genes that were relevant to prognosis. Univariate Cox regression analysis was applied to explore the prognostic value of hub genes. After filtration, genes with P < 0.1 were selected for multivariate Cox regression analysis to evaluate the interactions between prognosis-related genes; this was carried out with the “survival” package in the R environment.



Establishment of a Prognostic Model

Next, a prognostic risk score model was developed based on prognosis-associated genes, expression levels, and coefficients. The risk score was calculated using an established formula (Sullivan et al., 2004), as follows:
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Based on the median risk score, we separated all samples from TCGA dataset into two different groups. We carried out multivariate Cox regression analysis again and calculated hazard ratios (HRs) to identify the independence of the risk score for predicting overall survival.



Construction and Validation of a Nomogram

Samples from TCGA dataset (with a complete set of clinical features) were divided into training (n = 252) and testing (n = 99) cohorts randomly. A nomogram derived from the training dataset was constructed by the “rms” package in R with the following clinical features: age, gender, risk score, T stage, and N stage. We created calibration plots to examine the predictive performance of the nomogram. A receiver operating characteristic (ROC) curve was derived from the testing cohort and used to check the accuracy of the nomogram based on a prognostic model; this was performed with the “survivalROC” package in R.



Investigation of the Tumor Immune Microenvironment

TIME analysis was applied to samples from TCGA dataset; this was carried out with the “CIBERSORT” analytic tool. We determined the proportions of 22 different tumor-infiltrating immune cells; P < 0.05 was considered to be the level of statistical significance (Newman et al., 2015). We also used the Wilcoxon rank-sum test to detect significant differences in the proportions of immune cell infiltration between low- and high-risk groups of patients.



Statistical Analysis

R software (version 4.0.3), and a range of tools within the R environment, were used for statistical analysis. We employed univariate and multivariate Cox regression analyses to determine prognostic factors. Kaplan-Meier curves were utilized to compare the OS of different groups, and statistical significances were verified with the log-rank test. Two groups of independent non-parametric samples were evaluated by the Wilcoxon rank-sum test.



RESULTS


A Comparison of DEGs Between NMIBC and MIBC Samples

Samples from the GSE13507 dataset were normalized and separated according to invasiveness. We identified 1245 DEGs (780 upregulated genes and 465 downregulated genes) using specific cut-off criteria (adjusted P < 0.05 and | log2 fold change| > 0.5) (Figures 2A,B).
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FIGURE 2. Differentially expressed genes between patients with non-muscle invasive bladder cancer (NMIBC) and muscle invasive bladder cancer (MIBC) displayed as a heatmap (A) and a volcano map (B).




The Construction of Weighted Gene Co-expression Network

WGCNA was adopted on samples from the GSE13507 dataset in order to identify genes related to invasiveness. A sample clustering tree was obtained, and an outlier (GSM340606) was detected and eliminated (Figure 3A). Next, we needed to set an appropriate soft threshold; power values ranged from 1 to 20 and a power (β) of 9 was selected to obtain a scale-free network (Figure 3B). The scale-free topology fitting index R2 reached 0.85 (Figure 3C), thus fulfilling the requirements of scale-free topology. TOM was transformed from an adjacency matrix for clustering modules. Using the dynamic tree cutting and merging method and taking 0.25 as the cut-off point and 30 as the minimum number of genes, we merged similar modules. This strategy ultimately revealed 24 modules from 18,575 genes (Figure 3D). Correlation factors were calculated and then displayed as a heatmap (Figure 4A). The midnight-blue module, containing 240 genes (Supplementary Table 1), were highly correlated with invasiveness (correlation coefficient =–0.51; P = 2 × 10–12) and grade (correlation coefficient = −0.44; P = 3 × 10–9). The trait was then rescaled, using MIBC as the reference; the connection between the invasiveness and each module is shown in Figure 4B and Supplementary Figure 1. There was a strong correlation between the midnight-blue module and phenotype (correlation coefficient = 0.69; P = 2.9 × 10–35), as shown by Figure 4C.
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FIGURE 3. Construction of a weighted co-expression network. (A) An outlier (GSM340606) was detected and eliminated by sample clustering. (B) β = 9 was selected as the soft threshold. (C) Validation of the scale-free topology network. (D) The dynamic tree cutting and merging method resulted in the identification of 24 modules.



[image: image]

FIGURE 4. (A) A heatmap was created to display the relationships between modules and traits; correlation coefficients and P-values are also shown for each module. (B) Invasiveness was integrated into the eigengene network to explore the connection between the trait and modules. (C) Correlation between module membership (MM) and gene significance (GS).




Function and Pathway Enrichment Annotation Analysis of the Significant Module

Next, we employed GO and KEGG analyses to explore the function and pathway enrichment of the genes involved. The genes in the midnight-blue module were significantly related to protein homodimerization activity, integral component of Golgi membrane, extracellular exosome, lipid metabolic process, epithelial cell differentiation, positive regulation of GTPase activity, negative regulation of transforming growth factor beta receptor signaling pathway, and thymic T cell selection, etc. (Figure 5A, P < 0.05). KEGG pathway analysis identified significant enrichment in metabolic pathways; valine, leucine and isoleucine degradation; and ovarian steroidogenesis (Figure 5B, P < 0.05).
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FIGURE 5. GO and KEGG enrichment analysis. (A) GO analysis for genes in significant modules, including biological process (BP), cellular component (CC), and molecular function (MF). (B) KEGG enrichment analysis for genes in the significant modules.




The Identification of Hub Genes From the Significant Module

Hub genes were selected using specific criteria (| MM| > 0.86, and | GS| > 0.42). Three genes were identified: VSIG2, PPFIBP2, and DENND2D (Supplementary Table 2). The expression levels of hub genes in the NMIBC and MIBC groups were visualized as violin plots (Figures 6A–C) using the “ggstatsplot” R package and validated with the GSE120736 dataset (Figures 6D–F); this analysis demonstrated good levels of consistency. The clinicopathological characteristics of patients in the two GEO cohorts are shown in Table 1. Kaplan-Meier survival curves were used to demonstrate the differences in OS between the low- and high- expression groups of hub genes (Figures 6G–I).
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FIGURE 6. The expression of hub genes (VSIG2, PPFIBP2, and DENND2D) in the GSE13507 dataset (A–C) and the GSE120736 dataset (D–F). Kaplan-Meier survival curves for patients with different expression levels of hub genes (G–I). The expression levels of groups were classified according to the median gene expression value.



TABLE 1. Basic clinical characteristics of patients in the GEO datasets.
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The Identification of Prognostic Signature Genes

Hub genes extracted from the midnight-blue module were then subjected to univariate Cox regression (Table 2). The exclusion criterion was set to P > 0.1. Multivariate Cox regression was then applied to the hub genes that passed the exclusion criterion (Figure 7A). The clinical characteristics of patients in TCGA cohort used for analysis are shown in Supplementary Table 3. PPFIBP2 and DENND2D were identified as the hub genes that had the most influence on prognosis.


TABLE 2. Univariate Cox regression analysis of hub genes.
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FIGURE 7. (A) A Forest map of hub genes, as determined by multivariate Cox regression analysis. (B) A Forest map of risk score and other clinical features, as determined by multivariate Cox regression analysis. (C) Risk score distribution, survival status, and an expression heatmap for the three hub genes. (D) Kaplan-Meier survival curves for patients in the low- and high-risk groups. (E) Nomogram for predicting the 1- and 5-year OS of patients with BLCA. (F,G) A calibration curve of the constructed nomogram for predicting 1- and 5-year OS. (H) The time-dependent ROC curves for the constructed nomogram using the test data.




Establishment of a Prognostic Model Based on Hub Genes

Next, we calculated the risk score for each sample used expression levels of hub genes and coefficients, as follows: Risk Score = (0.06219 × VSIG2) + (−0.20005 × PPFIBP2) + (−0.29484 × DENND2D). The risk score, based on invasiveness, was regarded as an independent prognostic factor for survival, as demonstrated (Figure 7B). According to the median risk score in TCGA cohort, we separated patients into different groups (Figure 7C). The overall survival of low-risk patients was significantly longer than that of high-risk patients, as indicated by survival analysis (Figure 7D).



Construction and Validation of a Nomogram for Predicting Prognosis of Patients With Bladder Cancer

To predict the prognosis of patients with BLCA, we developed a nomogram using the training cohort from TCGA dataset (Figure 7E). Consequently, 1- and 5-year OS can be estimated according to the total number of points; the risk score had the greatest weighing in this calculation. A patient with a lower risk score, T stage, N stage, or age, has a higher likelihood of a better prognosis. 0.67375977 was found as the C-index for the nomogram. Acceptable consistency between nomogram predictions and actual 1- and 5-year OS was determined by calibration curves (Figures 7F,G). In addition, we also developed time-dependent ROC curves for the established nomogram using the testing cohort (Figure 7H); the area under the curve (AUC) values for 1- and 5-year OS were 0.756 and 0.739, respectively.



Association of Risk Score With Immune Cell Infiltration in the Tumor Microenvironment

The proportions of 22 types of immune cells were determined for different groups of BLCA patients (Figure 8A). We then compared the abundances of tumor-infiltrating immune cells in groups with different levels of risk scores (Figure 8B). The infiltrating levels of resting NK cells, activated natural killer (NK) cells, CD8+ T cells, activated memory CD4+ T cells, and T follicular helper cells, were significantly higher in the low-risk group. The high-risk group showed predominant infiltration by regulatory T cells (Tregs).
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FIGURE 8. (A) The proportion of infiltrating immune cells, as estimated by the CIBERSORT algorithm. (B) A box plot of immune cells in the low- and high-risk groups.




DISCUSSION

BLCA is associated with morbidity and mortality rates of 3.0 and 2.1% worldwide, respectively (Sung et al., 2021). Because of the diverse range of biological mechanisms that exist between NMIBC and MIBC, it is important that we consider whether to provide different treatment strategies. Previous studies have established multiple prognostic models (Chen et al., 2021; Xu et al., 2021). Furthermore, Yan et al. (2020) built an eight-gene signature to predict OS in patients with BLCA using WGCNA. Qiu et al. (2020) and Shen et al. (2020) also constructed prognostic models based on immune-associated genes; however, none of these established prognostic models were based on invasiveness. Identifying biomarkers relating to the invasiveness of BLCA and using these biomarkers to establish a prognostic model may provide new options for treatment selection and the prediction of prognosis.

In the present study, we aimed to identify signature genes associated with invasiveness and construct a prognostic model based on these signature genes. In total, we identified 1245 DEGs, thus illustrating clear differences in gene expression between NMIBC and MIBC. A specific module, containing 240 genes, was identified by WGCNA, and found to be significantly associated with invasiveness. Several vital pathways were revealed by functional enrichment analysis. Three hub genes (VSIG2, PPFIBP2, and DENND2D) were extracted from this module; two of these genes (PPFIBP2, DENND2D) played an important role in prognosis as protective factors. We established a prognostic model and presented this model as a nomogram based on the prognosis-associated signatures. Further validation of the nomogram, with calibration curves and time-dependent ROC curves, suggested an acceptable level of accuracy. As well as identifying new biomarkers related to invasiveness and developing a prognostic model, we also used TIME to investigate potential treatment options.

The midnight-blue module was mainly associated with metabolic-related activities, showed by GO functional analysis; this was consistent with the results derived from KEGG pathway enrichment analysis. Analyses showed that several pathways were enriched, including epithelial cell differentiation, and negative regulation of transforming growth factor beta receptor signaling pathway that inhibits the progression of tumor metastasis, as described previously (Tan et al., 2017; Lyu et al., 2019). The current analyses also identified enrichment in positive regulation of GTPase activity, thymic T cell selection, and extracellular exosome, etc.

Three hub genes (VSIG2, PPFIBP2, and DENND2D) were identified as biomarkers that showed upregulation in patients with NMIBC and downregulated in patients with MIBC. VSIG2 is expressed in the thymus and may be related to antigen presentation (Kariuki et al., 2010). The function of VSIG2 in cancer has not been described previously, although this gene may serve as a potential biomarker for BCLA. The PPFIBP2 product is known to be associated with axon guidance and the development of neuronal synapses (Iyama et al., 2017). The protein encoded by PPFIBP2 is liprin-β2; previous studies have shown that low levels of liprin-β2 is associated with a poor prognosis for urothelial, renal, prostate, lung, head, and neck cancers (Tan et al., 2008; Wu et al., 2018). Tumor cell migration, invasion, and progression, are controlled by the ERK pathway (Ueoka et al., 2000; Reddy et al., 2003). ERK2 is a major facilitator of cell migration and invasion within the tumor microenvironment; liprin-β2 represents a specific target for ERK2. Liprin-β2 can inhibit cell migration and invasion and acts downstream of ERK2. Consequently, liprin-β2 may act by facilitating the transporting of anti-migratory molecules or by halting the recycling of pro-invasive molecules. ERK2 is also known to drive invasiveness by inhibiting liprin-β2 (von Thun et al., 2012). DENND2D is considered to act as a tumor suppressor gene and has been implicated in several types of cancer, including hepatocellular, lung, esophageal, and gastric cancer (Ling et al., 2013; Hibino et al., 2014; Kanda et al., 2014, 2015). DENND2D is a regulator of Rab GTPases and is highly associated with carcinogenesis and the progression of cancer. In addition, several Rab GTPase family members are known to influence the secretion of exosomes via the trans-Golgi network or inducible vesicular transporting (Ponnambalam and Baldwin, 2003; Ostrowski et al., 2010). Adjacent cells can take up exosomes derived from cancer cells, which are able to induce pathways that are involved in the initiation and progression of cancer (Rink et al., 2005; Henderson and Azorsa, 2012). MiR-1246 in tumor exosomes can directly target and downregulate DENND2D, as reported previously (Sakha et al., 2016). DENND2D is also involved in the miR-522-induced migration and invasion of non-small cell lung cancer cells by targeting DENND2D (Zhang et al., 2016). Higher expression levels of PPFIBP2 and DENND2D are known to be associated with lower levels of tumor invasiveness and a better prognosis; our present findings were consistent with these earlier observations.

TIME plays a key role in tumor initiation and progression; furthermore, immunotherapy is often performed as a component of neoadjuvant therapy (Lyu et al., 2020). We assessed tumor immune cell infiltration to explore potential therapies and other prognostic factors, and we then investigated the differences in TIME between different groups. The proportions of resting NK cells, activated NK cells, CD8+ T cells, activated memory CD4+ T cells, and Tfh cells, were significantly higher in the low-risk group, thus indicating a better prognosis. In contrast, the proportion of Tregs was lower in the low-risk group than in the high-risk group. NK cells are known to kill adjacent cells that express surface markers that are associated with oncogenic transformation (Shimasaki et al., 2020). By secreting cytokines and chemokines, NK cells may induce T cell infiltration and inflammation; they may also prevent metastasis by eliminating circulating tumor cells (Fauriat et al., 2010; Gooden et al., 2011; Lopez-Soto et al., 2017; Malmberg et al., 2017). In pancreatic cancer, memory CD4+ T cells are closely related to gemcitabine resistance (Gu et al., 2020). A similar association may exist for BLCA, although further validation is still needed. Patients with a high proportion of CD8+ T cells are more likely to show a favorable response to neoadjuvant chemotherapy (Green et al., 2017). In triple-negative breast cancer, tumors with high levels of infiltrating CD8+ T cells and memory CD4+ T cells might result in a better prognosis (Matsumoto et al., 2016; Oshi et al., 2020); this is consistent with BLCA. A high abundance of CD8+ T cells is closely related to high expression levels of multiple immune checkpoint molecules, thus implying that treatment involving immune checkpoint inhibitors may be effective (Oshi et al., 2020). Tfh cells are an independent subset of CD4+ T cells derived from naïve T cells that localize to lymphoid follicles and mediate the selection, proliferation, and survival of B cells to generate antibody signals (Eivazi et al., 2016). Tregs constitutively express CTLA-4 and are able to suppress the activation of leukocytes and maintain immune homeostasis (Lu et al., 2017). Patients with high levels of Tregs infiltration may respond effectively to therapy involving ipilimumab and tremelimumab (Simeone et al., 2014; He et al., 2017).

In summary, we successfully identified signature genes associated with invasiveness and used these genes to establish a reliable prognostic model for BLCA. These gene signatures represent potential biomarkers and targets for prognosis and treatment. Risk score acted as an independent prognostic factor and could guide the selection of therapy involving immune checkpoint inhibitors. However, there were some limitations to this study that need to be considered. First, further laboratory experiments are still required to validate the potential mechanisms underlying the action of the signature genes and TIME. Second, our sample size was not sufficient; therefore, we were unable to detect additional risk signatures associated with invasiveness in patients with BLCA.



CONCLUSION

In conclusion, we identified three signature genes associated with the invasiveness of BLCA; two of these showed strong associations with prognosis. We also constructed a prognostic risk model that featured the three signature genes and other clinical features; this model showed acceptable levels of performance. Differences in TIME between the patient groups showing different risk scores were also analyzed to guide the selection of therapeutic approaches and to help predict prognosis.
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TUBA1C, a microtubule component, contributes to the development of several cancers. Our purpose was to study the expression of TUBA1C, its potential prognostic value, and its effects on the infiltration of immune cells of low-grade glioma (LGG). Through applying multiple bioinformatics analyses, we extracted and analyzed datasets from TCGA, TIMER, GTEx, GEPIA, and HPA to investigate the potential oncogenic mechanisms of TUBA1C, including the correlation between TUBA1C and prognosis, immune-checkpoints, tumor microenvironment (TME), and infiltration of immune cells in LGG. GO functional annotations and KEGG pathway analyses were further applied to investigate the potential action of TUBA1C in LGG. We revealed that the mRNA levels of TUBA1C were increased in LGG tumor tissues than in normal tissues. Additionally, TUBA1C was up-regulated in the grade III of LGG than in grade II. Moreover, we found that TUBA1C may be an independent prognostic factor of LGG, and high TUBA1C expression correlated to a poor prognosis of LGG. TUBA1C expression was positively associated with the infiltration of B cells, CD8 T+ cells, CD4+ T cells, macrophages, dendritic cells, and neutrophils. TUBA1C was also verified to be co-expressed with immune-related genes and immune-checkpoints. GO and KEGG pathway analyses indicated that TUBA1C may potentially regulate the pathogenesis of LGG through immune-related pathways, including chemokine pathway; JAK-STAT pathway; natural killer cell mediated cytotoxicity; T cell receptor pathway; leukocyte migration; negative regulation of immune system process; regulation of lymphocyte activation; T cell activation and other pathways. In conclusion, TUBA1C expression is increased in LGG and high TUAB1C expression is related to a poor prognosis. TUBA1C may influence tumor development by regulating the tumor-infiltrating cells in the TME. TUBA1C may be a potential target for immunotherapy.
Keywords: LGG, TUBA1C, prognosis, tumor microenvironment, tumor immune cell infiltration
INTRODUCTION
Glioma is a common and fatal tumor type in the central nervous system. Lower-grade glioma (LGG, WHO II, III) grow slowly with less malignancy and have superior survival outcomes compared with glioblastoma (GBM, WHO IV). Bioinformatics studies of gliomas have an important role in improving the accuracy of diagnosis and treatment, for example, thanks to bioinformatics, WHO have added molecular biomarkers such as isocitrate dehydrogenase mutation status to the diagnostic guidelines of glioma (Louis et al., 2016). Currently, although surgical resection of tumors combined with chemotherapy, radiotherapy, and neurorestorative therapy somewhat improves the prognosis of the patient, over 50% of LGG patients eventually develop into highly aggressive gliomas (Deng et al., 2019; Wang et al., 2020). Hence, new prognostic factors need to be identified for LGG.
Microtubules, which are assembled from highly conserved α/β-tubulin heterodimers (Bodakuntla et al., 2019), are one of the components of the backbone of eukaryotic cells, and exert a vital action in depolymerization and dynamic aggregation via cell division and replication (Kim et al., 2010). Previous studies have shown that α-tubulin participates in the development of several cancers, such as lung, prostate, and breast cancers (Boggs et al., 2015; Li et al., 2019; Zhang et al., 2016). Additionally, α-tubulin is involved in the occurrence of astrocytoma and chemoresistance in hepatocellular carcinoma (HCC) which greatly affects the prognosis of patients with liver cancer (Tsai et al., 2014; Hu et al., 2021). Notably, overexpression of TUBA1C, which is one of the α-tubulin subtypes is involved in the poor prognosis of HCC (Li et al., 2017), pancreatic ductal adenocarcinoma (Albahde et al., 2020), and lung cancer (Bian et al., 2021). However, whether TUBA1C can affect the prognosis of LGG has not been explored.
In recent years, immunotherapies have been applied for the treatment of glioma patients and have changed the treatment paradigm for glioma (Lim et al., 2018). Tumor-infiltrating immune cells (TIICs) are known to affect the immune system, processing abnormal biological behavior in a complex manner and exerting an essential action in response to immunotherapies (Xiong et al., 2018). In addition, genes associated with immune components of the TME are of great value as prognostic biomarkers (Le Rhun et al., 2019). Recently, several studies have proposed that TUBA1C is related to poor prognosis in HCC (Wang et al., 2017), pancreatic ductal adenocarcinoma (Albahde et al., 2020), and lung adenocarcinoma (Bian et al., 2021). However, no studies have yet explored whether TUBA1C overexpression affects the tumor immune microenvironment of LGG.
Through applying multiple bioinformatics analyses, we extracted and analyzed datasets from The Cancer Genome Atlas (TCGA), genotype-tissue expression (GTEx), Tumor Immune Estimation Resource (TIMER), Gene Expression Profiling Interactive Analysis (GEPIA), and the Human Protein Atlas (HPA) to explore the potential oncogenic mechanisms of TUBA1C, including correlations between TUBA1C and the prognosis, immune-checkpoints, TME and TIICs in LGG. Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG), pathway enrichment analyses were applied to investigate the potential functions of TUBA1C.
METHODS
Data Source and Analysis of Differential Expressions
We downloaded cancer-related RNA sequences, clinicopathological, and survival data of LGG and GBM on the UCSC Xena web (https://xena.ucsc.edu/, originally from the TCGA). GTEx (http://commonfund.nih.gov/GTEx/) contains publicly available gene expression data from the RNA sequencing of 54 normal tissue sites from about 1,000 individuals (GTEx Consortium, 2013). Normal samples from the GTEx database and tumor samples from TCGA were applied to compare the differential expressions of TUBA1C between cancer and normal tissue. The TUBA1C expression data in TCGA (https://tcga.xenahubs.net) were extracted by using Perl software for subsequent analysis. The “wilcox.test” method was used to evaluate the differential mRNA expressions of TUBA1C in LGG. The cut-off was established as a False Discovery Rate (FDR) value <0.05. The “ggpubr” R package was used for the boxplot.
Gene Expression Profiling Interactive Analysis (GEPIA) (http://gepia.cancer-pku.cn/index .html) is a publicly available database developed by Peking University, China (Tang et al., 2017). To verify the differential TUBA1C expressions in LGG and normal tissues, we further used GEPIA to verify our results and constructed boxplot, and survival curves, such as overall survival (OS) curve and disease-free survival (DFS) curve.
Immunohistochemistry (IHC) Staining
Immunohistochemical images of TUBA1C protein expression analyses, assessment of the differences in TUBA1C expression at the protein level, were performed in normal, LGG, and GBM tissues from the HPA (http://www.proteinatlas.org/). The anti-body HPA043684 was used for IHC.
Identification of the Prognostic Factors for OS in LGG
Univariate and multivariate Cox regression analyses were used to assess TUBA1C and five major clinical and prognostic factors, including age, race, sex, grade, radiotherapy, to identify the proper terms to build the nomogram. The forest plots showed the HR, 95% CI, and p-value of each variable by using the “forestplot” R package. Using R software (version 4.0.2) with the packages “rms,” a nomogram was formulated according to the results of multivariate Cox proportional hazards analysis to predict the 1-yr, 3-yr, and 5-yr overall recurrence.
Correlations Between TUBA1C and Clinicopathology or Survival in LGG
We extracted the survival information for each sample in the TCGA. We then selected several indicators: OS, disease-specific survival (DSS), DFS, and progression-free interval (PFS), to clarify the association of TUBA1C expression with the prognosis of LGG patients. The Kaplan-Meier (KM) and log-rank test were applied for survival analysis of LGG (p < 0.05) and survival curves were performed through R packages “survminer” and “survival.” Then, R packages “survival” was used for Cox analysis to identify the correlation of TUBA1C with survival. The R packages “ggpubr” and “limma” were applied for clinicopathological correlation analyses.
Relationship Between TUBA1C and Immune Cells Infiltration in the TME of LGG
The TIMER (https://cistrome.shinyapps.io/timer/) database was applied to explore the correlations between LGG and TIICs. The TIICs in TIMER contained dendritic cells, B cells, neutrophils, CD4+ T cells, macrophages, and CD8+ T cells. Subsequently, we applied the ESTIMATE algorithm in the R package “estimate” and “limma” to calculate immune and stromal scores. We analyzed tumor purity and the infiltration of stromal/immune cells in the tissue of LGG based on TUBA1C expression data using CIBERSORT, which was developed to estimate the abundance of particular cells in hybrid cell populations applying gene expression datasets. We next analyzed the correlation of TUBA1C with TME or infiltration of immune cells by using R packages “ggplot2,” “ggpubr,” and “ggExtra” (cut-off: value of p < 0.01).
Immune-checkpoint Analysis
SIGLEC15, TIGIT, CTLA4, CD274, HAVCR2, LAG3, PDCD1, and PDCD1LG2 were selected to be immune-checkpoint–relevant transcripts, and the expression data of these eight genes were extracted. R package “ggplot2,” “pheatmap” and “immuneeconv” were used to assess the expression of the immune-checkpoints and co-expression of TUBA1C with these immune-checkpoints. Potential immune checkpoint blockade response was predicted with the TIDE algorithm (Jiang et al., 2018).
Co-Expression Analyses and Pathways Enrichment Analyses of TUBA1C in LGG
R packages “limma,” “reshape2” and “RColorBrewer” were applied to perform the co-expression analyses. GO and KEGG gene sets were from the Gene Set Enrichment Analysis website (https://www.gsea-msigdb.org/gsea/downloads.jsp). The GO functional annotations and the KEGG enrichment pathways analyses of TUBA1C were conducted using the R package “enrichplot2,” “clusterProfiler,” “limma,” and “org.Hs.eg.db.”
Statistical Analysis
Gene expression data were normalized by log2-transformation. Normal and tumor tissues were compared using a two-group t-test. Kruskal-Wallis one-way ANOVA was used to make comparisons between groups greater than or equal to three. The Cox proportional hazards model, KM analyses, and log-rank test were conducted for all survival analyses. Spearman’s test or Pearson’s test was applied to analyze the correlation between two variables; p value <0.05 were considered significant. R software (version 4.0.2) was used for statistical analysis.
RESULTS
The Different Expressions of TUBA1C in LGG, GBM, and Normal Tissues
To evaluate the TUBA1C expression in LGG, GBM, and normal tissues, RNA sequencing data obtained from the TCGA were analyzed using R software. The TCGA profiles (including 509 LGG and 153 GBM samples) of mRNA expression were gained. Since the TCGA database lacked paracancerous tissue samples of LGG (Figure 1A), we downloaded 2642 normal samples from the GTEx database. We found that TUBA1C was overexpressed in LGG tumor tissues compared to the normal tissues (p < 0.001) (Figure 1B). We further verified the high TUBA1C expression in LGG tumor tissues in the GEPIA, the result indeed showed that TUBA1C was over-expressed in LGG than normal tissues (Figure 1C), which was consistent with our findings. Additionally, we evaluated the correlation between TUBA1C expression and tumor stage and found that the expression of TUBA1C was increased in stage III than stage II of LGG (p < 0.0001). Moreover, the expression of TUBA1C was elevated in GBM (WHO, stage IV) than stage III of LGG (p < 0.0001) (Figure 1D).
[image: Figure 1]FIGURE 1 | The different mRNA expressions of TUBA1C in LGG, GBM, and normal tissues. (A,B) mRNA expressions of TUBA1C in LGG and normal tissues. (C) mRNA expression of TUBA1C in LGG and normal tissues in the GEPIA. (D) Differential TUBA1C expressions in tumor stages in LGG and GBM. *p < 0.05, ***p < 0.001, ****p < 0.0001.
To assess the expression of TUBA1C at the protein level, the IHC results were obtained and analyzed from the HPA. The results illustrated that the TUBA1C IHC staining was weak in the normal cerebral cortex (Figure 2A), whereas LGG tumor tissues had not detected the TUBA1C IHC staining or had high TUBA1C IHC staining (Figures 2B–D). However, the GBM tumor tissues had strong TUBA1C IHC staining (Figures 2E–G).
[image: Figure 2]FIGURE 2 | The TUBA1C expression detected by immunohistochemistry and the construction of prognostic signature in LGG. Representative immumohistochemical stainings in various normal (A), LGG (B–D) and GBM (E–G) tissues. Hazard ratio and p-value of constituents involved in the univariable (H) and multivariate (I) Cox regression. (J) Nomogram consisting of risk score and other clinical indicators to predict the 1-yr, 3-yr and 5-yr OS of the patients with LGG.
Prognostic Value of TUBA1C in LGG
We further applied the univariable and multivariable Cox regression model to investigate the independent prognostic force of the signature. Univariable analysis results indicated that TUBA1C (HR = 2.05843, p < 0.0001), grade (HR = 3.39671, p < 0.0001), age (HR = 1.05811, p < 0.0001), and radiation therapy (HR = 2.02069, p = 0.0119) had prognostic value for the OS of LGG (Figure 2H). Similarly, in the subsequent multivariable stepwise cox regression analysis, TUBA1C (HR = 1.67788, p = 0.00014), age (HR = 1.04526, p = 0.00024), grade (HR = 2.40128, p = 0.0152) still maintained their prognostic values (Figure 2I). These results demonstrated that TUBA1C expression was an independent prognostic factor in LGG. Thereafter, TUBA1C, age, and grade were visualized in the nomogram. Nomograms of 1-yr, 3-yr, and 5-yr OS in the cohort are shown in Figure 2J.
Survival association analyses, including OS, DSS, DFS, and PFS were applied to further verify the correlation of TUBA1C expression with prognosis in LGG. KM plotter results showed that among the individuals with LGG (p = 0.0002) (Figure 3A), those with high TUBA1C expression had less time of survival. Furthermore, DSS analyses indicated a correlation between high TUBA1C expression and adverse outcomes in the LGG patients (p = 0.0001) (Figure 3B). Notably, LGG patients with high TUBA1C expression had poor DFS (p = 0.0377) (Figure 3C) and (p < 0.0001) PFS (Figure 3D). Furthermore, the OS and DFS curves were performed with the help of GEPIA. LGG patients with high TUBA1C expression had a poor OS (p = 0.00027) (Supplementary Figure S1A) and DFS (p = 0.00068) (Supplementary Figure S1B), which is consistent with our results in Figure 3.
[image: Figure 3]FIGURE 3 | The correlation between TUBA1C expression and OS (A), DSS (B), DFS (C), and PFS (D). The correlation of TUBA1C expression with TME and TIICs.
To investigate the mechanism by which high expression of TUBA1C leads to a worse prognosis, we applied the TIMER to reveal the correlation of TUBA1C with infiltrating levels of six immune cell subtypes, including dendritic cells, neutrophils, B cells, CD8 T+ cells, macrophages, and CD4+ T cells. As presented in Figure 4A, LGG patients with high infiltrating levels of these immune cells had a poor cumulative survival compared with low infiltration with these immune cells. Moreover, the TUBA1C expression was positively correlated with the infiltration of dendritic cells (Cor = 0.436, p = 1.57e−23), neutrophils (Cor = 0.364, p = 2.34e−16), B cells (Cor = 0.312, p = 2.88e−12), CD8 T+ cells (Cor = 0.25, p = 3.17e−08), macrophages (Cor = 0.414, p = 5.12e−21), and CD4+ T cells (Cor = 0.317, p = 1.49e−12). These results illustrate that LGG patients with high TUBA1C expression had a poor cumulative survival, which is consistent with the results in Figure 2. Additionally, ESTIMATE algorithm was applied to investigate stromal and immune scores for LGG and analyze the correlations of TUBA1C expression levels with these two scores. We revealed that in LGG, TUBA1C expression was significantly positively related to the stromal (R = 0.51, p < 2.2e−16) (Figure 4C) and immune scores (R = 0.48, p < 2.2e−16) (Figure 4D). To further evaluate the TIICs in the TME of LGG, we investigated the correlation of TUBA1C with the infiltration of 22 immune cell subtypes, including regulatory T cells, gamma delta T cells, follicular helper T cells, CD8+ T cells, CD4+ naïve T cells, CD4+ memory resting T cells, CD4+ memory activated T cells, neutrophils, resting NK cells, activated NK cells, resting myeloid dendritic cells, activated myeloid dendritic cells, monocyte, resting mast cells, activated mast cells, macrophage M0, M1, M2, eosinophil, plasma B cells, naïve B cells, memory B cells. The results further demonstrated that TUBA1C expression was positively related to the filtrating levels of CD8+ T cells (R = 0.24, p = 1.2e−05) (Figure 4F) and neutrophils (R = 0.2, p = 0.00028) (Figure 4I), which was in line with the results from the TIMER. Moreover, we revealed that the TUBA1C expression was positively associated with the infiltration of resting CD4 memory T cells (R = 0.3, p = 1.4e−08) (Figure 4G), follicular helper T cells (R = 0.15, p = 0.0071) (Figure 4H), macrophages M0 (R = 0.36, p = 1.2e−11) (Figure 4J), macrophages M1 (R = 0.39, p = 2.3e−13) (Figure 4K), resting mast cells (R = 0.17, p = 0.0018) (Figure 4M), while they were negatively related to the infiltration of macrophages M2 (R = −0.15, p = 0.0079) (Figure 4L) and activated mast cells (R = −0.33, p = 1.1e−09) (Figure 4N).
[image: Figure 4]FIGURE 4 | The correlations between TUBA1C expression and immune cell infiltration in the tumor microenvironment. (A) Correlation of infiltrating levels of immune cells with the cumulative survival of LGG. (B,E–N) Relationships between TUBA1C expression levels and immune cell infiltration in LGG. (C) Correlation of TUBA1C expression and stromal score. (D) Correlation of TUBA1C expression and immune score. TUBA1C co-expressed with immune-related genes and immune-checkpoints.
We further performed gene co-expression analysis to evaluate the mechanisms that TUBA1C was correlated to the infiltration of immune cells in LGG. MHC genes, immune activation genes, immunosuppresive, and chemokine (receptors) related genes were assessed. The results showed that TUBA1C positively co-expressed with all listed MHC genes (Figure 5A). TUBA1C had a positive relationship with most of the immune activation genes, such as genes that encoding CD276, CD28, IL6, CXCR4 (Figure 5B). Notably, almost all immunosuppresive genes positively co-expressed with TUBA1C (Figure 5C). Similarly, TUBA1C had a positive correlation with some chemokine (receptors) (Figures 5D,E).
[image: Figure 5]FIGURE 5 | The co-expression of TUBA1C with immune-related genes and the expression of immune-checkpoints in LGG. Co-expression of TUBA1C with MHC genes (A), immune activation genes (B), immunosuppresive genes (C), chemokine receptors related genes (D), and chemokine related genes (E). (F,G) Different expressions of immune-checkpoints in grade II and III of LGG. (H) Different responses to immune checkpoint blockade in grade II and III of LGG.
The expression of immune-checkpoints, including SIGLEC15, TIGIT, CTLA4, CD274, HAVCR2, LAG3, PDCD1, and PDCD1LG2, were further investigated in the WHO grade II and III of LGG. The results illustrated that CD274 (p = 1.75e−05), HAVCR2 (p = 1.60e−05), PDCD1 (p = 6.84e−08), PDCD1LG2 (p = 1.36e−02), LAG3 (p = 3.12e−05), CTLA4 (p = 5.42e−05) and SIGLEC15 (p = 1.16e−02) were upregulated in WHO grade III compared with WHO grade II of LGG (Figures 5F,G). In addition, we revealed that LGG patients in WHO grade III had a better response to immune checkpoint blockade compared with LGG patients in WHO grade II (Figure 5H). Moreover, the results demonstrated that TUBA1C positively co-expressed with these immune-checkpoints (Table 1), indicating that TUBA1C may be a potential immunotherapy target.
TABLE 1 | Correlation of TUBA1C with immune-checkpoint in LGG.
[image: Table 1]PATHWAY ENRICHED ANALYSES OF TUBA1C IN LGG
GO functional annotations and KEGG pathway analyses were further applied to investigate the potential actions of TUBA1C in LGG. KEGG pathway analyses revealed six pathways that correlated with the high TUBA1C expression: cell adhesion molecules cams; chemokine pathway; JAK-STAT pathway; T cell receptor signaling pathway; cytokine cytokine receptor interaction; natural killer cell mediated cytotoxicity (Figure 6A). GO functional annotations showed the following six positively correlated pathways that correlated with the high TUBA1C expression: leukocyte migration; negative regulation of immune system process; positive regulation of cytokine production; regulation of hemopoiesis; regulation of lymphocyte activation; and T cell activation (Figure 6B). These findings demonstrated that TUBA1C was involved in immune-related pathways in the TME of LGG.
[image: Figure 6]FIGURE 6 | KEGG and GO pathways enriched analyses results. (A) Enrichment of pathways in KEGG with high TUBA1C expression. (B) Enrichment of pathways in GO with high TUBA1C expression.
DISCUSSION
LGG is a prevalent primary malignant tumor of the central nervous system (Ostrom et al., 2013). Despite the fact that surgical resection combined with chemotherapy and radiotherapy can improve clinical outcomes, over 50% of LGG patients evolve to therapy-resistant high-grade aggressive glioma over time (Zhang et al., 2020). Therefore, we urgently need to identify new prognostic factors for LGG. The immune microenviroment plays a vital role in the development of tumors (Gajewski et al., 2013). Preclinical and clinical immunotherapies, including immune checkpoint inhibitors (ICI), active or passive immunotherapies, and gene therapies, have been used in gliomas (Barzon et al., 2006; Tan et al., 2017; Lim et al., 2018), further confirming that immunotherapies are essential for LGG treatment. Therefore, it is necessary to determine more potential immune-related prognostic biomarkers for immunotherapies.
It has been reported that TUBA1C, a multifunctional cytoskeleton protein, is a kind of α-tubulin subtype and that it is correlated with microtubules, participating in the progress of cellular mitosis and division (Jordan and Wilson, 2004; Albahde et al., 2020). It has been revealed that high the expression of TUBA1C predicts a poor prognosis of hepatocellular carcinoma (Wang et al., 2017), lung adenocarcinoma (Bian et al., 2021), breast cancer (Wang et al., 2019), and osteosarcomas (Li et al., 2010). However, the role of TUBA1C in LGG and whether TUBA1C has immune-related biological functions in LGG have not been reported. The present study is the first to discover that TUBA1C was elevated in LGG tumors compared to normal tissues (Figures 1B,C). In addition, the mRNA expression of TUBA1C in grade III was more increased than in grade II of LGG (Figure 1D). Moreover, our findings also indicate that the mRNA expression of TUBA1C in GBM was higher than in LGG (Figure 1D). High expression of TUBA1C was verified to be an independent prognostic factor of LGG (Figures 2H,I). We further found that high TUBA1C expression was related to poor survival in patients with LGG (Figure 3). These results demonstrated that TUBA1C may be served as a prognostic biomarker of LGG.
TME features have been verified to serve as biomarkers to evaluate tumor cell responses to immunotherapy and affect prognostic outcomes (Wu and Dai, 2017). Our results demonstrated the TUBA1C played an important role in cancer immunity. TUBA1C expression positively correlated with stromal and immune cell content in TME of LGG based on ESTIMATE score (Figures 4C,D). We further used the TIMER database to investigate whether the expression of TUBA1C correlated with the TIICs. The results demonstrated that TUBA1C was positively correlated with the infiltration of B cells, CD8 T+ cells, CD4+ T cells, macrophages, neutrophils, and dendritic cells (Figure 4B). Additionally, LGG patients with high infiltration of these immune cells had a poor cumulative survival compared with low infiltration with these immune cells. These findings indicate that high TUBA1C expression may be involved in poor survival through upregulating the infiltrating levels of B cells, CD8 T+ cells, CD4+ T cells, macrophages, neutrophils, and dendritic cells. Moreover, TUBA1C had different correlations with different immune cell subtypes, such as macrophages M0, M1, M2 (Figures 4J–L). Similarly, a previous study has illustrated that TUBA1C relates to the tumor-infiltrating cells of lung adenocarcinoma (Bian et al., 2021). We also demonstrated that TUBA1C was co-expressed with multiple immune-related genes, such as particular MHC genes, immune activation genes, immunosuppresive genes, chemokine receptor related genes, and chemokine related genes (Figures 5A–E). In addition, the results demonstrated that TUBA1C positively co-expressed with immune-checkpoints (Table 1), including CD274, CTLA4, HAVCR2, LAG3, PDCD1, PDCD1LG2, TIGIT, and SIGLEC15. Moreover, LGG patients in grade III had higher expression of these immune-checkpoints and better response to immune checkpoint blockade than LGG patients in grade II (Figures 5F–H). These results indicate that LGG patients with high expression of TUAB1C may have a better prognosis after immune checkpoint blockade treatment, further illustrating that TUBA1C may be a potential target for immunotherapy.
Moreover, the enrichment analyses showed that TUBA1C influences the tumor development process through multiple immune-related pathways, including cell adhesion molecules cams; chemokine pathway; JAK-STAT pathway; cytokine cytokine receptor interaction; T cell receptor pathway; natural killer cell mediated cytotoxicity; (Figure 6A); leukocyte migration; positive regulation of cytokine production; negative regulation of immune system process; regulation of lymphocyte activation; and T cell activation (Figure 6B). These results indicated that TUBA1C was involved in immune-related pathways in the TME of LGG.
In conclusion, our work demonstrated that TUBA1C expression is increased in LGG tumor tissues and high expression of TUAB1C is associated with a poor prognosis. TUBA1C may influence the tumor development process by regulating the tumor-infiltrating cells in the TME. TUBA1C may be a potential target for immunotherapy.
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Alternative splicing (AS) is significantly related to tumor development as well as a patient’s clinical characteristics. This study was designed to systematically analyze the survival-associated AS signatures in Lung adenocarcinoma (LUAD). Among 30,735 AS events in 9,635 genes, we found that there were 1,429 AS in 1,125 genes which were conspicuously related to the overall survival of LUAD patients. Then, according to the seven types of AS events, we established AS signatures and constructed a new combined prognostic model. The Kaplan-Meier curve results showed that seven types of AS signatures and the combined prognostic model could divide patients into distinct prognoses. The ROC curve shows that all eight AS signatures had powerful predictive properties with different AUCs ranging from 0.708 to 0.849. Additionally, the elevated risk scores were positively related to higher TNM stage and metastasis. Interestingly, AS events and splicing factors (SFs) network shed light on a meaningful connection between prognostic AS genes and corresponding SFs. Moreover, we found that the combined prognostic model signature has a higher predictive ability than the mRNA signature. Furthermore, tumors at high risk might evade immune recognition by decreasing the expression of antigen presentation genes. Finally, we predicted the three most significant small molecule drugs to inhibit LUAD. Among them, NVP-AUY922 had the lowest IC50 value and might become a potential drug to prolong a patient’s survival. In conclusion, our study established a potential prognostic signature for LUAD patients, revealed a splicing network between AS and SFs and possible immune escape mechanism, and provided several small-molecule drugs to inhibit tumorigenesis.
Keywords: lung adenocarcinoma, alternative splicing, splicing factor, prognosis, immune infiltration, small molecule drugs
INTRODUCTION
Lung cancer is a leading cause of cancer-related mortality worldwide (Chen et al., 2016; Siegel et al., 2021). Non-small cell lung cancer (NSCLC) is the most prevalent and heterogeneous subtype of lung cancer, including lung adenocarcinoma (LUAD) and lung squamous cell carcinoma (LUSC) (Chang et al., 2015). Generally, when LUAD and LUSC are in the same stage, the growth of LUAD is relatively slow with smaller masses. However, LUAD are more likely to start metastasis at the early stages. Although genomic data such as gene expression, DNA methylation, and copy number variation have been extensively studied in cancer, comprehensive and systematic analysis of alternative splicing is insufficient despite the fact that it has played a significant role in cancer (Ludwig and Weinstein, 2005; Koch et al., 2018; Han et al., 2019). Thus, it is necessary to further investigate the function of alternative splicing events on cancer recurrence and metastasis, especially in LUAD.
Alternative splicing (AS) is an extensive and sophisticated mechanism to increase the diversity of the proteome structurally and functionally (Climente-González et al., 2017). AS could exert a far-reaching influence on a protein’s biological characteristics by changing its stability, adding or deleting functional domains, controlling gene location, or regulating protein-protein interactions (Lee and Abdel-Wahab, 2016). Furthermore, it is a ubiquitous process and over 95% of genes undergo variable AS to produce a variety of transcripts (Feng et al., 2013). Normal alternative splicing could generate a multi-functional proteome to exert healthy cellular functions, while unusual alternative splicing can result in the occurrence and deterioration of cancers (Baralle and Giudice, 2017; Park et al., 2018). For instance, aberrant AS events could regulate the development and progression of a tumor by participating in several biological processes such as cell cycle progression, cell proliferation, and RNA processing. Accumulated studies have also highlighted that AS events have gradually become one of the hallmarks of carcinogenesis due to their unbalanced or incorrect expression (Ladomery, 2013). Thus, unusual AS events can be potential targets for cancer treatment.
The functions and roles of AS events in various cancers have been explored in a number of studies. For example, Bechara et al. (2013) demonstrated that NUMB alternative splicing regulated by RBM5, 6, and 10 could control lung cancer cell proliferation. Wan et al. (2019) verified that SRSF6 could mediate colorectal cancer progression by regulating alternative splicing. The alternative splicing of CCDC50 regulated by HnRNP A1 can result in clear cell renal cell carcinoma (ccRCC) tumorigenesis and development (Sun et al., 2020). However, few articles have systematically reported LUAD-specific AS events correlated with clinical characteristics.
Extensive dysregulated AS events in many types of cancers are easily programmed by many SFs, particularly the serine/arginine-rich (SR) and the heterogeneous nuclear ribonucleoproteins (hnRNPs) family. Different variate mature mRNAs were produced by SFs to assist spliceosome recognition and binding specific sequence of precursor mRNA (de Almeida and Carmo-Fonseca, 2012). The expression level of hnRNPs is different in many types of cancers, suggesting their extraordinary roles in tumorigenesis. Therefore, it is essential to depict an exhaustive regulatory network of SFs (Kędzierska and Piekiełko-Witkowska, 2017; Ratnadiwakara et al., 2018). Because the intimate correlation between AS and SFs was only superficially understood in view of their complexity, it is significant to investigate their potential prognostic performance, as well as their regulatory mechanism in LUAD.
The present study analyzed genome-wide LUAD-specific AS events using RNA-seq data in The Cancer Genome Atlas (TCGA) program, providing a systematically new understanding of the potential prognostic effects of AS events in LUAD. The purpose of this study was to clarify the roles of splice variants that could be considered as prognostic biomarkers in LUAD. Finally, the research uncovered interesting splicing networks in LUAD which could contribute to a better understanding of the fundamental mechanisms of LUAD.
MATERIAL AND METHODS
Alternative Splicing Events Data Collection
SpliceSeq data of TCGA-LUAD were downloaded from the TCGA database (https://tcga-data.nci.nih.gov/tcga/) (Tomczak et al., 2015). SpliceSeq tool, a java-based application, was usually used to unambiguously quantify the mRNA splicing levels of samples in TCGA. A novel value could be calculated by SpliceSeq based on seven types of AS events about each protein-coding gene provided from the Ensemble gene database (Ryan et al., 2012). For the following seven kinds of AS events, the Percent Spliced In (PSI) value was calculated, quantifying splicing event levels range from 0 to 1: Mutually Exclusive Exons (ME), Exon Skip (ES), Alternate Promoter (AP), Retained Intron (RI), Alternate Acceptor site (AA), Alternate Donor site (AD), and Alternate Terminator (AT). The schematic graph explaining these seven types of AS is shown in Supplementary Figure S1A.
Establishment of the Prognostic Model
Patients’ clinical parameters of LUAD were downloaded and extracted from the TCGA database. In total, 444 LUAD patients were included in this analysis. Clinical information for these patients and the pathological details obtained from TCGA are provided in Supplementary Table S1. The PSI value of AS events in samples were collected and subjected to univariate Cox analysis. All the AS events screen for a p value <0.05, and these events were considered as candidate prognosis-related events. The “glmnet R″ software package was used to perform the least absolute shrinkage and selection operator (LASSO) analysis to filter out the most valuable and concise AS events in all AS events filtered in univariate Cox analysis (p < 0 .05). Afterward, the prognostic independence of the AS signature was constructed by multivariate Cox analysis. Then, based on the coefficient of each above AS event, each patients’ risk score could be calculated by the signature, respectively. Meanwhile, all patients were divided into distinct subgroups based on the median value of risk scores.
Survival Analysis
The Kaplan-Meier curve was implemented to evaluate the differential survival status in both groups. The receiver operating characteristic curves (ROC) were conducted to detect both the sensitivity and specificity of prognostic signatures using the “survivalROC” R package (https://www.r-project.org/, v3.5.3).
UpSet Plot and Splicing Factor Regulatory Network Establishment
We developed the Upset intersective plot, a more scalable visualizing diagram than Venn, which was used to explore the interactive sets of AS events. The “UpSet” R package was used to visualize their potential interrelationship. The expression data of the Splicing factors (SFs) was extracted from TCGA-LUAD mRNA-seq data. All SF genes were subjected to univariate Cox analysis when their p < 0.05. These SFs were considered the survival-associated splicing factors. The relationship closeness between SFs expression value and AS’s PSI value were calculated by the Spearman test. At the same time, the interaction network diagram of these SFs and prognosis-related AS events was illustrated using Cytoscape 3.7.0 (https://cytoscape.org/).
Evaluation of Tumor Immune Cells Infiltrating
22 types of tumor-infiltrating immune cells were estimated using the CIBERSOFT algorithm, which characterized the cellular composition of complex tissues based on normalized gene expression profiles. The comparison of immune cell distribution between high and low-risk groups was made using the Mann-Whitney U-test.
Identification of Potential Small Molecule Drugs
Potential drugs for the treatment of LUAD were selected using the Connectivity Map (CMap) database (https://clue.io/). We uploaded differentially expressed genes between high and low-risk groups into the CMap database for genomic enrichment analysis. We screened the small drug molecules with an enrichment score of <90, and obtained 3D structure through PubChem database (http://www.pubchem.ncbi.nlm.gov), a public repository of small molecules in properties. The IC50 value of these small molecule drugs was provided by the GDSC database (https://www.cancerrxgene.org/).
RESULTS
Overview of AS Events in TCGA-LUAD
Comprehensive AS events were examined in a cohort of 444 TCGA-LUAD patients (Supplementary Figure S1A).A total of 30,735 AS events from 9,635 genes were detected, including 11,768 ES events in 5,467 genes, 6,129 AP events in 3,424 genes, 5,782 AT events in 3,372 genes, 2,605 AA events in 1,961 genes, 2,199 AD events in 1,659 genes, 2,103 RI events in 1,461 genes, 149 ME events in 146 genes (Supplementary Figure S1B). In TCGA-LUAD, ES events were the most common AS events, accounting for approximately just over one-third of all events, followed by the number of AP and AT events, while the number of ME events was the least. Remarkably, the number of AS events went far beyond those of their corresponding mRNAs. Furthermore, a subset of overlapping AS events in the seven types of AS in LUAD was displayed by the UpSet plot diagram (Supplementary Figure S1C).
Identification of Prognosis-Related AS Events in LUAD
First, we conducted a univariate Cox analysis based on the 30,735 AS events related to 444 patients to appraise the relationship between AS events and overall survival (OS) status in LUAD. Consequently, 1,429 AS events and corresponding 1,125 genes were conspicuously related to the overall survival of LUAD patients (Figure 1A). Figures 1B–H showed the top 20 most important AS events related to OS among these seven types of AS events. Interestingly, some special survival-associated AS genes contain multiple types of AS events. For example, AD, AT, AA, RI, and ES of C1orf159 and AP, AA, RI, AD, and ES of MRPL55 were all related to OS of LUAD patients.
[image: Figure 1]FIGURE 1 | Forest plots analyses of survival-associated AS events. (A) Volcano plot depicting the p values from univariate Cox analysis of the 30,735 AS events. (B–H) Forest plots of z-score of the top 20 significantly survival-related AS events for seven splicing types (ME only three events).
Establishment of Prognostic AS Signatures
We selected the significant prognostic associated AS events as candidates by univariate Cox analysis, aiming to further screen out the most significant AS events related to patient prognosis by LASSO Cox regression analysis (Supplementary Figure S2). Furthermore, several prediction signatures based on these prognostic associated AS events were constructed by multivariate Cox analyses. Eventually, a combined prognostic model was built, integrated from different types of AS events (Supplementary Table S2). The median value of risk scores was considered as the cutoff criteria for dividing patients into a high-risk group and a low-risk group. The Kaplan–Meier curves shown in Figures 2A–H, showed that LUAD patients in the high-risk group had appreciably shorter OS than patients in the low-risk group, demonstrated that these AS signatures could be powerful biomarkers to distinguish patient prognosis. The combined prognostic signature showed better predictive properties than the single type of AS events (Figure 2H). Then, the ROC curve was performed to appraise the prognostic efficiency of prognostic AS models. The results show that all signatures had a robust predictive property with AUC values from 0.708 to 0.849, except the ME signature (AUC = 0.582, Figure 2I). Conceivably, the combined model contains different types of AS events that had the highest efficiency (AUC = 0.849). The distribution diagram of patients’ risk score, survival status, and expression profiles of related AS model events are shown in Supplementary Figures S3A–H.
[image: Figure 2]FIGURE 2 | The Kaplan-Meier curves and ROC curves of prognostic AS models. (A–G) The Kaplan-Meier plots of seven types of AS events, respectively. (H) The Kaplan-Meier plots of combined prognostic model. (I) The ROC curves for overall survival of seven types of AS events and combined prognostic model.
Validation of Combined AS Signature
To confirm the prognostic value of our combined AS signature, we randomly selected 50% of patients in all LUAD patients as a testing cohort and performed Kaplan-Meier cure and ROC analysis (Supplementary Figure S4). The results were consistent with the above results and demonstrated the combined AS signature had a robust predictive ability (AUC = 0.856).
AS Signatures Are Independent Factors for Other Clinical Characteristics
To explore the predicted performance of AS signatures and other clinical characteristics of survival, univariate and multivariate Cox analyses were performed to find out if these AS signatures were independent prognostic factors for LUAD patients. The univariate Cox analysis showed that almost all risk score signatures (except ME-risk score signature), TNM stage, T, N, and M stage were remarkably related to LUAD patients’ overall survival (Supplementary Figure S5). Furthermore, multivariate Cox analysis results show that most risk score signature, T and N stage still have a predictive ability when all univariate significant factors are considered together, suggesting that risk score, T and N stage were unassisted risk elements (Figures 3A–G). Taken together, all these results demonstrated that AS signatures exhibit powerful predictive performance in LUAD patients. In addition, circos plots were depicted to display the details of AS events and their interacting genes in the chromosome (Figure 3H).
[image: Figure 3]FIGURE 3 | The multivariate Cox analysis of AS signatures and clinical characteristics. (A–G) Forest plots of hazard ratios of risk scores and clinical characteristics from multivariate Cox analyses. (H) Circos plots of the detail of AS events and its interacting genes in chromosome.
Network of Prognosis-Related AS Events and SFs
Interestingly, extensive dysregulated AS events in many types of cancers are easily programmed by some specific SFs. Thus, an interesting issue is whether several key SFs could regulate these prognosis-associated AS events in LUAD. To determine those specific SFs which had a close connection with prognosis-associated AS events in LUAD, univariate Cox analysis of all SFs were performed based on the gene expression value of LUAD patients. The results showed that there were 30 SFs related to the OS of LUAD patients (Supplementary Table S3). Furthermore, correlations between SFs and prognostic AS events were tested by Spearman’s test (Figure 4A). In the correlation networks, 27 SFs (purple dots) were related to 248 prognosis-associated AS events, involving 141 favorable AS events (green dots) and 107 adverse AS events (red dots). Intriguingly, there was a positive relationship (red lines) between most of the poor survival-related AS events (red dots) and SFs (purple dots), while there was a negative correlation (green lines) between most of the favorable survival-related AS events (green dots) and SFs. For example, SFs RNF34 and HNRNPK were related to worse survival of LUAD patients (Figures 4B,C). ES events of YPEL5 were an adverse factor, while the AP events of PCNA and AP events of PDHX were related to a favorable prognosis. The relationship between RNF34 and the AP of PCNA or ES of YPEL5 were shown in dot plots, implicating the high expression of RNF34 was negatively related to adverse prognosis (Figures 4D,E). Similarly, the relationship between HNRNPK and the AP of PDHX or ES of YPEL5 were shown in dot plots (Figures 4F,G), illustrating that the high expression of HNRNPK was positively related to poor prognosis.
[image: Figure 4]FIGURE 4 | Splicing correlation network in LUAD. (A) Correlation network between expression of survival Splicing factors and PSI values of AS genes generated using Cytoscape. Purple dots were survival associated splicing factors. Green/Red dots were favorable/adverse AS events. Red/Green lines represent positive/negative correlations between substances. (B–C) Kaplan-Meier curve of splicing factors RNF34 and HNRNPK. (D–G) Representative dot plots of correlations between expression of splicing factors and PSI values of AS events.
The AS Signature has Better Predictive Ability Than the mRNA Signature
We finally constructed an mRNA signature for LUAD patients by subjecting differentially expressed mRNAs in LUAD to univariate and multivariate Cox analysis: mRNA risk score = (0.1674*XPR1) + (0.0529*MMP1) + (-0.2108*MAP3K8) + (0.0882*RHOV) + (0.1099*CDH17) + (0.1488*UCA1). Then, Kaplan-Meier and ROC curves were implemented to contrast prognostic ability between AS signature and mRNA signature. Both results from Kaplan-Meier and ROC analyses illustrated that AS signature had significantly better survival and higher ROC than mRNA signature (Figures 5A,B). These data demonstrated that the predictive power of AS signature is greater than the mRNA signature. In general, AS signature could be used as a superior indicator to predict the prognosis of LUAD patients.
[image: Figure 5]FIGURE 5 | Comparison of Kaplan-Meier and time-dependent ROC analysis of our AS signature with mRNA signature. (A) Comparison of Kaplan-Meier analysis of our AS signature and mRNA signature. (B) Comparison of ROC analysis of the sensitivity and specificity of our AS signature and mRNA signature.
Tumor Microenvironment Cell Infiltration Characteristics Related to Drug Resistance
We also analyzed tumor microenvironment cell infiltration of signature. We calculated the median absolute score that CIBERSORT gave for 22 cell types in two groups. The results showed that the fraction of T cells follicular helper, NK cells resting, Monocytes, and Macrophages M1 was significantly higher in high-risk than that in the low-risk group. However, B cells naive, Macrophages M0 and Mast cells resting were remarkably higher in the low-risk than in high-risk group (Figure 6A). Furthermore, the results showed that the expression of some immunomodulator agonists was correlated with a risk score. We found that some immune ligands and receptors were significantly higher in the high-risk group, while antigen presentation was mainly higher in the low-risk group (Figure 6B).
[image: Figure 6]FIGURE 6 | The relationship between signature and immune-related features. (A) The violin plot of the 22 immune cell proportions between high and low-risk groups. (B) Effect of signature on the expression of different immunomodulators. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
Related Small Molecule Drugs Screening
To predict small molecule drugs that can inhibit the resistance of LUAD patients, DEGs of high-risk and low-risk groups were assigned into up-regulated and down-regulated groups. Then we matched it to a small molecule drug in the CMap database. Finally, we selected the three most important small molecular compounds, including AZ-628 (score = −95.17), NVP-AUY922 (score = −91.77) and Nomifensine (score = −90.86). The 3D structure of these three small molecular compounds was downloaded from the PubChem database (Figure 7). These small molecules might potentially improve the outcomes of LUAD patients and provide recommendations for the selection of LUAD-targeted drugs, while the specific mechanism and effectiveness need to be further studied. We also explored the IC50 values of these small molecule drugs in LUAD cells through the GDSC database. The results showed that NVP-AUY622 (IC50 = 0.004–10.222 μM) had lower IC50 values than AZ-628 (IC50 = 0.050–46.073 μM), indicating that NVP-AUY622 has a stronger effect in LUAD cells (nomifensine not provided). These results demonstrated that NVP-AUY922 might become a novel drug to improve the survival of LUAD patients.
[image: Figure 7]FIGURE 7 | 3D conformer of most significant small molecule drugs.
DISCUSSION
Alternative splicing of pre-mRNA is a ubiquitous and flexible process, which could provide the opportunity for cells to generate different or even the opposite functions of protein isoforms from a single gene. Furthermore, this flexibility is usually used by tumor cells to generate proteins that facilitate growth and progression (David and Manley, 2010). Changes in AS might affect all aspects of tumor biology, including metastasis, invasion, metabolism, and apoptosis, as well as angiogenesis (Blencowe, 2006; Moore et al., 2010; Coomer et al., 2019). For example, David et al suggested that regulating AS events can contribute to tumor cell proliferation (David et al., 2010). KLF6-SV1 (splice variant 1) exerts an essential role in the development and progression of cancer (Narla et al., 2005; DiFeo et al., 2009). All in all, it is necessary to further investigate not only mRNA expression levels but also some splice variants.
In recent decades, accumulating studies have shown that AS events affect proliferation, migration, radioresistance, and so on (Yae et al., 2012; Sheng et al., 2018; Wang et al., 2020a). For example, Sheng et al. (2018) found that SRSF1 is involved in radioresistance in lung cancer cells through modulating the aberrant splicing of PTPMT1. In addition, QKI-5 could inhibit cell proliferation and the migration of lung cancer via regulating the splicing of ADD3 exon 14 (Wang et al., 2020a). However, prognosis-related AS events in LUAD remain mostly unstudied, especially in patients with metastasis.
SpliceSeq, a novel convenient exploited analysis pipeline (integration tool), was used to detect AS events, which could help analyze complex or low-frequency AS events (Ryan et al., 2012). Here, we systematically and comprehensively analyzed a total of 30,735 AS events in a TCGA-LUAD cohort and identified 1,429 prognosis-associated AS events in 1,125 genes. Our results indicated that a combined prognostic signature containing several kinds of AS events had excellent performance in survival prediction. More importantly, we revealed that some AS events were associated with the metastasis of LUAD patients, which might be a meaningful discovery in further exploring the mechanisms of LUAD metastasis. In a previous study, Tyler et al. detected some splicing variants and found that CHEK2 is a prominent suppressor gene in cancer (Landrith et al., 2020). KDM5A could promote SCLC proliferation and metastasis in vivo by repressing the NOTCH signaling pathway (Oser et al., 2019). These results have been verified in our analysis.
As an increasing number of studies have demonstrated that AS events are modulated by some pivotal SFs (Cieply and Carstens, 2015; Song et al., 2018), the analysis of SFs was also underlined in this study. Intriguingly, the splicing correlation network suggested that there was a positive relationship between most poor survival-related AS events and SFs, while there was a negative correlation between most favorable survival-related AS events and SFs. For example, HNRNPK have adverse factors in LUAD and were found to be positively associated with ES of YPEL5, which was also considered an adverse factor. Moreover, HNRNPK has been reported and could promote metastasis in lung cancer (Li et al., 2018; Li et al., 2019). It is fair to say that poor-survival SFs might facilitate the occurrence of adverse prognostic AS events. Nevertheless, it is necessary to further explore the more specific regulatory mechanisms of AS-SF networks.
In the analysis of the correlation between risk score and immune cells, we found that T cells follicular helper, NK cells resting, Monocytes and Macrophages M1 were mainly enriched high-risk group, while B cells naive, Macrophages M0 and Mast cells resting were enriched in the low-risk group. Jhunjhunwala et al. (2021) that found tumors can down-regulate the expression of HLA-1 by interfering with antigen processing and presentation mechanisms to achieve tumor evasion immune recognition. In our study, most of the antigen presentation genes were a low expression in a high-risk group, which might promote tumor immune escape.
More importantly, we identified the three most significant small molecule drugs, including AZ-628, NVP-AUY922, and Nomifensine, that might improve the survival of LUAD patients, In particular, NVP-AUY622 has the lowest IC50 value in LUAD cell lines. Among these three drugs, AZ-628, an RAF Kinase inhibitor, can reverse cancer multidrug resistance (MDR) by mediating ATP-Binding Cassette Transporter G2 (ABCG2) (Wang et al., 2020b). NVP-AUY922 has been found to have potent anti-tumor activity and can inhibit tumor growth, including NSCLC, breast cancer, colorectal cancer, and so on (Jensen et al., 2008; Garon et al., 2013; Lee et al., 2015). In colorectal cancer cells, HSP90 inhibitor NVP-AUY922 can suppress the JAK2-STAT3-Mcl-1 signaling pathway to enhance TRAIL-induced apoptosis (Lee et al., 2015). At present, as an antidepressant, Nomifensine is mainly used to diagnose and test hyperprolactinemia (Müller et al., 1978). However, the anti-tumor effect of Nomifensine needs further confirmation.
In summary, this study indicated the prognostic value of some AS events in LUAD and patients with metastasis, which could modulate some key SFs. These results further understanding of the interaction between AS and SFs in LUAD, indicating that the systematic analysis of AS signatures in LUAD might contribute multiple potential biomarkers and the underlying mechanisms of LUAD metastasis. In addition, we provided three small molecule drugs for treatment selection of LUAD.
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Recently, many studies have investigated the role of gene-signature on the prognostic assessment of breast cancer (BC), however, the tumor heterogeneity and sequencing noise have limited the clinical usage of these models. Pathway-based approaches are more stable to the perturbation of certain gene expression. In this study, we constructed a prognostic classifier based on survival-related pathway crosstalk analysis. We estimated pathway’s deregulation scores (PDSs) for samples collected from public databases to select survival-related pathways. After pathway crosstalk analysis, we conducted K-means clustering analysis to cluster the patients into G1 and G2 subgroups. The survival outcome of the G2 subgroup was significantly worse than the G1 subgroup. Internal and external dataset exhibits high consistency with the training dataset. Significant differences were found between G2 and G1 subgroups on pathway activity, gene mutation, immune cell infiltration levels, and in particular immune cells/pathway’s activities were significantly negatively associated with BC patient’s outcomes. In conclusion, we established a novel classifier reflecting the overall survival risk of BC and successfully validated its clinical usage on multiple BC datasets, which could offer clinicians inspiration in formulating the clinical treatment plan.
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INTRODUCTION
As a highly metastatic and invasive malignant tumor with high incidence, breast cancer (BC) seriously threatens women’s health and quality of life (Veronesi et al., 2005; Siegel et al., 2019; Rüschoff et al., 2020). BC occupied a quarter of all malignant tumors, which has received numerous clinical attention worldwide (Ferlay et al., 2015). At present, the primary treatment options for BC are chemotherapy, surgery, and radiotherapy (Shi et al., 2019). However, BCs tend to exhibit drug resistance and high recurrence rates on account of heterogeneity, making the therapeutic effects and prognosis of the disease unsatisfactory (Natarajan et al., 2012). Screening biomarkers for BC has a significant effect on reducing mortality, early diagnosis, and the improvement of prognosis in BC.
With the development of RNA-Seq high-throughput sequencing technology, various gene expression profiles of BC have been accumulated. Plenty of excellent models have been constructed to decode BC, the majority of them were built based on a single gene list. For example, van de Vijver et al. (2002) established a 70-gene prognosis profile to classify 295 BC patients, which is a powerful predictor for monitoring the prognosis of young BC patients. Tekpli et al. (2019) identified clinically relevant immune clusters by integrating 15 BC cohorts, and discovered that patients with pro-tumorigenic immune infiltration were associated with poor prognosis. PAM50 (Parker et al., 2009) gene signature is a well-known molecular subtyping signature for BC, which could classify the BC into five molecular intrinsic subtypes: Normal-like, Basal-like, HER2+, Luminal A, and Luminal B. These efforts have helped us gain a deeper understanding of BC. Nevertheless, studies have found that due to the tumor heterogeneity and sequencing noise, gene-based signatures were highly unstable and the identified biomarkers were dramatically affected by the selection of training datasets (Michiels et al., 2005; Domany, 2014). In recent years many researchers indicated pathways could be helpful to extract more stable and interpretable features for risk prediction. Efforts have been made to decode cancer at levels of predefined pathways available in biological databases, such as Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa et al., 2016), Reactome (Fabregat et al., 2018), and Gene-Set Enrichment Analysis (GSEA) (He et al., 2018). However, most existing pathways are general rather than disease-specific, and disease progression can only be partially affected by them. For pathway pairs with many common genes, we call it crosstalk. Taking the impact of overlapping genes on the pathway activity score (PAS) quantification of the two pathways into consideration can help identify disease-related features. Although it is intuitively believed that pathways will influence each other, especially when genes are shared, the existence of this phenomenon has not been studied in PAS estimation. And few studies have explored the PAS in cancer with crosstalk accommodated among well-established pathways to identify cancer-specific sub-pathways that could be used to predict the prognosis of cancer patients. Therefore, subtyping patients based on PAS and pathway crosstalk analysis is essential to promote personalized medicine.
In this study, we constructed a novel classifier reflecting the overall survival risk of BC based on survival-related pathway crosstalk analysis. We calculated the PAS for each pathway obtained from KEGG and GO resources based on the expression matrix. And then investigated the influence of crosstalk between these selected pathways on different cohorts to select the most critical 100 sub-pathways among all cohorts. we further conducted a K-means clustering analysis to cluster the patients into G1 (moderate) and G2 (aggressive) subgroups. Internal and external dataset exhibits high consistency with the training dataset.
MATERIALS AND METHODS
Data Source
We collected BC gene expression profiles from TCGA and GEO datasets, and the dataset with less than 20 samples or without overall survival information was excluded from our selection. TCGA mRNA expression data (level 3) and clinical features were downloaded from the UCSC Xena webserver (https://xenabrowser.net/datapages), while GSE16446, GSE42568, GSE7390, GSE20711, GSE1456A, GSE1456B and GSE20685 microarray data and relevant clinical information were downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/gds/). After removing normal and non-survival information samples, we finally obtained 1,090 (TCGA), 107 (GSE16446), 104 (GSE42568), 198 (GSE7390), 88 (GSE20711), 159 (GSE1456A), 159 (GSE1456B) and 327 (GSE20685) BC samples for each dataset.
Pathway Activity Score
The pathway activity score (PAS) for each dataset was calculated based on the method proposed by Bhandari et al. (Bhandari et al., 2019). We downloaded all pathways from the gene ontology (GO) database (http://geneontology.org/) and generated a new mRNA expression matrix that contains only genes that exist in it for each pathway. After that, for each gene, based on its expression level, we classified the tumors into two subgroups, the samples in the higher group were scored +1, while the others were scored −1. Finally, we averaged all gene scores in this pathway as the pathway activity score for each tumor sample. A higher PAS indicates a higher pathway activity in the sample, and otherwise, a lower score means lower activity in the sample.
Selection of Survival-Related Sub-Pathways
Based on PASs and survival information, we calculated the log-rank p-value for each pathway by regression analysis. The pathways were then ranked based on the log-rank p-value. To minimize the false positive rate, we used the common significant pathways of these three large breast cancer cohorts, instead of using any single data set. The combined rank of each pathway was determined by the sure independence screening (SIS) method. We further selected the top n pathways for pathway crosstalk analysis. The threshold n was set to 100, which is much bigger than N/log(N), where N is the sample size of each cohort.
Different pathways often share some of the same genes, which can lead to crosstalk in the prognostic associations of different pathways. Considering the influence of overlapping genes on the PAS quantification of the two pathways can help identify cancer-related features. We further identified the crosstalk among the 100 selected survival-related pathways to define sub-pathways related to survival. The crosstalk between two pathways with at least three genes in common could be classified into three types. The overlapped genes between pathway A and pathway B could be defined as PA∩PB, while the unique genes that specifically exist in pathway A or pathway B were defined as PA–(PA∩PB) and PB–(PA∩PB). Based on this classifier, each pathway pair could generate three sub-pathways.
To make sure each sub-pathway contains enough genes for further analysis, we obtained sub-pathways that consist of at least three genes. The Cox-PH model was used to calculate the survival risk p-value based on the recalculated PAS for each sub-pathway. After Bonferroni correction, we identified critical survival-related pathways and sub-pathways (FDR p-value < 0.01) for each dataset, and the overlapped pathways were finally adopted for further modeling.
Model Construction and Evaluation
With the pathways generated above, we constructed a pathway activity matrix with the row names are sub-pathways and the column names are sample IDs for each dataset. We performed consensus clustering with the pathway features acquired above to classify the TCGA samples and obtained the best cluster number as 2 based on three metrics, including C-index, Brier score, and log-rank p-value to redefine the samples as G1 and G2 subgroups. To predict these two subgroups for other datasets, we used several machine learning methods, including SVM, Adaboost, and Gaussian, to build a prediction model and obtained the best performance based on the pathway activity matrix. The robustness of the model was evaluated in the TCGA testing dataset and several external individual GEO datasets. We further built a classification model using several machine learning methods, including SVM, Adaboost, and Gaussian, based on these labels. We used the grid search to slightly turn the hyperparameters of the classifier. In the cross-validation procedure, TCGA samples were divided into training and testing datasets in a 4:1 ratio, and the training dataset was used to perform 10-fold cross-validation. To predict the GEO dataset, we used all TCGA samples to build the classification model.
We then compared three metrics, including C-index, Brier score, and log-rank p-value, to evaluate the model’s performance. These metrics can quantify the proportion of patient pairs in a cohort whose risk prediction is highly consistent with survival outcomes. Usually, a higher C-index indicates more precise prediction performance, and 1 means perfect prediction, while 0.5 means the prediction performance is similar to random prediction. To calculate the C-index, we built a Cox-PH model based on the clustering labels and the patient’s survival information in the TCGA training dataset and predicted the survival rate in the testing dataset, which was calculated by the R “survcomp” package. Brier score reflects the mean difference between observed and predicted survival after a certain period in survival analysis, and a lower score means good performance. Log-rank p-value was calculated by the R “survival” package to show the survival difference between the two groups, and a lower score means a more significant survival difference.
Survival Analysis
The log-rank test compares the survival difference of two groups at each observed event time was performed by R “survival” package. Kaplan-Meier analysis was applied to obtain a survival-curve plot of BRCA subtypes. Multivariate Cox regression analysis determined the independent role of this newly established predictor. Besides, we adopted Fisher’s exact test to compare the census gene mutation differences between G2 and G1 subgroups in the TCGA cohort. We also compared the distributions of G2 and G1 in different clinicopathological features, such as tumor stage, new tumor event, and sex, by using Fisher exact tests.
We used the “DESeq2” R package (Love et al., 2014) to real the differential expressed genes between G2 and G1 subgroup; the significant DEGs were identified as |LogFoldChange| > 1 and false discovery rate (FDR) < 0.05.
Gene Set Enrichment Analysis
GSEA analysis was used to compare the pathway activity difference between G2 and G1, in which the R “ClusterProfier” package was performed. We adopted Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways to perform GSEA analysis and the top 20 significant pathways were displayed.
Mutation Analysis
The R “maftools” package was utilized to analyze and visualize the mutation data. The mutation data were compared between one group and the other groups using the chi-square test. A p-value of less than 0.05 was considered significant.
RESULTS
Identification of Overall Survival Risk Subtypes in BC
We obtained seven BC datasets (TCGA, GSE1456A, GSE1456B, GSE7390, GSE16446, GSE20685, GSE20711, and GSE42568) gene expression profiles and available clinical survival information from the TCGA and GEO databases. After calculating the PAS for each pathway obtained from KEGG and GO resources and selecting the survival-related pathways, we investigated the influence of crosstalk between these selected pathways on different cohorts, and then the most critical 100 sub-pathways among all cohorts were identified (Supplementary Table S1). K-means clustering analysis was used to divide the TCGA patients into two subgroups, defined as group 1 (G1, moderate) and group 2 (G2, aggressive) (Supplementary Figure S1A, and Supplementary Table S2). Notably, patients from the G2 subgroup show significantly worse clinical outcomes (overall survival and relapse-free survival) compared to the G1 subgroup (Supplementary Figures S1B,C; p = 0.0053 and p = 0.0031, respectively; log-rank test). We further built a classifier based on the TCGA training dataset with the label defined by k-means clustering analysis (Materials and Methods).
Evaluation of the Performance
To evaluate the robustness of OS risk prediction of the model, we tested the model performance on the TCGA testing dataset and several external GEO datasets, including GSE1456A, GSE7390, GSE16446, GSE20685, GSE20711, and GSE42568. As shown in Figure 1 and Table 1, the model was stable and exhibited excellent classification capability, indicated by C-index and log-rank p-values between G2 and G1. The TCGA test cohort generated a high C-index (0.661), low Brier score (0.179), and significant average log-rank p-value (p = 0.00123) on survival difference. In different datasets, our classifier can significantly divide the samples into a good prognostic group and a poor prognostic group, which suggested that the newly developed classifier is able to universally predict the overall survival outcomes for patients with BC.
[image: Figure 1]FIGURE 1 | Kaplan-Meier analysis to determine the survival differences between group 2 (G2) and group 1 (G1).
TABLE 1 | Cross-validation based performance robustness of classifier on TCGA training and testing cohorts.
[image: Table 1]In order to compare the risk prediction capabilities of our predictor with some other clinical information, we performed univariate cox regression analysis for each clinical information (including age, tumor stage, and PAM50 subtyping) in the TCGA dataset as well as the external validation datasets. As shown in Figure 2, our classifier has a more general prognostic ability than other clinical information (p < 0.05 in all datasets). We further introduced several published transcriptomic-based predictors as previous study (Lee et al., 2021), including the proliferation index (Whitfield et al., 2006), interferon-γ (IFNγ) signature score (Ayers et al., 2017) as well as cytolytic activity score (Rooney et al., 2015), and performed a multivariate Cox regression analysis with age, tumor stage, and our classifier (Supplementary Figure S2). In this analysis, the proliferation index and the IFNγ signature score were estimated as ssGSEA score (Yi et al., 2020a) of each gene signature, respectively, and the cytolytic activity score was calculated as the mean expression level of GZMA and PRF1 (Rooney et al., 2015). As shown in Supplementary Figure S2, the proliferation index and IFNy signature score show higher predictive power (hizard ratios were 2.13 and 0.27, respectively), but also have larger confidence intervals and p-values, which suggesting that they cannot be used as independent prognostic factors of BRCA. Reassuringly, our classifier had a more stable hizard ratioa near statistically significant p-value. In addition, we also test the risk prediction performance in different subgroups of age and tumor stage (Supplementary Figure S3). This result suggests that our classifier can be used essentially for the typing of different clinical subgroups, although in the low-age group and low-level group of TCGA the p-values did not reach significance.
[image: Figure 2]FIGURE 2 | Univariate Cox analysis of the classifier as well as regular clinical classification (Age, PAM50 and tumor stage) in TCGA and other extermal validation cohorts.
Association Between Different Survival Subtypes and Genomic Feature
We found that the mutation rates of PI3KCA and CDH1 were significantly higher in the G1 group than G2 group (PI3KCA: OR = 0.655, 95%CI: 0.471–0.907, p = 0.00951; CDH1: OR = 0.389, 95%CI: 0.220–0.660, p = 0.000195, Figure 3, and Supplementary Table S3, Fisher’s exact test). Other significant differentially mutated genes between the two groups, including ATR, ALK, TBX3, AKAP9, TPR, KDM6A, CREBBP, AMER1, CRNKL1, TRIM24, ZNF429, AFF3, IGF2BP2, and LIFR (Supplementary Table S3, all p < 0.05). No significant tumor mutation burden (TMB) level difference was found between G1 and G2 subgroups (Supplementary Figure S4). PI3KCA and CDH1 are two frequently mutated genes in many cancers, including breast cancer, gastric cancer, colorectal carcinoma, and head and neck squamous cell carcinoma (Hansford et al., 2015; Millis et al., 2016; Zhang et al., 2017; An et al., 2018). However, the association of PIK3CA mutation and prognosis has not been clarified clearly, PI3KCA mutation can be associated with a better prognosis (Barbareschi et al., 2007; Maruyama et al., 2007; Pérez-Tenorio et al., 2007; Kalinsky et al., 2009) or a worse prognosis (Li et al., 2006; Lerma et al., 2008). In some studies, PIK3CA mutation even has no obvious relationship with the prognosis (Saal et al., 2005; Lai et al., 2008; Stemke-Hale et al., 2008; Michelucci et al., 2009; Loi et al., 2010; Boyault et al., 2012). A similar phenomenon was found for CDH1 mutation as well (Corso et al., 2018).
[image: Figure 3]FIGURE 3 | Census mutation landscape between group 2 (G2) and group 1 (G1). Only cancer census genes in the COSMIC database are shown in the plot. The significance of the difference in gene mutation frequency between the two groups is shown in the barplot on the right (fisher’s exact test).
We then performed differential expression analysis between G2 and G1 subgroups, and identified 290 upregulated and 824 downregulated genes (|log2fold change| > 1 and FDR p-value > 0.05) (Figures 4A,B, and Supplementary Table S4) based on the TCGA cohort. KEGG pathway analysis indicated that these upregulated genes were mostly enriched in neuroactive ligand−receptor interaction, cholinergic synapse and estrogen signaling pathways (Figure 4C). The downregulated genes were mostly enriched in immune-related pathways, such as cytokine−cytokine receptor interaction, hematopoietic cell lineage, graft−versus−host disease, and Th17 cell differentiation (Figure 4D). These results prompted that the G1 subgroup might be immune activated subtype, which could be associated with its better overall survival. We also tested the correlations between the two survival subtypes (G2 and G1) and clinicopathological characteristics from the TCGA cohort and found that no significant differences were revealed in age, sex, tumor stage, metastasis coded, estrogen receptor status, progesterone receptor status, and histological type subgroups, instead of PAM50 subtype (Supplementary Figure S5, Supplementary Table S5).
[image: Figure 4]FIGURE 4 | Analysis of differentially expressed genes and their corresponding pathways. (A) Gene expression differences between group 2 (G2) and group 1 (G1). (B) PCA analysis shows the clustering results of group 2 (G2) and group 1 (G1). (C) and (D) KEGG pathway enrichment analysis for the up- (up panel) and down-regulated (down panel) genes between G2 and G1 subgroups.
We then performed GSEA analysis to compare the G2 and G1 subgroups, aiming to identify critical pathways that displayed different activities between the G1 and G2 subgroups (Supplementary Figure S6, Supplementary Tables S6–S8). Hallmark pathway enrichment analysis showed that immune-related pathways including the inflammatory response, allograft rejection, interferon-gamma response and TNFA-signaling via NFκB were enriched in the G1 subgroup, while metabolic-related pathways such as oxidative phosphorylation signaling were activated in the G2 subgroup (Supplementary Table S6). Pathway enrichment analysis indicated that the differences between these two groups were concentrated in the KEGG pathways of “Graft vs. host disease”, “primary immunodeficiency”, and “allograft rejection” (Supplementary Table S7) and Reactome pathways related to co-stimulation by the CD28 family, generation of second messenger molecules, and cytokine signaling in the immune system (Supplementary Table S8). Previous studies have proved that metabolic pathway activities like oxidative phosphorylation signaling were negatively correlated with immune infiltration and contributed to a worse prognosis in TNBC (Gong et al., 2021), which is consistent with our results.
Comparison of Tumor Microenvironment Between G2 and G1
We further employed the CIBERSORT algorithm to investigate the distributions of infiltrated immune cells between the G2 and G1 subgroups (Supplementary Figure S7). The result revealed that significant differences were obtained between two groups in CD8+T cells, CD4+T memory cells (resting), CD4+T memory (activated), γδ T cells, Macrophages M0, Macrophages M1, Macrophages M2, Dendritic cells (resting), and Mast cells (resting) (Figure 5A). Among macrophages, Macrophages M1 accounts for a higher proportion of the G1 subgroup, while the G2 subgroup consists of a higher proportion of Macrophages M2. Macrophages M2 was found to be dominant in BC and associated with poor clinical outcomes of BC (Bao et al., 2021), which could be the reason that the G2 subgroup patients have a worse overall survival.
[image: Figure 5]FIGURE 5 | Tumor microenvironment differences between group 2 (G2) and group 1 (G1) subgroups. (A) Comparison of each immune cell component between G1 and G2. (B) Comparison of stroma score between G1 and G2. (C) Comparison of immune score between G1 and G2. (D) Comparison of ESTIMATE score between G1 and G2.
Considering that the tumor tissue has tumor cells, stromal cells and immune cells, we measured stromal score and immune score based on specific gene expression signature to represent the level of immune infiltration and stroma infiltration of each tumor following the previous reported method-ESTIMATE (Yoshihara et al., 2013). Also, an ESTIMATE score also calculated which reflects the overall level of both immune infiltration and stromal infiltration. As shown in Figures 5B–D, G1 presented a higher stromal score, immune score and ESTIMATE score compared with G2. These results consistent with the previous definition that the G1 subgroup might be immune activated subtype, there was abundant crosstalk in the tumor microenvironment of this type of tumor, which could benefit from immunotherapy.
DISCUSSION
In the era of personalized medicine, there is an urgent need for a molecular marker-based approach to predict the prognostic outcomes of cancer patients accurately. Previous studies have reported many gene-based signatures to subtype BC (van de Vijver et al., 2002; Pu et al., 2020) (Tekpli et al., 2019) (Parker et al., 2009). Here, we constructed an overall survival risk model to classify samples into two subgroups. Internal and external datasets validation exhibits high consistency with the training dataset. Significant differences were found between the G2 and G1 subgroups including pathway activity, gene mutation, immune cell infiltration levels. In particular, immune cells/pathway’s activities were significantly negatively associated with BC patient’s outcomes.
In order to test whether our classifier is applicable to all ages and tumor grades, we performed prognostic association analysis for different clinical subgroups. For a data set with sufficient samples (more than 20 samples for each subgroup), our classifier can basically distinguish patients with different overall survival periods, although the high-age group and the low-stage group of TCGA have not reached statistical significance. Although the p-value of the high-age group of TCGA does not reach statistical significance (0.076), a clear trend can still be seen. However, it is challenging to explain why our classifier is unable to distinguish OS in the low-stage samples of TCGA with prognostic significance, though it performed well in the other two verification sets (Supplementary Figures S3M,O).
We found a significant mutation rate difference of PI3KCA and CDH1 gene between the G1 and G2 subgroups. It is not yet clear whether PIK3CA mutation is associated with clinical outcome, PI3KCA mutation can be associated with a better prognosis (Barbareschi et al., 2007; Maruyama et al., 2007; Pérez-Tenorio et al., 2007; Kalinsky et al., 2009) or a worse prognosis (Li et al., 2006; Lerma et al., 2008). In some studies, PIK3CA mutation even has no obvious relationship with the prognosis (Saal et al., 2005; Lai et al., 2008; Stemke-Hale et al., 2008; Michelucci et al., 2009; Loi et al., 2010; Boyault et al., 2012). A similar phenomenon was found for CDH1 mutation as well (Corso et al., 2018). Our results suggested that mutations of PI3KCA are positively associated with a favorable prognosis, but future studies are needed to investigate the potential mechanisms.
We also found that the G1 subgroup displayed significant higher level of immune infiltration, stromal infiltration level than the G2 subgroup. As reported, Th1 and cytotoxic types of memory T cells and CD8+ T cells can predict better prognosis in diverse cancers (Wei et al., 2018; Yi et al., 2020b; St. Paul and Ohashi, 2020). Several studies showed that the existence of mature antigen-presenting dendritic cells (DCs) could infiltrate colon cancer and theoretically increase immune response, which are correlated with improved survival as well (Schwaab et al., 2001). Other immune cells such as macrophages always produce plenty of factors influencing tumor cell’s survival and growth, chemotaxis, cell invasion, angiogenesis, or repress T cell responses (Pagès et al., 2010). Therefore, a high rate of tumor-associated macrophages typically serves as a poor prognostic factor. It is valuable to predict the efficacy of specific therapies, especially immunotherapy. For example, Peng et al. recently developed a computational method named TIDE to accurately predict immunotherapy outcomes of melanoma (Jiang et al., 2018). The level of immune infiltration was significantly associated with the efficacy of immunotherapy (Galon and Bruni, 2019). The significant immunological differences between G1 and G2 suggest that our classifier may be predictive of immunotherapy efficacy. We will collect relevant data resources for more in-depth study in our future work.
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Supplementary Figure S1 | The establishment and preliminary validation of the classifier. (A) Heatmap shows the clustering of two subclassification groups. (B) Kaplan-Meier plot shows the OS difference between group 2 (G2) and group 1(G1). (C) Kaplan-Meier plot shows the RFS difference between group 2 (G2) and group 1(G1).
Supplementary Figure S2 | Multivariate Cox regression analysis of prognostic factors for overall survival in TCGA patients. Age, tumor stage, proliferation score, IFNg score, cytolytic activity as well as our classifier were taken into consideration in this analysis.
Supplementary Figure S3 | KM curves show the prognostic performance of the classifier in different age level and tumor stage level of all included cohorts. Only cohorts with available clinical information are shown in the plot.
Supplementary Figure S4 | Comparison of tumor mutation burden between the G1 and G2 subgroups.
Supplementary Figure S5 | Sankey plot shows the distribution of group 2 (G2) and group 1 (G1) in different clinicopathological and genetic subgroups.
Supplementary Figure S6 | Gene Set Enrichment Analysis (GSEA) analysis shows the differences between group 2 (G2) and group 1 (G1) at Hallmark, (Kyoto Encyclopedia of Genes and Genomes) KEGG, and Reactome pathway aspects.
Supplementary Figure S7 | CIBERSORT analysis shows the distributions of 22 tumor infiltrated immune cells in each breast cancer sample.
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The poor performance of single-gene lists for prognostic predictions in independent cohorts has limited their clinical use. Here, we employed a pathway-based approach using embedded biological features to identify reproducible prognostic markers as an alternative. We used pathway activity score, sure independence screening, and K-means clustering analyses to identify and cluster colorectal cancer patients into two distinct subgroups, G2 (aggressive) and G1 (moderate). The differences between these two groups with respect to survival, somatic mutation, pathway activity, and tumor-infiltration by immunocytes were compared. These comparisons revealed that the survival rates in the G2 subgroup were significantly reduced compared to that in the G1 subgroup; further, the mutational burden rates in several oncogenes, including KRAS, DCLK1, and EPHA5, were significantly higher in the G2 subgroup than in the G1 subgroup. The enhanced activity of the critical pathways such as MYC and epithelial-mesenchymal transition may also lead to the progression of colorectal cancer. Taken together, we established a novel prognostic classification system that offers meritorious insights into the hallmarks of colorectal cancer.
Keywords: colorectal cancer, pathways deregulation score, overall survival, signature, personalized medicine
INTRODUCTION
Colorectal cancer is the third most common form of cancer and the second leading cause of cancer-related deaths worldwide (Bray et al., 2018). Currently, the TNM staging system is widely used to predict the prognosis of colorectal cancer patients; however, even patients within the same TNM stage often present with distinct prognosis outcomes in clinical practice. For instance, patients with stage I and II colorectal cancer generally exhibit a favorable prognosis and are treated with surgical resection alone. Unfortunately, approximately 10–30% of stage I and II colorectal cancer patients experience tumor recurrence within 5 years of curative surgery and require more intense treatment, such as adjuvant chemotherapy (Lin et al., 2017; Guraya, 2019). Therefore, more precise prognostic tools for colorectal cancer will enable individualized therapy and improve patient prognosis.
Bioinformatic subtyping methods are generally based on gene expression data. There are two examples of these systems for colorectal cancer, where subtypes are established based on their molecular features, with these subtypes often demonstrating significant differences in clinical outcomes (Luo et al., 2020; Yang et al., 2020). Recently, several research groups have indicated that pathway analysis may be helpful in extracting more stable and interpretable features for risk prediction (Alcaraz et al., 2017; Sheng et al., 2019; Su et al., 2021). Several efforts have been made to decode cancer at the gene, protein, and metabolite levels, and with the help of predefined pathways available from various biological databases, including Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa et al., 2016), Reactome (Fabregat et al., 2018), and Gene-Set Enrichment Analysis (GSEA) (He et al., 2018a), more stable and interpretable characteristics could be obtained. Usually we calculate the pathway activity difference based the differentially expressed genes calculated based on the comparison of two groups, this method was used to compare the pathway difference between two groups and reveal novel mechanisms, but not suitable for model construction. (Alcaraz et al., 2017). Notably, PARADIGM and Pathifier are exceptions (Vaske et al., 2010; Drier et al., 2013). The Pathifier algorithm only needs the gene expression data from each pathway to produce a coarse-grained score, which represents the degree of dysregulation within related pathways. This means that this algorithm can produce a useful score for evaluating disease subtypes and has been used for subtyping tumors and predicting prognosis in cancer patients (Livshits et al., 2015; Huang et al., 2016; Fa et al., 2019). PARADIGM has been used to infer patient-specific pathway activities from multidimensional cancer genomics data, and could be helpful in integrating multi-omics data and facilitating biomarker discovery in specific diseases (Han et al., 2021; Park et al., 2021). However, since most of the pathways share genes between them, which we call “crosstalk,” the specificity of the pathway activity score (PAS) is compromised. Taking intersection genes among pathways into account on PAS quantification will help identify disease-specific features. Thus, developing new prognostic classifier of colorectal cancer based on crosstalk eliminated PAS would be valuable.
Here we developed a new PAS estimation method based on crosstalk factorization, and established a novel pathway-level-feature-based signature for colorectal cancer that can be used to predict overall survival (OS) outcomes, and serve as a complement to the currently available staging system.
MATERIAL AND METHODS
Data Sources
Both mRNA normalized level 3 expression and colorectal cancer clinical data were downloaded from the TCGA portal (https://portal.gdc.cancer.gov/). The microarray data and clinical information from GSE17537, GSE29623, and GSE87211 were downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). After removing samples without survival data, 613, 55, 65, and 196 samples were retained in these four datasets, respectively.
Pathway Activity Score
The pathway activity score (PAS) for each dataset was calculated based on the method proposed by Bhandari et al. (2019). We downloaded all pathways from the gene oncology (GO) database (http://geneontology.org/) and generated a new mRNA expression matrix that contains only genes exist in it for each pathway. After that, for each gene, based on its expression level, we classified the tumors into two subgroups, the samples in the higher group were scored +1, while the others were scored −1. Finally, we averaged all gene scores in this pathway as the pathway activity score for each tumor sample. A higher PAS indicates a higher pathway activity in the sample, and otherwise, a lower score means lower activity in the sample.
Overall Design and Construction of the Prediction Pipeline
The overall methodology used to define the cancer survival risk subtypes identified in this study is shown in Figure 1. Given a series of data sets, based on PASs and survival information, we calculated the log-rank pvalue for each pathway by regression analysis. The pathways were then ranked based on the log-rank pvalue. Then we applied sure independence screening (SIS) to identify the main pathways associated with overall survival in each cohort at a critical threshold of 100. This value was much larger than the default n/log(n) for each cohort, where n is the sample size. We then used these 100 survival-related pathways (Supplementary Table S1) to evaluate the impact of crosstalk between these pathways on different datasets. The crosstalk between the two pathways can be divided into three categories: [image: image], representing the overlapping genes between pathways [image: image] and [image: image]; [image: image] –[image: image], representing the genes specific to pathway [image: image]; and [image: image] –[image: image], representing the genes specific to pathway [image: image]. We only retained the crosstalk results where each pathway included at least three genes in the [image: image] category. We then recalculated the PAS for each sub-pathway and calculated their survival risk p-value using the Cox-PH model. After correction, important (FDR p-value < 0.01) pathways/sub-pathways were determined for each of the three cohorts, and the common pathways/sub-pathways in each data set were used as sample features for further analysis.
[image: Figure 1]FIGURE 1 | Overall workflow describing the design and validation processes used in this study.
We then divided the TCGA data into a training set and a test set using a 4:1 ratio. We then used the activity matrix for each sample to complete a K-means clustering evaluation on the training set and defined the number of clusters as n (2 ≤ n ≤6) and then used this evaluation to divide the samples into several subgroups. The optimal number of clusters was determined using three parameters: The C index for the prognostic differences, the Silhouette index, and the Calinski–Harabasz criterion (Supplementary Table S4). This analysis allowed us to classify these samples into two distinct subgroups which were redefined as G1 and G2. We then went on to evaluate these two subgroups in other datasets, using various machine-learning frameworks, such as SVM, Adaboost, knearest neighbor (KNN), and Gaussian, and used the pathway activity matrix to build a novel classification model. These algorithms were applied to our frameworks via the Python package “sklearn,” which integrated many classification and regression algorithms, using default parameters. We were able to use a comparison of these predictions to produce an optimal algorithm which was then applied to our final model. We finally settled on the KNN classification algorithm and this was used for further implementation (Supplementary Table S2). The number of neighbors was set to 5, the leaf size passed to the classification tree was set to 30, and the power parameter for the Minkowski metric was set to 2.
Evaluation Metrics for Model
We trained our novel classification model using 10-fold cross-validation of the TCGA training dataset and used this to determine the best machine learning framework, as described above. We then went on to evaluate the performance of this classification method using the TCGA test dataset as well as the three GEO datasets. We combined the C-index, Brier score, and log-rank p-value with a deep learning-based study to reflect the prediction accuracy of these methods. The application of these metrics allowed us to quantify the proportion of patient pairs whose prediction was consistent with their OS outcome (Harrell et al., 1996). The C-index was determined using the R “survcomp” package (Schröder et al., 2011), and the Brier score was used to measure the accuracy of the probabilistic predictions. Kaplan–Meier and log-rank analyses were used to compare the survival differences between the groups (R survival package available from http://CRAN.R-project.org/package=survival) and the mean differences between the predicted and observed survival rates at specific time points were determined using the survival analyses metrics, and this score was negatively associated with accuracy and determined using the R “survcomp” package.
Differentially Expressed Genes and GSEA Analyses
Differentially expressed genes between the G2 and G1 subgroups were identified using the DESeq2 package (Love et al., 2014) and GSEA analyses were used to compare the differences between these two subgroups at the hallmark pathway level (Mootha et al., 2003; Subramanian et al., 2005).
Clinical Covariate and Somatic Mutation Analyses
We compared the somatic mutation rates between the G2 and G1 subgroups in the TCGA training cohort using Fisher’s exact test and compared the distributions of various clinicopathological features, such as tumor stage, new tumor event, and sex in each of these subgroups using Fisher exact tests.
RESULTS
Identification of Prognostic Subtypes in Colorectal Cancer
The overall methodology used to identify the different cancer survival risk subtypes defined in this study is shown in Figure 1. We produced four curated colorectal cancer datasets (TCGA, GSE17537, GSE29623, and GSE87211) using the survival information from the TCGA and GEO databases (Table 1). We then used the gene expression matrix from these datasets to calculated the PAS for each pathway identified using the KEGG and Gene Ontology Resource databases and then extracted the pathways most closely associated with overall survival. These were then evaluated using the SIS method to identify the central pathways associated with overall survival when using a critical threshold of 100 (Supplementary Table S1). We then explored the impact of crosstalk between these pathways on each of the datasets and selected the most important sub-pathways (FDR p-value < 0.01) for each.
TABLE 1 | Clinicopathological features for each of the enrolled cohorts.
[image: Table 1]These analyses identified 11 central features (Supplementary Table S3) which were then used to perform a K-means clustering analysis which produced two subgroups: G1 and G2 (Figures 2A,B; Supplementary Table S4). Patients from the G2 subgroup displayed significantly worse overall survival than those in the G1 subgroup (Figure 2C; p = 0.0015, log-rank test).
[image: Figure 2]FIGURE 2 | Subtyping analysis of the Cancer Genome Atlas-colorectal cancer (TCGA-CRC) patients. (A) K-means clustering analysis split these patients into two subgroups. The optimal number of clusters was determined using three parameters: The C index for prognostic differences, the Silhouette index, and the Calinski–Harabasz criterion. (B) Performance of K-means clustering when k was set at 2. (C) There were significant differences in survival rates between these two CRC subtypes.
Evaluating the Performance of Pathway-Based Prognosis
The AUC values for the training and test datasets were 0.9305 and 0.8909, respectively, and the ROC curves are shown in Supplementary Figure S1. In addition, we observed a considerable performance in prediction accuracy when using the PAS features as evidenced by the C-index value and significant differences in OS between G1 and G2, as evidenced by the log-rank p-value test (Figure 3; Table 2). We also noted that this model produced outcomes with low Brier error rates. The test data from the TCGA-COADREAD samples produced a high C-index (0.626), low Brier score (0.229), and significant average log-rank p-value (2.90e-3) when evaluated for differences in survival. We then validated this model using three external cohorts (Supplementary Table S5). The log-rank and Kaplan-Meier analyses of the GSE17537, GSE29623, and GSE87211 cohorts produced similar results to the TCGA cohort (log-rank p-value < 0.05, Figure 3; Table 2) indicating that the model was stable. Taken together, these results indicate that this newly developed method can accurately predict OS outcomes in colorectal cancer patients.
[image: Figure 3]FIGURE 3 | Four test cohorts demonstrating significant differences in survival rates. (A) The Cancer Genome Atlas (TCGA) test cohort, (B) GSE17537 cohort, (C) GSE29623 cohort, (D) GSE87211 cohort. G2: aggressive (higher-risk survival) subtype; G1: moderate (lower-risk survival) subtype.
TABLE 2 | Performance of the gene signature in the test TCGA cohort and three external validation cohorts using all 11 features.
[image: Table 2]Associations Between Different Survival Subtypes and Genomic Features
We then used a Fisher’s exact test to evaluate differences between the two survival subtypes identified in the TCGA cohort. These evaluations revealed that KRAS mutations were significantly more frequent in the aggressive subgroup G2 (OR = 1.573, 95%CI: 1.004–2.470, FDR = 0.039, Figure 4; Supplementary Table S6). This was also shown to be true in several other oncogenes including ASH1L, DCLK1, EPHA5, MYO1F, ZNF835, LOXL4, C11orf63, GDF5, MCAM, B4GALNT3, FAM63A, AKR1B10, HOMEZ, HRSP12, IFI35, LHX6, NARF, OR1J2, OR5P3, PBX1, TEAD2, UXS1, WIPI2, WNT10B, BTBD10, EEF1A1, ERGIC3, GZMB, MAGEH1, MOGAT3, MRPL19, OR13A1, PCDHGC3, RNF19B, SELPLG, and SEMG1 (all p < 0.05). Differentially expressed genes from each subtype were identified using the DESeq2 package in R and evaluated using a cutoff value of |log2 fold change| > 1 and FDR P-value < 0.05 (Love et al., 2014). These analyses identified 155 upregulated and 2,224 downregulated genes in the aggressive G2 subgroup (Figure 5; Supplementary Table S7). Of the upregulated genes, several were found to be associated with survival and pathogenesis in other studies including one study which found that ectopic expression of HBE1 decreased the production of radiation-induced intracellular reactive oxygen species (ROS) and cell mortality (Park et al., 2019); similarly, ORM1 serves as a prognostic factor and can be used to predict therapeutic response in advanced extranodal NK/T cell lymphoma patients treated with pegaspargase/gemcitabine (Zhou et al., 2016). We also tested the correlations between the two survival subtypes (G1 and G2) and the clinicopathological characteristics of the patients in the TCGA cohort and found no significant differences in age, sex, clinical stage or new tumor event subgroups (Supplementary Figure S2).
[image: Figure 4]FIGURE 4 | The Oncoprint demonstrating the differences between G2 and G1 subgroups at the genetic level. G2: aggressive (higher-risk survival) subtype; G1: moderate (lower-risk survival) subtype. The p values from the Fisher-exact test are displayed on the right as a bar plot. The red line indicates p = 0.05.
[image: Figure 5]FIGURE 5 | The differentially expressed genes between G1 and G2 subgroups. (A) Volcano plot displaying the differentially expressed genes between G2 and G1 subgroups. (B) Principal component analysis (PCA) analysis describing the differences in clustering between the G1 and G2 subgroups. Hallmark (C) and Kyoto Encyclopedia of Genes and Genomes (KEGG) (D) analyses for the differentially expressed genes. G2: aggressive (higher-risk survival) subtype; G1: moderate (lower-risk survival) subtype.
The Distribution of Tumor-Infiltrating Immune Cells in G1 and G2 Patients
Differences in the distribution of 22 subpopulations of TIICs in the G1 and G2 subgroups were determined using the CIBERSORT algorithm and the information from the TCGA dataset and the results of this evaluation are summarized in Supplementary Figure S3. We evaluated the average proportion of each immune cell type in both the G1 and G2 subgroups and demonstrated that there were no significant differences in TIIC distribution between these two subgroups. These results suggest that the differences in G1 and G2 survival are not reflected in the TIIC population in these patients.
Hallmark Analyses Compared the Differences Between G2 and G1 Subgroups
We used GSEA analyses to compare the G2 and G1 subgroups to identify the critical pathways involved in the progression of colorectal cancer. This hallmark pathway enrichment analysis revealed that the differences between these two groups were concentrated in the coagulation, MYC targets v2, epithelial-mesenchymal transition, bile acid metabolism, and peroxisome pathways (FDR p-value < 0.05, Supplementary Figure S4; Supplementary Table S8). This is supported by the fact that most basic research suggests that there is a close connection between hemostatic components and cancer biology as they interact in multiple ways. The coagulation system can be activated by cancer cells, and hemostatic factors can promote tumor progression. In the case of both the MYC (Sikora et al., 1987; Arango et al., 2003; Castell and Larsson, 2015; Boudjadi and Beaulieu, 2016; He et al., 2018b) and EMT (Bates et al., 2007; Vu and Datta, 2017a; Vu and Datta, 2017b; Lamprecht et al., 2018; Ieda et al., 2019; Huang et al., 2020) pathways, many studies have investigated their role in colorectal cancer. We also analyzed the KEGG and Reactome GSEA analyses, and the detailed results are presented in Supplementary Tables S9, S10. These evaluations identified several pathways that are significantly associated with tumor progression and resistance to drug treatment. We also used a GSEA-Reactome analysis to compare the G2 and G1 subgroups, and noted the appearance of several significantly enriched pathways including 3’UTR Mediated Translational Regulation, Bile Acid, and Bile Salt Metabolism, Translation, Cytochrome P450 Arranged by Substrate Type, CDK-Mediated Phosphorylation and Removal of CDC6, P53 dependent G1 DNA damage response, P53 independent G1 S DNA damage checkpoint, S phase, and base excision repair. These results suggest that the oncogenic role of these critical pathways may promote colorectal cancer progression.
DISCUSSION
Here, we classified colorectal cancer patients into different risk categories based on the results of our pathway activity score with crosstalk evaluations. Our pathway-level features produced satisfactory outcomes in the TCGA training and three external validation cohorts derived from the GEO database. These results were then used to separate the colorectal cancer patients into aggressive (G2) and moderate (G1) subgroups in the TCGA cohort and the other three colorectal cancer datasets (GSE17537, GSE29623, and GSE87211) with reasonable accuracy. We then went on to evaluate these subtype distinctions in terms of other clinicopathological criteria and revealed that while vastly different in terms of survival there were no significant differences in their clinical presentation. However, when we compared the somatic mutation landscape between these two subgroups we found that the mutation rate in oncogene KRAS was significantly higher in the G2 group, which may explain why these patients were seen as experiencing a more aggressive progression than the G1 group. Strategies to improve outcomes for patients with KRAS mutations should be developed. Taken together our data suggests that evaluating the specific genes governing these important features may provide valuable insights into the hallmarks of colorectal cancer and that these may be combined to produce specific prognostic signatures.
RAS is one of the most investigated proto-oncogenes in the world with gain-of-function mutations in this gene being identified in approximately 30% of all human cancers (Artale et al., 2008; Liu et al., 2019). Furthermore, KRAS mutations are associated with poor prognosis in several cancers, and there is still a lack of effective targeted therapeutics designed to counteract the effects of this mutation. Phipps et al. (2013) enrolled 1,989 colorectal patients in their study which was designed to investigate the association between KRAS mutation and survival, and their results suggested that 31% of these patients had KRAS mutations and that these mutations were closely associated with unfavorable outcomes when compared to the wild type (HR = 1.37, 95%CI: 1.13–1.66). Kim et al. (2016) evaluated the impact of KRAS mutations on time to recurrence (TTR) and overall survival (OS) in patients with metastatic colorectal cancer who underwent curative surgery with perioperative chemotherapy. They found that 37.8% of these patients has a KRAS mutation but that these mutations were not associated with TTR or OS (log-rank p = 0.425 for TTR; log-rank p = 0.137 for OS). In addition, several KRAS positive patients from a set of clinical trials did not respond to treatment with epidermal growth factor receptor inhibitors, cetuximab, or panitumumab (Artale et al., 2008; Van Cutsem et al., 2008) suggesting that these mutations may also be implicated in therapeutic response. Notably, the National Comprehensive Cancer Network guidelines suggest that every colorectal cancer patient, once confirmed to have developed liver metastases, should be screened for KRAS mutations. KRAS mutations serve as a predictor of unfavorable prognosis for colorectal cancer patients in both stage II and III tissues and indicate that these patients could benefit from postoperative FOLFOX chemotherapy (Deng et al., 2015). Given this more studies should investigate the underlying mechanisms of KRAS mutation-mediated effects on chemo- and immunotherapy.
We used GSEA analyses to compare the differences between G2 and G1 at the hallmark pathway level. Of the significantly enriched pathways, we found that coagulation, Myc-Target-V2, and epithelial-mesenchymal transition (EMT) were the most significantly correlated with the G2 group, which included patients with poorer outcomes than the G1 group. Most cancer patients demonstrate some biochemical evidence of the systematic activation of coagulation at diagnosis, and hemostatic changes may disappear after curative treatment. Iversen and Thorlacius-Ussing (2003) reported coagulation reactivation in response to cancer recurrence which was demonstrated by significantly increased plasma thrombin antithrombin III complex and Serum ferritin expression. Mandoj et al. (2018) established a risk predicting signature for OS which was shown to be closely associated with age (p = 0.043), tumor size (p = 0.001), levels of D-dimer (p = 0.029), and factor VIII (p = 0.087) when evaluated using a multivariate model. Coagulation abnormalities in cancer patients increase the tendency of these patients to develop both hemorrhages and thrombosis (Falanga et al., 2013) and evidence from basic research suggests that hemostatic components and cancer biology interact in multiple ways.
In summary, the PAS-based features and crosstalk evaluation provide an accurate and robust stratification of colorectal cancer patients. This stratification can be clearly linked to prognosis and the signature holds the promise of facilitating precision medicine for colorectal cancer patients.
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Background: Glioma is the most common primary tumor of the central nervous system and is associated with poor overall survival, creating an urgent need to identify survival-associated biomarkers. C1ORF112, an alpha-helical protein, is overexpressed in some cancers; however, its prognostic role has not yet been explored in gliomas. Thus, in this study, we attempted to address this by determining the prognostic value and potential function of C1ORF112 in low-grade gliomas (LGGs).
Methods: The expression of C1ORF112 in normal and tumor tissues was analyzed using data from The Cancer Genome Atlas (TCGA), Chinese Glioma Genome Atlas (CGGA), Oncomine, and Rembrandt databases. The genetic changes of C1ORF112 in LGG were analyzed using cBioPortal. Survival analysis was used to evaluate the relationship between C1ORF112 expression and survival in patients with LGG. Correlation between immune infiltration and C1ORF112 expression was determined using Timer software. Additionally, data from three online platforms were integrated to identify the co-expressed genes of C1ORF112. The potential biological functions of C1ORF112 were investigated by enrichment analysis.
Results: C1ORF112 mRNA was highly expressed in LGGs (p < 0.01). Area under the ROC curve (AUC) showed that the expression of C1ORF112 in LGG was 0.673 (95% confidence interval [CI] = 0.618–0.728). Kaplan-Meier survival analysis showed that patients with high C1ORF112 expression had lower OS than patients with low C1ORF112 expression (p < 0.05). Multivariate analysis showed that high expression of C1ORF112 was an independent prognostic factor for the overall survival in patients from TCGA and CGGA databases. C1ORF112 expression was positively correlated with six immunoinfiltrating cells (all p < 0.001). The enrichment analysis suggested the enrichment of C1ORF112 and co-expressed genes in cell cycle and DNA replication.
Conclusion: This study suggested that C1ORF112 may be a prognostic biomarker and a potential immunotherapeutic target for LGG.
Keywords: C1ORF112, biomarker, immunoinfiltration, low-grade glioma, prognosis
INTRODUCTION
Glioma, the most commonly diagnosed and fatal type of primary tumor of the central nervous system (CNS) (Jiang et al., 2016), is often associated with poor prognosis (Demuth and Berens, 2004). As per the new classification of tumors of the CNS by the World Health Organization (WHO) in 2016, gliomas of the brain can be classified into four grades (I–IV) (Diamandis and Aldape, 2018; Aiman and Rayi, 2021) accordingly, gliomas are considered as “high-grade” and “low-grade”, wherein, high-grade gliomas show a high proliferative activity and strong invasion ability; whereas, low-grade gliomas (LGGs) show slow proliferation and relatively long survival time. Therefore, it is imperative to further investigate the key drivers of survival in LGGs and identify potential therapeutic targets to improve the overall prognosis.
The malignant development of a tumor is closely associated with gene expression. In 2012, Van Dam et al. determined that the mouse BC055324 gene (human homologous gene is C1ORF112) showed strong co-expression with cancer-related genes, such as, RAD51 and CCDC6 (van Dam et al., 2012). C1ORF112, an α-helical protein, is co-expressed with many genes in the BRCA-Fanconi anemia-associated DNA damage response pathway, including BRCA1, BRCA2, FANCD2, and FANCI (Nalepa and Clapp, 2018), and is also modified in some tumors with TP53 mutation (Edogbanya et al., 2021). Although, at present, only a few studies have reported the possible dysregulation of C1ORF112 in gastric cancer (Chen et al., 2020), this does suggest its biological and clinical significance in cancer. However, the underlying molecular functions of C1ORF112 and its expression and prognostic value in glioma remain undetermined.
Thus, in this study, we used gene expression and clinical data from Oncomine, The Cancer Genome Atlas (TCGA), and Chinese Glioma Genome Atlas (CGGA) to investigate the relationship between C1ORF112 and LGG, and determine its potential prognostic value in patients with LGG. Additionally, the genes co-expressed with C1ORF112 were collected, and their expression levels were verified in LGG. The results showed that C1ORF112 was significantly overexpressed in LGG samples and was an independent prognostic factor of the overall survival (OS) of patients with LGG. Further, C1ORF112 expression was closely related to the immune response of LGG, and played a crucial role in the malignant progression as well. Thus, C1ORF112, as a new prognostic factor, may be a new therapeutic target for the diagnosis and treatment of LGG.
MATERIALS AND METHODS
Collection of Patient Data
We used TCGA database (TCGA-GBM; TCGA-LGG; https://portal.gdc.cancer.gov/) to download RNA-sequencing transcriptomic data and corresponding clinical information of 511 patients with LGG and 95 normal participants, 163 GBM patients and 207 normal participants. The inclusion criteria were defined as WHO II or III classified patients with complete prognostic information. From 161 patients with LGG and 28 normal participants, GlioVis (http://gliovis.bioinfo.cnio.es/) was used to download RNA-sequencing and corresponding clinical data, and used to verify C1ORF112 expression and prognostic potential in LGGs. Accordingly, patients with LGGs were then categorized into high and low expression groups according to the median expression value of C1ORF112. Additionally, C1ORF112 expression and clinical data of 381 LGG patients were downloaded from the CGGA (http://www.cgga.org.cn/) (Liu et al., 2018) database to analyze the relationship between C1ORF112 and patient prognosis. The patients we studied included both children and adults.
Oncomine Database
Oncomine (https://www.oncomine.org/resource/login.html) database presents integrated RNA and DNA sequence data from the Gene Expression Omnibus, TCGA, and published literature. Using this database, we determined C1ORF112 expression in different types of cancers by setting the following criteria: p < 0.01, |log2 fold change| > 1.5, gene level 10%, and data type “mRNA”.
cBioPortal Database
cBioPortal for Cancer Genomics (http://cBioportal.org) integrates data from more than 100 tumor genomic studies, and records the mutation site and possibility of a copy number variation at the mutation site. Here, we used high-throughput cBioPortal data to analyze the genetic changes associated with C1ORF112 in LGG samples.
Immunoinfiltration Analysis
The relationship between C1ORF112 expression and immune cell infiltration in LGG samples from TCGA database was investigated using the Timer online website tool (Li et al., 2016).
Enrichment and Protein-Protein Interaction Analyses
Multi Experiment Matrix (https://biit.cs.ut.ee/mem/index.cgi) (Kolde et al., 2012) and COXPRESdb (https://coxpresdb.jp/) (Obayashi et al., 2019) platforms were used to obtain C1ORF112 co-expression genes. Inclusion criterion was p < 0.05. According to TCGA data, genes with similar expression patterns as that of C1ORF112 in LGG were analyzed, and the inclusion criterion was p < 0.05. Using Database for Annotation, Visualization, and Integrated Discovery (DAVID; https://david.ncifcrf.gov/) (Huang et al., 2009), we performed gene ontology (GO) and Kyoto Gene and Genome Encyclopedia (KEGG) pathway analyses. A protein-protein interaction (PPI) network of C1ORF112 and co-expressed genes was constructed using STRING database (https://string-db.org/) (Szklarczyk et al., 2019), and co-expressed hub genes of C1ORF112 were obtained.
Gene Expression Profiling Interactive Analysis Database
The Gene Expression Profiling Interactive Analysis (GEPIA) database (http://gepia.cancer-pku.cn/) (Tang et al., 2019) integrates TCGA data with GTEx normal tissue data to provide key interactive analysis and customization capabilities. Here, we used GEPIA to evaluate the expression and prognostic value of C1ORF112 in GBM, and to evaluate the expression and prognostic value of key co-expressed genes in LGG. The relationship between C1ORF112 and key co-expressed genes with OS was further analyzed.
Statistical Analysis
Unpaired t-test was used to compare the expression levels of C1ORF112 between different groups, and p < 0.05 was considered significant. Receiver operating characteristic (ROC) curves were generated to evaluate the diagnostic performance of C1ORF112 expression using the SPSS. The median expression level of C1ORF112 was used to distinguish between the OS of patients with LGG. Kaplan-Meier method was used to plot the survival curves, and the OS differences between the groups were evaluated using log-rank test; here as well, p < 0.05 was considered significant. Univariate and multivariate analyses were performed to determine whether C1ORF112 expression was an independent prognostic marker in patients with LGG using the Cox proportional risk model. All statistical analyses were performed using R (version 4.0.2) and SPSS (version 26.0).
RESULTS
C1ORF112 was Highly Expressed in Low-Grade Gliomas
Using data from Oncomine, we analyzed the transcriptional levels of C1ORF112 in different cancer types. Compared with the normal tissues (p < 0.01, |log2 fold change| >1.5), we found that C1ORF112 was upregulated in almost all cancer types (Figure 1A), including colorectal cancer, breast cancer, lung cancer, sarcomas, and tumors of the CNS. Further, multiple data sets showed that C1ORF112 expression was significantly elevated in the CNS (Table 1). For instance, in the Sun Brain dataset, C1ORF112 expression in diffuse astrocytomas was 2.313 times higher than that in normal tissues (p = 2.23E-4). Similarly, in the French Brain dataset, C1ORF112 expression was 1.9 times higher (p = 0.001) in anaplastic oligodendrocytomas and 1.544 times higher (p = 1.13E-5) in anaplastic oligodendrocytomas than in normal tissues. We have analyzed the relationship between C1orf112 and high-grade glioma using TCGA database. The results indicated that C1orf112 was highly expressed in high-grade gliomas, but its prognostic value was not statistically significant (p = 0.59) (Supplementary Figures S1A,B). We then obtained C1ORF112 expression profiling data of 511 patients with LGG using TCGA, and observed that C1ORF112 was significantly upregulated in the tumor tissues than in the non-tumor tissues (Figure 1B; p < 0.01). In addition, we performed a validation using C1ORF112 profiling data from the Rembrandt database (Figure 1C; p < 0.01), and observed that C1ORF112 was highly expressed in LGGs. Further, area under the ROC curve (AUC) showed that the expression of C1ORF112 in LGG was 0.673 (95% confidence interval [CI] = 0.618–0.728; Figure 1D).
[image: Figure 1]FIGURE 1 | C1ORF112 expression between cancer and normal tissues in LGG patients. (A). Transcriptional expression of C1ORF112 in different types of cancer diseases. C1ORF112 mRNA is highly expressed in low-grade glioma tissues in TCGA dataset (B) and Rembrandt dataset (C). (D) Receiver operating characteristic analysis (ROC) of C1ORF112 in LGG. ****p < 0 .0001.
TABLE 1 | Significant changes of C1ORF112 expression in transcription level between Brain glioma and Normal brain tissues (ONCOMINE).
[image: Table 1]Correlation of C1ORF112 With Clinical Features in Low-Grade Gliomas
Using cBioPortal, we found that in LGGs, C1ORF112 had a mutation with a relatively low rate of genetic change. Therefore, the role of highly expressed C1ORF112 in LGG development may not be mediated by mutations or amplification (Figures 3A,B). We analyzed the relationship between C1ORF112 and WHO grades using TCGA database, and found that the C1ORF112 mRNA expression was positively correlated with the WHO grades (Figure 2A). In addition, We analyzed the relationship between C1ORF112 expression and mutational status of IDH1, ATRX and 1P19Q co-deletion status (Figures 2B–E). The relationship between LGG subtype (includes Astrocytoma, Oligoastrocytoma and Oligodendrogliom) and C1ORF112 expression was also analyzed (Figure 2F).
[image: Figure 2]FIGURE 2 | C1ORF112 mRNA was related to WHO Grade (A), IDH1 (B), ATRX (C), TP53 (D), status of 1P19Q co-deletion (E), and LGG subtypes (F). **p < 0.01, ****p < 0 .0001.
Correlation Between C1ORF112 Overexpression and Overall Survival of Low-Grade Gliomas
To investigate the relationship between C1ORF112 expression and OS, we classified 255 patients into the high expression group and 256 patients into the low expression group according to the median expression value of C1ORF112 in PANCAN-LGG in TCGA. Kaplan-Meier survival analysis showed that patients with high C1ORF112 expression had lower OS than patients with low C1ORF112 expression (p < 0.001; Figure 3C). To further validate the prognostic value of C1ORF112 expression in LGG, data from 161 patients in the Rembrandt database were analyzed (Figure 3D; p < 0.05). The results showed that patients with high expression of C1ORF112 in LGG had significantly lower OS than those with low expression of C1ORF112. Furthermore, univariate analysis using TCGA data showed that C1ORF112, age, and grade were high-risk factors (Table 2). Multivariate analysis confirmed that C1ORF112 was an independent prognostic factor for the OS of LGG [hazard ratio (HR) = 1.554, 95% CI = 1.040–2.321; p = 0.031; Table 2]. Similarly, validation using the CGGA database confirmed that C1ORF112 was indeed an independent prognostic factor for the OS of LGG (HR = 1.500, 95% CI = 1.109–2.209, p = 0.009; Table 2).
[image: Figure 3]FIGURE 3 | Genetic alterations and prognostic value of C1ORF112 expression in low-grade gliomas. (A) Mutation rate of C1ORF112 in LGGs. (B) Putative copy number alterations of C1ORF112 in LGGs. (C) Survival curves of OS from TCGA dataset (n = 511). (D) Survival curves of OS from Rembrandt dataset (n = 161).
TABLE 2 | Univariate and multivariate analysis of C1ORF112 expression profile in TCGA database and CGGA database.
[image: Table 2]Relationship Between C1ORF112 and Immune Infiltration
Immune cell infiltration may be an important pathophysiological factor in the development of glioma. We analyzed the relationship between C1ORF112 expression and infiltration of six common immune cells: B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils, and dendritic cells. C1ORF112 expression was positively correlated with all six immune cells (p < 0.001; Figure 4), indicating that patients with high C1ORF112 expression in LGGs had higher immune cell infiltration than patients with low C1ORF112 expression.
[image: Figure 4]FIGURE 4 | The relationship between C1ORF112 and the level of immune infiltration.
Enrichment and Protein-Protein Interaction Analyses of C1ORF112 Co-expressed Genes
We obtained 2000 C1ORF112 co-expressed genes from Multi Experiment Matrix and Coxpresdb platforms. Then, 1,000 genes similar to C1ORF112 expression patterns in LGGs were obtained by calculating the TCGA database. Finally, 319 overlapping genes (that were overlapping in all three databases) were considered as the co-expressed genes of C1ORF112 in LGGs (Figure 5A). GO enrichment analysis showed that C1ORF112 and the co-expressed genes were mainly enriched in cell division, DNA repair, and ATP binding (Figures 5B–D). KEGG analysis revealed that C1ORF112 and the co-expressed genes were mainly enriched in cell cycle, DNA replication, pyrimidine metabolism, and RNA transport (Figure 5E). PPI analysis showed that CDK1, CCNB1, CCNB2, CDC20 were the key co-expressed genes of C1ORF112 in LGGs (Figures 6A,B).
[image: Figure 5]FIGURE 5 | Functional enrichment of C1ORF112 and its co-expressed genes in low-grade gliomas. (A) Venn diagram of C1ORF112 co-expressed genes in LGG. (B) Enriched GO terms in the “biological process” category. (C) Enriched GO terms in the “cellular component” category. (D) Enriched GO terms in the “molecular function” category. (E) Kyoto Encyclopedia of Genes and Genomes Pathway.
[image: Figure 6]FIGURE 6 | C1ORF112 and its co-expressed genes in a protein-protein interaction network in low-grade gliomas. (A) PPI network. (B) Top 10 of key co-expressed genes of C1ORF112. The expression level of key co-expressed genes in LGGs was : (C) CDK1; (D) CCNB1; (E) CCNB2; (F) CDC20. *p < 0 .05.
Correlation Between the Key C1ORF112 Co-expressed Genes and Low-Grade Gliomas
We used GEPIA to analyze the RNA-sequencing data of 518 LGG tissues from TCGA and 207 normal samples from the GTEx project, and found that CDK1, CCNB1, CCNB2, and CCDC20 were highly expressed in the LGG tissues and poorly expressed in the normal tissues (Figures 6C–F). Kaplan-Meier survival analysis showed that LGG patients with high CDK1, CCNB1, CCNB2, and CDC20 expression had a significantly lower OS than patients with low CDK1 expression (p < 0.001; Figures 7A–D). LGG analysis in TCGA showed that C1ORF112 was significantly positively correlated with the key co-expressed genes (Figures 7E–H).
[image: Figure 7]FIGURE 7 | The TCGA database was used to analyze the prognostic value and correlation of co-expressed genes. Survival curves of OS: (A) CDK1; (B) CCNB1; (C) CCNB2; (D) CDC20. Correlation between C1ORF112 and key co-expressed genes: (E) CDK1; (F) CCNB1; (G) CCNB2; (H) CDC20.
DISCUSSION
Glioma, a highly heterogenous tumor, is the most commonly diagnosed tumor in the CNS and is associated with poor OS (Ostrom et al., 2018; Waker and Lober, 2019). While there have been a few studies on C1ORF112 mRNA, to our knowledge, no study has investigated the correlation between C1ORF112 and LGG. In this study, 163 GBM tissues and 207 normal tissues were studied in TCGA database. Our results showed that C1ORF112 was significantly overexpressed in GBM, but the prognostic analysis was not statistically significant. This might be explained by the small number of glioblastoma samples and different molecular mechanisms between LGG and GBM. Therefore, we integrated and screened clinical RNA-sequencing data from TCGA, CGGA, and Rembrandt databases, and obtained a total of 1053 LGG tissues and 123 normal tissues. Our results revealed that C1ORF112 was significantly overexpressed in LGGs with ATRX mutation, TP53 mutation, 1p19q non-codel, or Astroglioma. In addition, univariate and multivariate analyses showed that C1ORF112 expression was an independent prognostic factor for LGG. The enrichment analysis showed that C1ORF112 and its co-expressed genes were associated with cell cycle, DNA replication, pyrimidine metabolism, nucleotide excision, and repair, RNA transport, purine metabolism, and the Fanconi anemia pathway. Therefore, C1ORF112 may play an important role in glioma pathogenesis, and may be a potential LGG biomarker.
High C1ORF112 mRNA expression has been previously reported in breast cancer (Leo et al., 2005), gastric cancer (Chen et al., 2020), desmoid tumors (Bowden et al., 2007), bladder cancer (Sanchez-Carbayo et al., 2007), head and neck squamous cell carcinoma (Renkonen et al., 2017), cervical cancer, and others. Increased copy number of C1ORF112 has been reported in breast cancer studies (Gonzalez-Perez et al., 2013; Rubio-Perez et al., 2015). However, to date, the expression of C1ORF112 in LGG has not been studied, and the expression of C1ORF112 in other cancers has only been verified via the co-expression analysis of related genes. In this study, we confirmed that C1ORF112 was significantly overexpressed in most tumors in TCGA database. Further analysis showed that C1ORF112 was highly expressed in LGG than in normal tissues (p < 0.001). Additionally, the AUC was 0.673. Together, these results suggest that C1ORF112 has the potential to be a diagnostic marker for many cancers, including LGG. The expression of C1ORF112 is closely related to the survival of patients with endometrial cancer, wherein, higher the expression, worse the prognosis. Notably, our study is the first to show that C1ORF112 expression may influence the prognosis in LGG. By analyzing TCGA-LGG data, we found that patients with high C1ORF112 mRNA expression had poor OS, and this was an independent prognostic factor for OS and progression-free survival. This result was supported by clinical LGG data from the Rembrandt database as well. In addition, multivariate analysis showed that C1ORF112 was an independent prognostic factor for LGG. Therefore, it is necessary to further investigate the role of C1ORF112 in LGG.
To explore the possible mechanism of C1ORF112 in LGG, we performed enrichment analysis of C1ORF112 and its co-expressed genes, and found that they were enriched in cell cycle, DNA replication, Fanconi anemia, Mismatch repair, Nucleotide excision repair etc. Previous studies have found that C1ORF112 may influence the Fanconi anemia pathway or its regulation (Liu et al., 1998; Auerbach, 2009). Zhaojing et al. has reported that LINC00152 promotes the proliferation, migration, and invasion of gastric cancer cells in vitro through the cell cycle pathway (Zhao et al., 2015). Qiuni et al. reported that cullin-7 is a predictor of poor prognosis in patients with breast cancer, and is involved in the regulation of breast cancer cells by regulating the cell cycle (Qiu et al., 2018). Yun et al. reported the involvement of the cell cycle pathway in cerebellar meningeal metastasis of non-small cell lung cancer (Fan et al., 2018). Hung-Wei et al. reported that overexpression of cell cycle regulating nuclear cell protein L2DTL was associated with the progression and poor prognosis of hepatocellular carcinoma (Pan et al., 2006). Thus, the cell cycle not only plays an important role in tumor regulation, but also affects the prognostic evaluation (Williams and Stoeber, 2012). C1ORF112 and its co-expressed genes were positively correlated with the cell cycle. Four key co-expression genes (CDK1, CCNB1, CCNB2, and CDC20) of C1ORF112 were further analyzed. CDK1-mediated perturbations in chromosome stability and G2/M control that promotes cell cycle progression are key tumorigenic events (Asghar et al., 2015). Overexpression of FOXM1 and upregulation of CCNB1 leads to a malignant phenotype (Katoh et al., 2013). CCNB2 is overexpressed in non-small cell lung cancer and is closely associated with poor prognosis (Qian et al., 2015). High expression of CDC20 is significantly associated with reduced survival of most human tumors (Wang et al., 2018). Therefore, we speculate that C1ORF112 may be involved in the progression of LGG via the cell cycle. DNA damage repair is a phenomenon that DNA molecules of normal cells are damaged followed by a series of activation of various enzymes to restore their structures (Ciccia and Elledge, 2010). The mechanism plays an important role in maintaining gene stability (Yan et al., 2016). DNA damage repair includes four types: nucleotide excision repair, base excision repair, recombination repair, and mismatch repair. DNA damage repair is quite important for regulating the therapeutic response of cancer (Squatrito and Holland, 2011). Numerous chemotherapeutic drugs exert anti-tumor effects through DNA damage (Pang et al., 2020). Temozolomide, for example, is the first-line drugs to kill glioma cells by damaging their DNA. Our analysis showed that C1ORF112 and its co-expressed genes were involved in nucleotide excision repair and mismatch repair. Therefore, we speculate that C1ORF112 may be involved in the progression of LGG through facilitating DNA damage repair. Finally, we concluded that four key co-expression genes of C1ORF112 (CDK1, CCNB1, CCNB2, and CDC20) were highly expressed in LGG, and the high expression of these genes was closely associated with poor prognosis in patients with LGG.
Infiltration of immune cells plays a crucial role in tumor growth, metastasis, and treatment response (Gieryng et al., 2017). Therefore, we analyzed the correlation between C1ORF112 and infiltrating immune cells. The results showed that the expression of C1ORF112 was negatively correlated with tumor purity and positively correlated with the infiltration of CD4+ T cells, CD8+ T cells, B cells, neutrophils, dendritic cells, and other immune cells. This is the first report of the potential involvement of C1ORF112 in immunity. According to the immune response, low-grade gliomas can form an immunosuppressive tumor microenvironment similar to other tumors that impair T cell antitumor responses via immune checkpoint inhibition pathways. Immune checkpoint inhibitors (i.e., monoclonal antibody inhibitors) were develped to block these inhibitory signaling pathways, activate systemic immunity, and thus enhance T cell activity. Typically, Programmed cell death 1 (PD-1) and its ligand Programmed cell death ligand 1 (PD-L1) mediates tumor immunosuppression by promoting T cell apoptosis and Treg induction (Nduom et al., 2016). Therefore, PD-1/PD-L1 is an important immunosuppressive interaction for tumor cells to escape from the immune killing of the matrix. Dung et al. reported the mismatch repair deficiency predicts response of tumors to PD-1 blockade (Le et al., 2017). Our current study found that C1ORF112 and its co-expressed genes are functionally enriched in mismatch repair. However, further studies are needed to evaluate the role C1ORF112 and mismatch repair on PD-L1 immune checkpoint therapy. Immunotherapy aims to strengthen the immune system of a patient to recognize and attack tumor cells. Therefore, C1ORF112 may be a target for future immunotherapy.
Through this study, we have improved the understanding of the relationship between C1ORF112 and LGG; however, there are still some limitations of our study. The knock-down and knock-out experiments of C1ORF112 is supposed to be performed to explore and verify its function in LGG in our future study. For example, proliferation, migration, invasion, and immune response of LGG cells, and in vivo study using LGG mouse model can be performed to verify the mechanism of C1ORF112. Translating these cell cycle-associated biomarkers into practical clinical applications also requires further investigation. In conclusion, the overexpression of C1ORF112 mRNA in LGG was closely related to the poor prognosis of patients with LGG. Enrichment analysis showed that C1ORF112 may regulate the progression of LGG via the cell cycle, affect the prognosis of patients with LGG, and thus play a potential role as a carcinogenic factor. Finally, this study suggests that C1ORF112 may be a potential biomarker for the diagnosis and prognosis of LGG, and a potential immunotherapeutic target.
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Inhibitors of apoptosis proteins (IAPs) have been associated with tumor development and progression by affecting apoptosis through cell death signaling pathways. To date, eight IAPs (BIRC1–8) have been identified in mammalian cells. However, the role of IAPs in non–small cell lung cancer (NSCLC) development and progression has not been explored in depth. In this study, we used public datasets and bioinformatics tools to compare the expression, prognostic significance, and function of IAPs in NSCLC and its subtypes. Expression of IAPs in cancer and normal tissues and at different stages of NSCLC was compared with gene expression profiling interactive analysis, and their prognostic significance was analyzed with the Kaplan–Meier Plotter database. The correlations among IAPs were analyzed with the STRING database and SPSS19.0. Functional annotation of IAPs was analyzed by Gene Ontology and Kyoto Encyclopedia of Genes and Genomes enrichment on the basis of the DAVID tool. Among patients with lung adenocarcinoma (LUAD), the expression level of BIRC5 was higher than that in normal samples, and the expression of BIRC1 and BIRC5 significantly varied in different stages. Moreover, the BIRC1–3 and BIRC5 mRNA levels were associated with overall survival (OS), and the BIRC1–2 and BIRC5–6 mRNA levels were associated with progression-free survival (PFS). Among patients with lung squamous cell carcinoma (LUSC), the expression level of BIRC1 was lower and that of BIRC5 was higher than those in normal tissues, and BIRC5 expression significantly varied in different stages. BIRC1 expression was associated with OS, whereas BIRC2 and BIRC6 expression was associated with PFS. Enrichment analysis showed that most IAPs are associated with ubiquitin- and apoptosis-related pathways. Collectively, this study suggests BIRC5 as a potential diagnostic and staging marker, BIRC1 as a potential marker of OS, and BIRC2 and BIRC6 as potential PFS markers for patients with NSCLC. These highlight new targets for the early detection, treatment, and management of NSCLC.
Keywords: IAPS, LUAD, LUSC, diagnose biomarker, clinical stages, prognostic values, correlationship
INTRODUCTION
Non–small cell lung cancer (NSCLC) has one of the highest mortality rates among malignant tumors globally, which accounts for approximately 80% of all lung cancers (Siegel et al., 2020). The two predominant histological phenotypes of NSCLC are lung adenocarcinoma (LUAD, ∼50% of cases) and lung squamous cell carcinoma (LUSC, ∼40% of cases) (Davidson et al., 2013; Langer et al., 2015). Unfortunately, currently, available biomarkers mainly reflect sex and age variations (Tsao et al., 2012) but cannot accurately identify the stage or prognosis of a tumor. Consequently, NSCLC remains difficult to detect at an early stage, and most patients are commonly diagnosed when the cancer has already progressed to an advanced stage (40% of NSCLC cases are diagnosed at stage IV) and thus not eligible for curative treatments. Therefore, the prognosis of NSCLC remains poor with a 5-year survival rate of only 2%–13% (Liu et al., 2020). Currently, the primary treatment of NSCLC is surgery, radiotherapy, and chemotherapy (Upadhya et al., 2021). Because of tumor heterogeneity, the current biomarkers used to predict NSCLC prognosis have some limitations; thus, it is necessary to explore new biomarkers as diagnostic and prognostic indicators to effectively improve survival and individualized treatment.
Inhibitors of apoptosis proteins (IAPs) are among the most extensively studied molecular and therapeutic targets in treating cancers, and their dysregulated expression has been reported in NSCLC (De-Xuan et al., 2017; Mazur et al., 2018). IAPs play essential roles in preventing apoptosis or programmed cell death. To date, eight IAPs have been identified in mammalian cells (BIRC1–8; see Table 1). The common feature of IAP family members is the presence of one or more baculoviral IAP repeats (Kumar et al., 2020). In addition to inhibiting apoptosis, IAPs play various biological roles, including regulation of innate immunity and inflammation, cell proliferation, cell migration, and apoptosis (Ji et al., 2018; Khan et al., 2021). Accordingly, IAPs act as pivotal regulators in oncogenesis by directly or indirectly affecting apoptosis through intrinsic and extrinsic cell death signaling pathways (Ji et al., 2018; Khan et al., 2021). Therefore, dysregulation of IAPs may lead cells toward cancerization (Yang and Wang, 2016; Yang et al., 2020; Zhang et al., 2021).
TABLE 1 | Inhibitor of apoptosis proteins information.
[image: Table 1]Downregulating BIRC2 expression indirectly induces NSCLC cell apoptosis by preventing the formation of the caspase-8–activating platform (Yang and Wang, 2016; Jian et al., 2019). Moreover, the positive rates of BIRC4 mRNA expression in pathological tissues of patients with NSCLC were reported to be significantly higher than those in the para-cancerous tissues (De-Xuan et al., 2017). BIRC5 is strongly expressed in different types of tumors but is not expressed or is only expressed at low levels in most normal differentiated tissues (Xiao and Li, 2015; Mazur et al., 2018). These findings suggest a role of IAPs in NSCLC. However, the underlying mechanism and functions of IAPs in different subtypes of NSCLC or at different stages of cancer progression have yet to be fully elucidated.
RNA and DNA research, an essential component of biological and biomedical studies, has been revolutionized with the development of microarray technology, providing vast molecular data for comparative analysis. However, to the best of our knowledge, bioinformatics analysis of IAPs has yet to be applied for NSCLC. In this study, we comprehensively analyzed the expression of IAPs in patients with NSCLC using public datasets to determine their expression patterns, potential functions, and distinct prognostic value. This study can provide new insight into understanding the molecular mechanisms of IAPs in NSCLC toward development of drugs to inhibit aberrantly expressed IAPs that can help to induce apoptosis in cancerous cells. Moreover, exploring biomarker to diagnose lung cancer and distinguish stages is very necessary.
MATERIALS AND METHODS
Ethics Statement
This study was approved by the Academic Committee of Jiujiang University. All datasets were retrieved from the published literature, in which written informed consent from patients was confirmed for the individual studies.
IAPs Expression Analysis
The differential mRNA expression of IAPs between NSCLC and normal samples was evaluated separately for LUAD and LUSC with gene expression profiling interactive analysis (GEPIA2; http://gepia2.cancer-pku.cn/#index/). The “expression analysis” mode was selected, with each IAP (BIRC1 BIRC2, BIRC3, BIRC4, BIRC5, BIRC6, BIRC7, and BIRC8) added as input. LUAD and LUSC were selected as cancer types. Differentially expressed genes were selected according to a log2 fold change cutoff of 2 and q-value < 0.05. All other options were set to the default values.
Prognostic Significance of IAPs Expression in NSCLC
To further explore whether IAPs can be potential prognostic biomarkers in NSCLC, we evaluated the prognostic value of BIRC1–7 mRNA expression in the survival of patients with LUAD and LUSC separately using the Kaplan–Meier Plotter database (https://kmplot.com/analysis/); data on BIRC8 mRNA expression and survival of patients with LUAD and LUSC are lacking from the database. Patient samples were split into two groups according to the median expression level (high versus low expression). The Kaplan–Meier curve, hazard ratio with 95% confidence interval, and log-rank p-value were used to evaluate the relationship between the expression of each IAP and the overall survival (OS) or progression-free survival (PFS) of patients with NSCLC (LUAD and LUSC).
Construction of the IAPs Protein-Protein Interaction Network
The PPI network was constructed from the STRING database (https://string-db.org/), which includes data compiled from several sources. “BIRC1, BIRC2, BIRC3, BIRC4, BIRC5, BIRC6, BIRC7, and BIRC8” were input to the “multiple proteins” box with “Homo sapiens” selected as the organism. Other options were left as default options. Cytoscape 3.7.1 software was used for construction of the PPI network and further visualization for analysis.
Correlations of IAP mRNA Levels in Patients With NSCLC
Gene Expression Omnibus profiles (https://www.ncbi.nlm.nih.gov/geoprofiles/?term=) were used to determine the correlations among expression levels of IAPs in NSCLC, using the keywords “BIRCX NSCLC” (where X refers to 1–8 for the eight IAPs), and each profile was obtained (https://www.ncbi.nlm.nih.gov/geoprofiles/62790008). Scatter plots were constructed and pairwise correlations between all IAPs were analyzed according to the Pearson correlation coefficient using SPSS 19.0 software; p < 0.05 was considered statistically significant.
Functional Enrichment Analysis of IAPs
The biological functions of IAPs were analyzed using Gene Ontology (GO) terms and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways on the basis of the DAVID tool (https://david.ncifcrf.gov/). GO annotation enrichment analysis was conducted to identify the unique biological properties of IAPs, including biological processes, cellular components, and molecular functions. The top five terms were selected according to the p value. KEGG pathway enrichment analysis was performed to explore the key pathways of IAPs; p < 0.05 was considered statistically significant.
RESULTS
Transcriptional Levels of IAPs Are Altered in NSCLC
In the GEPIA dataset, BIRC5 expression levels in LUAD and LUSC tissues were significantly higher than those in normal tissues, whereas the expression level of BIRC1 was significantly lower in LUSC tissues than in the normal tissues (Figure 1). The expression of BIRC1 and BIRC5 significantly varied across LUAD stages, and the expression of BIRC5 significantly varied across LUSC stages (Figure 2), suggesting that these IAPs may serve as potential biomarkers for diagnosis and cancer staging in NSCLC patients.
[image: Figure 1]FIGURE 1 | mRNA expression of IAPs between NSCLC and normal lung tissues. (A) Scatter diagram of IAPs expression in NSCLC; red dots indicate tumor tissues and green dots indicate normal tissue. Green text indicates that the gene expression level in the tumor tissues was lower than that in normal tissues, and red text indicates that the gene expression level in tumor tissues was higher than that in normal tissues. (B) Box plot of IAPs expression in NSCLC; red boxes indicate tumor samples and the gray boxes indicate normal samples. *p < 0.05. NSCLC: non–small cell lung cancer; LUAD: lung adenocarcinoma; LUSC: lung squamous cell carcinoma.
[image: Figure 2]FIGURE 2 | mRNA Expression of IAPs in Different Stages of NSCLC. (A) Correlation between mRNA expression of IAPs and tumor stage in LUAD patients. (B) Correlation between mRNA expression of IAPs and tumor stage in LUSC Patients. Pr < 0.05 indicates that the gene expression differs across stages. NSCLC, non–small cell lung cancer; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma.
IAPs are Associated with the Prognosis of Patients with NSCLC
The Kaplan–Meier curve and associated statistical analyses revealed that decreased BIRC1–3 mRNA levels and increased BIRC5 mRNA levels were significantly associated with the OS, whereas the decreased BIRC1-2 and 6 mRNA levels and the increased BIRC5 mRNA levels were significantly associated with the PFS of patients with LUAD (Table 2; Figure 3A). A decreased BIRC1 mRNA level was significantly associated with OS, whereas increased BIRC2 and BIRC6 mRNA levels were significantly associated with the PFS of the patients with LUSC (Table 2; Figure 3B).
TABLE 2 | Correlation of IAPs mRNA expression and prognosis in NSCLC by Kaplan–Meier plotter.
[image: Table 2][image: Figure 3]FIGURE 3 | Prognostic value of IAP mRNA expression in patients with NSCLC. (A) IAPs significantly associated with the prognosis of LUAD patients. (B) IAPs significantly associated with the prognosis of LUSC patients. NSCLC, non–small cell lung cancer; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; OS, overall survival; PFS, progression-free survival.
PPI Network
The PPI network indicated that BIRC1 is co-expressed with BIRC6; BIRC2 is co-expressed with BIRC3, BIRC4, and BIRC6; BIRC3 is co-expressed with BIRC4; BIRC4 is co-expressed with BIRC6 and 7; BIRC5 is co-expressed with BIRC6; and BIRC6 is co-expressed with BIRC7 and 8 (Figure 4A). The interactions among these IAPs (except for BIRC5 with BIRC7 and BIRC8) have been experimentally validated. Overall, eight nodes formed a network of interactions with 19 edges (Figure 4B). The degree was greater than 4.75 for five nodes (average score): BIRC6, BIRC4, BIRC5, BIRC7, and BIRC2, from the highest to lowest (Supplementary Table S1). The combined score for 10 edges was greater than 0.686 (average score). The highest combined score was 0.971 based on the interaction of BIRC2 with BIRC4, followed by 0.943 (BIRC3 with BIRC4), 0.937 (BIRC2 with BIRC3), 0.827 (BIRC7 with BIRC8), 0.819 (BIRC6 with BIRC7), 0.779 (BIRC7 with BIRC4), 0.777 (BIRC2 with BIRC5), 0.771 (BIRC8 with BIRC4), 0.751 (BIRC5 with BIRC4), and 0.718 (BIRC3 with BIRC5) (Supplementary Table S2).
[image: Figure 4]FIGURE 4 | Protein-protein interaction network of IAPs. (A) STRING analysis. Different colors of lines indicate a different source of evidence: light blue, curated databases; rose, experimentally determined; green, gene neighborhood; red, gene fusions; dark blue, gene co-occurrence; light green, text mining; black, co-expression; purple, protein homology. (B) Cytoscape analysis. The darker the color, the greater the degree; the wider the line, the stronger the interaction.
Correlations Among IAPs in NSCLC
In LUAD, BIRC1 was positively correlated with BIRC7, BIRC2 was positively correlated with BIRC3 and BIRC5, and BIRC3 was positively correlated with BIRC5. Significant and negative correlations were identified between the following IAPs in LUAD: BIRC2 with BIRC7, BIRC3 with BIRC7, and BIRC5 with BIRC7 (Figure 5A and Table 3). In LUSC, BIRC1 was positively correlated with BIRC3 and BIRC3 was also positively correlated with BIRC7, whereas BIRC5 was negatively correlated with BIRC7 (Figure 5B and Table 4).
[image: Figure 5]FIGURE 5 | Correlation analysis of mRNA expression of IAPs in NSCLC. (A) Correlation analysis of IAPs expression in LUAD. (B) Correlation analysis of IAPs expression in LUSC. NSCLC, non–small cell lung cancer; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma. Pink indicates a negative correlation and blue indicates a positive correlation; the darker the color, the large the Pearson correlation coefficient. * indicates a significantly positive relationship (p < 0.05); # indicates a significantly negative relationship (p < 0.05).
TABLE 3 | IAPs correlations in lung adenocarcinoma.
[image: Table 3]TABLE 4 | IAPs correlations in lung squamous cell carcinoma.
[image: Table 4]IAPs Play Roles in Apoptosis and Ubiquitination in NSCLC
GO enrichment analysis (Figure 6A, Supplementary Table S3) showed that the IAPs in NSCLC were significantly enriched in the biological process terms inhibition of cysteine-type endopeptidase activity involved in apoptotic process, mitotic spindle assembly, protein ubiquitination, negative regulation of apoptotic process, and apoptotic process terms; in the cellular component terms spindle microtubule, cytoplasm, nucleus, midbody, and membrane raft; and in the molecular function terms ubiquitin-protein transferase activity, cysteine-type endopeptidase inhibitor activity involved in apoptotic process, cysteine-type endopeptidase inhibitor activity, ligase activity, and zinc ion binding. More than half of the IAP members mainly participate in ubiquitin-protein transferase activity, protein ubiquitination, negative regulation of apoptotic process, apoptotic process, cytoplasm, and inhibition of cysteine-type endopeptidase activity involved in apoptotic process, mitotic spindle assembly, spindle microtubule, nucleus, and zinc ion binding (Figure 6B).
[image: Figure 6]FIGURE 6 | GO analysis of IAPs. (A) Enrichment dot bubble diagram. (B) Enrichment histogram. GO, Gene Ontology; BP, biological processes; CC, cellular components; MF, molecular functions.
KEGG pathway analysis (Figure 7 and Supplementary Table S4) showed that the IAPs were most significantly enriched in ubiquitin-mediated proteolysis (p = 5.93E-08), followed by small cell lung cancer, toxoplasmosis, pathways in cancer, NOD-like receptor signaling pathway, NF-κB signaling pathway, focal adhesion, and apoptosis. More than half of the IAP members are mainly involved in the top four pathways (Figure 7B).
[image: Figure 7]FIGURE 7 | KEGG analysis of IAPs. (A) Enrichment dot bubble diagram. (B) Enrichment histogram. KEGG: Kyoto Encyclopedia of Genes and Genomes.
DISCUSSION
Although the role of IAPs in tumor development and progression has been partially confirmed in NSCLC, further bioinformatics analysis has yet to be performed (Rashed et al., 2019; Frazzi, 2021). This is the first study to comprehensively explore the transcriptional profiles, prognostic values, interactions, and functional enrichment of IAPs in different subtypes of NSCLC and across different tumor stages. Our findings can provide guidance for the development of IAPs as markers in the prevention, treatment, and prognosis for patients with NSCLC.
There has been no evidence of a role of BIRC1 in NSCLC until now, and little has been reported of any association of BIRC1 in cancer. A PTV-loaded nanocarrier was developed to trigger the apoptosis of glioblastoma multiforme cells by reducing the mRNA levels of NFKB, IL6, BIRC1, and BIRC5 (Psc et al., 2021). Mig-6 exerts a tumor-suppressor function in murine endometrial cancer through downregulation of BIRC1 expression (Kim et al., 2019). In our study, the GEPIA dataset revealed that the expression of BIRC1 was lower in LUSC than that in normal tissues. Moreover, BIRC1 mRNA expression was significantly different at least between two stages of LUAD and was associated with OS or PFS in patients with NSCLC. These data suggest that downregulation of BIRC1 possibly plays a tumor-suppressor function in NSCLC development.
A previous study showed that BIRC2 expression regulates the apoptosis and survival of NSCLC cells: downregulating BIRC2 expression indirectly induces NSCLC cell apoptosis by preventing formation of the caspase-8–activating platform (Yang and Wang, 2016; Jian et al., 2019). The overexpression of BIRC2, regulated by Pellino-1, contributes to the oncogenesis of A549 and H1299 cells, which are both LUAD cell lines, and promotes cancer cell survival (Jeon et al., 2016; Xv et al., 2021). Consistently, we found that downregulated BIRC2 expression was associated with the prolonged survival time of patients with LUAD.
In our study, only BIRC3 expression was positively correlated with the OS of patients with LUAD. There is substantial evidence pointing to the pro-survival and anti-apoptotic roles of BIRC3 in cancer cells; however, not all data are consistent (Frazzi, 2021). An in vitro study showed that RNA-binding motif 10 overexpression inhibited the malignant behaviors of A549 and H1299 cells by inducing the expression of AKT2, BIRC3, and JUN (Guan et al., 2017). However, Dubois et al. (2019) reported that overexpression of BIRC3 regulated by RASSF1A depletion decreased the rate of cancer cell apoptosis. Similarly, upregulation of BIRC3 expression via Pellino-1 overexpression in A549 and H1299 cells promoted lung oncogenesis and survival, and BIRC3 also demonstrated a strong positive correlation with Pellino-1 in human LUAD tissues (Yang and Wang, 2016). Therefore, the mechanism of BIRC3 in cancer needs further study.
Surprisingly, we did not identify a specific role of BIRC4 in the patients with LUAD or LUSC on the basis of the databases analyzed in this study. However, several in vitro studies have suggested an anti-NSCLC role of BIRC4. Hydrogen gas was suggested to promote the apoptosis of A549 cells by reducing the expression of BIRC4 (Zhang et al., 2020a). Combined with other drugs in treating NSCLC in vitro, TRAIL induced cell apoptosis by inhibiting BIRC4 expression and increasing cytotoxicity (Deok et al., 2018; Kim et al., 2019). Moreover, the positive rate of BIRC4 mRNA expression in the pathological tissues of NSCLC patients was significantly higher than that in paracancerous tissues (De-Xuan et al., 2017). Although the expression of BIRC4 varies in vitro and in vivo, further in vitro experiments can represent an important starting point to better understand its regulation mechanisms and functions in vivo.
Unlike other IAPs, BIRC5 is strongly expressed in most tumors but is not expressed or is expressed at only low levels in most normal differentiated tissues (Xiao and Li, 2015; Mazur et al., 2018). Consistently, we found that BIRC5 expression levels were significantly higher in tumor tissues than in normal tissues. Previous studies have suggested BIRC5 as a predictive biomarker in NSCLC, especially for LUAD (Zhang et al., 2020b; Haakensen et al., 2020). In addition, in the present study, BIRC5 emerged as the most significant IAP that could be developed as a marker for preventing and treating NSCLC patients. Low expression of BIRC5 mRNA was also previously positively correlated with NSCLC patient survival (Cao et al., 2019; Nitschkowski et al., 2019; Rashed et al., 2019; Zhang et al., 2020b).
BIRC6 has been suggested as a progression marker in NSCLC (Dong et al., 2013; Gharabaghi and Asadi, 2016), which was also associated with the PFS of the patients with NSCLC in our study. However, previous studies did not distinguish among different subtypes of NSCLC. Here, we show that BIRC6 expression actually shows an opposite association with prognosis in patients with LUAD and LUSC: Increased BIRC6 expression was significantly associated with the PFS of patients with LUAD, whereas decreased BIRC6 was significantly associated with the PFS of patients with LUSC. This suggests that BIRC6 is a potential biomarker for differentiating different types of NSCLC. No specific roles of BIRC7 and BIRC8 in NSCLC were identified in this study or in the literature to date.
From GO and KEGG enrichment analysis, we found that all eight members of the IAP family are enriched in ubiquitin-protein transferase activity, and most of them (six of eight) are enriched in ubiquitin-mediated proteolysis. The ubiquitin–proteasome system has become a key system of pathogenesis in several cancers (Senft et al., 2018). Thevebioside (an active ingredient from Traditional Chinese Medicine) was reported to inhibit the tumor growth of NSCLC through inhibiting SRC-3–mediated IGF-1R–PI3K-AKT signaling via ubiquitination to induce cellular apoptosis (Yao et al., 2020). In addition, deregulation of APC/C (a representative E3 ligase) together with its co-activators cell division cycle 20 (CDC20) or CDC20-like protein 1 (CDH1) has been associated with cancers (Jeon et al., 2016). Overexpression of Pellino-1 (an E3 ubiquitin ligase) is dependent on the expression of BIRC3 in human lung cancer cells, resulting in increased cell survival and colony forming ability (Jeon et al., 2016). SKP2 promotes programmed cell death protein 4 degradation through phosphorylation and ubiquitination, resulting in increased proliferation and radiation tolerance of breast cancer cells (Li et al., 2019). In addition, IAPs were also found to play a role in the NOD-like receptor signaling pathway and NF-κB signaling pathway (Mann and Oakley, 2005; Liu et al., 2019; Kumar et al., 2021). Thus, we speculate that the dysregulation of IAPs has more effective role in the inflammatory response.
CONCLUSION
In this study, we systematically analyzed the expression and prognostic value of IAPs in different subtypes of NSCLC, which can help to provide a more thorough understanding of the molecular biological properties of this cancer. Our results indicate that BIRC1 and BIRC5 are potential diagnostic markers for both LUAD and LUAC. BIRC1, BIRC2, and BIRC5 are potential prognostic markers for LUAD, whereas BIRC2 and BIRC6 are prognostic markers for patients with NSCLC. From GO and KEGG enrichment analysis, we found that most IAP members are associated with ubiquitin and apoptosis. These highlight new targets for the early detection, treatment, and management of NSCLC.
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Cell migration-inducing hyaluronidase 1 (CEMIP), a Wnt-related protein and also known as KIAA1199, is implicated in the process of metastatic colonization in a variety of malignant tumors, including breast cancer (BC), which is one of the most frequently diagnosed tumors in women worldwide. In this study, multiple public databases, online analytical tools, and bioinformatics approaches were applied to explore the expression levels, regulatory mechanisms, and biological functions of CEMIP in BC. We illustrated that CEMIP was highly expressed in various kinds of carcinomas, including BC, especially advanced subtypes, and predicted less favorable prognosis (negatively associated with overall survival) in BC patients, which might be an independent prognostic factor. Then, we revealed that the mutation and high expression of CEMIP might lead to it as an oncogene. We also demonstrated that TP53 mutation, DNA hypo-methylation, and the expression changes of three potential upstream transcription factors (EZH2, EGR1, and JUN) of CEMIP were likely to cause the hyperexpression of CEMIP in BC. Moreover, our findings suggested that CEMIP might exert its carcinogenic roles in the tumor microenvironment via participation in the extracellular matrix formation, increasing cancer-associated fibroblast (CAF), M2 macrophage, and neutrophil infiltration and decreasing CD8+ T cell infiltration. In summary, our study provided more solid evidence for CEMIP as a prognostic and metastatic biomarker and a potential therapeutic target in BC. Of course, these findings also need more confirmations of basic experiments and further clinical trials in the future.
Keywords: breast cancer, CEMIP, prognosis, tumor microenvironment, biomarker
INTRODUCTION
Cancer of the female breast is the leading malignancy worldwide with the highest incidence of 11.7% and the fourth in mortality (Sung et al., 2021). Some known risk factors contribute to the development of breast cancer (BC), for instance, gene mutations and lactation deficiency (Harbeck et al., 2019). The genetic predisposition of BRCA1 and BRCA2 mutations inherited from the family has been widely accepted. For sporadic BC, the advanced maternal age for a first pregnancy, early menarche, lack of breastfeeding, and late-onset menopause are recognized as risk factors. Besides, some modifiable risk factors, like obesity, physical inactivity, and alcohol use should also be noted (Harbeck et al., 2019). However, the exact mechanism of BC is still ambiguous. BC is highly heterogeneous (Aleskandarany et al., 2018) up to now, which can be divided into four major subtypes according to molecular biomarkers (ER/PR, HER2, and Ki−67) in clinical. In detail, they are luminal A (ER+ and/or PR+, HER2−, Ki-67−), luminal B (ER+ and/or PR+, HER2+, Ki-67+), HER2+ (ER− and PR−, HER2+), and basal or triple-negative (ER−, PR−, and HER2−) (Dai et al., 2015). The clinical treatment and prognosis of BC patients vary depending on these subtypes. Based on the worldwide clinical retrospective analysis, patients with luminal BC have the best outcomes with surgery, endocrine therapy, and chemotherapy; the HER2+ second and the patients with triple-negative BC (TNBC) usually have the worst prognosis due to limited therapeutic options (Waks and Winer, 2019). Of course, other prognostic factors like age, stage, tumor grade, and lymphovascular status should be taken into consideration as well (Harbeck et al., 2019). Fortunately, the PD-L1 inhibition as a single-molecule target for therapy has been proved to ameliorate the progression-free survival (PFS) in TNBC patients, and CDK4/6 inhibitors substantially improve PFS of BC patients with endocrine resistance in recent years, although not for all BC patients (Schmid et al., 2018; Turner et al., 2018; Harbeck et al., 2019). Thereby, more effective therapeutic targets are to be explored urgently.
In recent decades, with the rise of high-throughput technologies and next-generation sequencing (NGS), followed by bioinformatics approaches and a variety of online analysis tools applied, the search for the key targeted genes in tumor genesis and progress has become a trend in tumor research in an attempt to reveal the mechanism of tumor genesis and development and thus to provide more precise treatment for patients and improve their prognosis. For instance, by applying these biological analysis tools, Lou et al. (2021) elucidated that SEMA3F was associated with poor prognosis and tumor immune infiltration of hepatocellular carcinoma, mediated by the TMPO-AS1/SNHG16-let-7c-5p axis. Cui et al. (2020) carried out a comprehensive pan-cancer analysis of the oncogenic role of SND1 in human tumors, and Zeng et al. (2019) evaluated the potential of CXC chemokines as therapeutic targets and prognostic biomarkers in renal cell carcinoma.
Cell migration-inducing protein (CEMIP), previously known as KIAA1199 or hyaluronan binding protein (HYBID), included in the Human Unidentified Gene-Encoded (HUGE) large protein database, is located on human chromosome 15q25.1 that encodes a 153 kDa protein which contains two GG domains and a special G8 domain (Li et al., 2017; Liu et al., 2021a). CEMIP is a kind of secreted protein, identified as an inner ear-specific protein at first, and mutations in it are related to non-syndromic hearing loss. In the past decades, an increasing number of studies have revealed that high expression of CEMIP promotes numerous malignancy progresses and metastasis and predicts poor prognosis of cancer patients, including breast (Jami et al., 2014), colorectal (Fink et al., 2015), liver, gastric, pancreatic, lung (Li et al., 2020a), prostate, cholangitis (Zhai et al., 2020), ovarian (Shen et al., 2019), and papillary thyroid cancers (Liu et al., 2021a). On the other hand, accumulated cell- and animal-based evidence shows that the over-expression of CEMIP could enhance proliferation, survival (Michishita et al., 2006), adhesion, motility, invasiveness, and epithelial-to-mesenchymal transition (EMT) (Liu et al., 2021b) of various cancer cells. Some researchers have elucidated that CEMIP is involved in Wnt/β-catenin, MEK/ERK, and PI3K/Akt signal pathways that contribute to the tumorigenesis (Liu et al., 2021a). A recent study reported that CEMIP can accelerate BC cell proliferation and migration by activating the STAT3 pathway (Chen et al., 2021). It is widely acknowledged that the expression of CEMIP is regulated by both genetic and epigenetic mechanisms. The two key transcription factors are nuclear factor-κB (NF-κB) (Shostak et al., 2014) and activator protein-1 (AP-1), although the basic promoter activity of this gene mainly lied in the DNA methylation of the CpG island (Kuscu et al., 2012). For example, CEMIP over-expression was associated with hypomethylation of the CpG island in BC (Kuscu et al., 2012). In addition, the increased presence of lysine 4 of histone H3 trimethylation (H3K4me3) was reported to be an activation marker for CEMIP transcription, and reduced H3K27me3 was demonstrated to promote its expression in the development of BC (Hsieh et al., 2020; Liu et al., 2021a). Recently, several microRNAs and pro-inflammatory cytokines have been described to participate in the expression regulation of CEMIP as concluded in a review (Liu et al., 2021a). All works above indicate that CEMIP plays an important role in the oncogenesis and progress of carcinomas, and the exact mechanism remains to be explored. Moreover, the correlations of CEMIP with tumor immune infiltration in BC are still not determined.
In the present study, we performed expression analysis for CEMIP in different kinds of human cancers, particularly in BC, and assessed the association of CEMIP expression with the prognosis of patients with BC. Next, the potentially genetic regulatory mechanisms of CEMIP, including DNA methylation, genetic alteration, and upstream transcription factors, were explored in BC and other cancers. Then, we also manipulated functional annotation of CEMIP-related genes and CEMIP-interacted kinases and determined the correlation of CEMIP mRNA expression with the infiltration level of immune cells, biomarkers of immune cells, and immune checkpoints in BC. Finally, gene set enrichment analysis (GSEA) of a single gene was performed to identify the underlying pathways and hallmark perturbations caused by CEMIP in BC. All analyses were principally based on TCGA and GEO databases. In conclusion, our findings uncover that the up-regulation of CEMIP mediated by TP53 mutation, DNA hypomethylation, and transcription factors correlates with worse outcomes and higher immune cell infiltration levels of patients with BC.
MATERIALS AND METHODS
mRNA and Protein Expression of CEMIP in Normal Tissues and Cellular Localization Analysis
First, GeneCards®: The Human Gene Database (https://www.genecards.org/) was used to explore mRNA and protein expression of CEMIP in normal tissues and cells in the “expression module” and visualize its subcellular locations in the “Localization module”. The Human Protein Atlas (https://www.proteinatlas.org/) was as well applied to visualize the location of CEMIP.
CEMIP Expression Analysis Among Tumors
Subsequently, the “Gene_DE Module” in the TIMER2.0 (Li et al., 2020b) (tumor immune estimation resource, version 2) webserver (http://timer.cistrome.org/) was applied to estimate the CEMIP mRNA expression level in all The Cancer Genome Atlas (TCGA) (Tomczak et al., 2015) cancer types compared to their corresponding adjacent normal tissues, which were displayed by box plots. Next, we employed the UALCAN (Chandrashekar et al., 2017) (http://ualcan.path.uab.edu/analysis-prot.html) web resource to investigate CEMIP expression among 1097 BC samples and 114 normal samples of TCGA data based on sample types (that is., BC versus normal tissues), individual cancer stages, patients’ ages, major BC subclasses, nodal metastasis statuses, and TP53 mutation statuses with the “Expression Link” of the “TCGA analysis module”. Then, Breast Cancer Gene-Expression Miner v4.7 (Jézéquel et al., 2021) (bc-GenExMiner v4.7, http://bcgenex.ico.unicancer.fr/BC-GEM/GEM-Accueil.php?js=1) was applied to validate CEMIP expression with DNA microarray data (n = 11,359) in the “EXPRESSION” of the “ANALYSIS Module” based on intrinsic molecular subtypes (PAM50 subtypes), patients’ ages, nodal metastasis statuses, and TP53 mutation statuses. Furthermore, we also downloaded the GSE42568 dataset (raw CEL file and GPL file) from The Gene Expression Omnibus (Edgar et al., 2002) (GEO, https://www.ncbi.nlm.nih.gov/geo/), which was based on GPL570 Platforms ([HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array) and contained 104 primary BC and 17 normal breast biopsies gene chips. After quality control, a total of 94 BC and 14 normal breast samples were obtained, based on which we identified the differentially expressed genes (DEGs) in BC compared with normal samples using R package limma (Smyth, 2005) with log2Fold Change > 1, adjust p-value < 0.05 for expression validation of CEMIP and the following analysis.
Survival Analysis
We first performed survival analysis through the Kaplan-Meier plotter (Lanczky et al., 2010) (https://kmplot.com/analysis/index.php?p=service) based on the GEO database and divided the samples into high-expression and low-expression cohorts according to the median expression value of KIAA1199 (one of alias of CEMIP) for exploring the associations of its expression level with patients overall, relapse-free, and distant metastasis-free survival (OS, RFS, and DMFS). Next, Breast Cancer Gene-Expression Miner v4.7 (Campone et al., 2012) as well was applied to carry out survival analysis based on DNA microarrays (n = 11,359) in “PROGNOSIS” of the “ANALYSIS Module”, with which we explored the association of CEMIP expression level with patients’ OS, disease-free survival (DFS), and DMFS among all BC patients, ER/PR-positive patients, and ER/PR-negative patients. Moreover, we downloaded the TCGA dataset of BC, including gene expression RNA-seq data (n = 1,218), clinical phenotype data (n = 1,247) data, curated survival data (n = 1,236), and somatic mutation data (MC3 gene-level non-silent mutation, n = 791) from the UCSC Xena web (https://xenabrowser.net/DATAPAGES/) for the univariate and multivariate OS analysis using the Cox Proportional Hazards model carried out by R package survival. We first applied separate univariate Cox regressions to assess the statistical significance for each of the variables with OS, comprising BC patient stage, age, ER/PR/HER2 status, molecular subtype, tumor/node/metastasis (TNM) status, TP53 mutation status, and the expression level of CEMIP, and then performed multivariate Cox regression analysis with these variables.
Promoter Methylation and Genetic Alteration Analysis
Promoter methylation analysis was as well implemented using the UALCAN web based on TCGA data containing 793 BC samples and 97 normal samples, of which the BC samples were divided into different groups according to individual cancer stages, patient age, and major BC subclasses. The genetic alteration analysis of CEMIP was carried out in the cBioPortal (Cerami et al., 2012) web (https://www.cbioportal.org/) following these steps: (1) select “Breast”; (2) choose 11 studies (consisting of 4717 samples) except for “TCGA, Cell 2015”, “TCGA, Nature 2012”, and “TCGA, PanCancer Atlas” in the “Invasive Breast Carcinoma” section; (3) click “Query By Gene”; (4) input “CEMIP”; (5) submit Query; and (6) choose “Cancer Type Detailed” in “Cancer Types Summary” to obtain the genomic alteration of CEMIP and choose the “Mutations” option to acquire diagrams of mutation sites.
Upstream Transcription Factor and Kinase Interaction Analysis
ARCHS4 (Lachmann et al., 2018) (https://maayanlab.cloud/archs4/help.html) was applied to predict the upstream transcription factor (TF) targets and kinase interactions of CEMIP in humans, which predicted upstream TFs based on ChIP-seq data from the ChEA and ENCODE gene set libraries and predicted protein kinases based on known kinase substrates from KEA. Subsequently, we employed the cBioPortal web to estimate genetic alterations of predicted TFs; used the Draw Venn Diagram online tool (http://bioinformatics.psb.ugent.be/webtools/Venn/) to obtain the differentially expressed upstream TF and kinase targets of CEMIP in BC by taking the intersection of all predicted upstream TFs, kinase targets of CEMIP, and DEGs identified from the GSE42568 dataset; and further validated their expression levels by the UALCAN web. For validated TFs, Breast Cancer Gene-Expression Miner v4.7 (Jezequel et al., 20132013) was applied to explore the correlations of their expression levels with CEMIP and investigate the correlations of significantly correlated TFs with the survival of BC patients, while the JASPAR2022 database (https://jaspar.genereg.net/) was used to predict binding sites of transcription factors in the CEMIP promoter region. Meanwhile, the functional annotation of validated kinase targets and CEMIP was investigated by using the Metascape (Zhou et al., 2019) resource (http://metascape.org).
CEMIP Interacted and Correlated Gene Analysis
We first acquired CEMIP-interacted genes through the STRING (Szklarczyk et al., 2019) website (https://string-db.org/) with default settings, and then, we put “CEMIP” into the UALCAN web in “TCGA” gene analysis with breast invasive cancer of the TCGA dataset to explore CEMIP-correlated genes in the “Correlation” module. Next, we again employed the STRING tool to construct the protein–protein interaction (PPI) network of CEMIP-interacted genes and CEMIP-correlated genes with Pearson correlation coefficient ≥ 0.4 and reproduced the network using Cytoscape (Smoot et al., 2011). Moreover, we also performed the Gene Ontology (GO) (Ashburner et al., 2000) function and Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa et al., 2019) pathway enrichment analysis of these genes with R package clusterProfiler (version 3.16.1).
Immune Infiltration Analysis
We also used TIMER2.0 to evaluate the correlations between the expression level of CEMIP and the infiltration levels of immune cells, including CD8+ T cells, CD4+ T cells, B cells, macrophages, neutrophils, dendritic cells (DCs), natural killer (NK) cells, and CAF in the “Gene module” of the “Immune Association” section with all algorithms provided, like EPIC, TIMER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, XCELL, and MCPCOUNTER algorithms. Then, for obviously correlated immune cells, we further employed the Breast Cancer Gene-Expression Miner v4.7 tool to estimate the correlations between the expression of CEMIP and the biomarkers of immune cells as well as three well-known immune checkpoints (PD1, PD-L1, and CTLA-4).
Gene Set Enrichment Analysis of CEMIP
Gene set enrichment analysis (GSEA) (Subramanian et al., 2005) is a powerful method to annotate gene expression data based on defined gene sets consisting of genes that have been proved to have common biological functions, chromosomal location or regulation, gene expression data, and information of phenotypes of samples. Herein, we used GSEA software (version 4.1.0) to assess the pathway variations correlated with the expression level of CEMIP based on the GSE42568 dataset by dividing BC samples into high/low-expression groups of CEMIP according to its median expression value with the cutoff: nominal p-value < 0.05.
Statistical Analysis
In this study, the statistical analysis carried out by online tools was automatically calculated and the p-value, log rank p-value, or nominal p-value < 0.05 was considered as statistically significant. With the analysis performed by R, adjust p-value and p-value < 0.05 were considered as statistically significant.
RESULTS
The mRNA and Protein Expression of CEMIP in Normal Tissues, Immune Cells, and Cellular Localization
We explored the expression profiling of CEMIP across different normal tissues, immune cells, and its cellular localization through two public protein databases. As displayed in Supplementary Figure S1, the mRNA of CEMIP is detected in most tissues using RNA-seq and microarray approaches, such as whole blood, the brain, lungs, the pancreas, the skin, etc., showing low tissue specificity, while in the breast, it can only be probed with RNA-seq (Supplementary Figure S1A). Moreover, CEMIP is expressed in immune cells, especially in T-reg cells, plasmacytoid DCs, naive B cells, memory B cells, and naive CD8+ T cells (Supplementary Figure S1B). At the protein level, CEMIP was distinctly detected in plasma, pancreas, and bone marrow stromal cells and stem cells, while in the breast, it was rarely expressed (Supplementary Figure S1C). On the other hand, we also dug into cellular localization of CEMIP, which was discovered in the plasma membrane, extracellular regions, nucleus, and endoplasmic reticulum with confidence = 5 according to GeneCards®: The Human Gene Database, while in The Human Protein Atlas, CEMIP was predicted to be secreted (Supplementary Figure S1D).
The Expression of CEMIP in Cancers
TIMER2.0 was employed to investigate the mRNA expression level of CEMIP across a variety of cancers based on the TCGA dataset, which was expressed higher in 13 kinds of cancers other than normal controls (p < 0.05), including BC, but lower in other three types of cancer (Figure 1A). With UALCAN web tools, we again observed increased expression of CEMIP in BC relative to normal samples with statistical significance (p < 0.001) (Figure 1B) and further analyzed the expression level of CEMIP in BC based on subclasses (luminal, HER2+, and TNBC), individual cancer stages, patients’ age, nodal metastasis status, and TP53 mutation status between 114 normal and 1,097 primary BC of TCGA. However, no significant difference existed among these clinical features (Supplementary Figures S2A–D) except that CEMIP was significantly expressed higher in the TP53-mutant group compared to the TP53-non-mutant group (Figure 1C). Applying the Breast Cancer Gene-Expression Miner v4.7 resource, which integrated almost all BC data comprising DNA microarrays (n = 11,359, most of which were obtained from the GEO dataset) and RNA-seq (n = 4712, TCGA data), we validated the over-expression of CEMIP in BC and the TP53-mutant group (Figures 1D,F) and found higher expression of CEMIP in basal-like/TNBC and HER2+ BC compared with luminal BC (Figure 1D). Meanwhile, the expression of CEMIP showed discrepancy based on BC patients’ age as well, higher in patients whose age was over 51 years, but without significant difference based on nodal metastasis status (Figure 1E; Supplementary Figure S2E). In addition, using bioinformatics approaches, we identified a total of 3,869 DEGs based on the GSE42568 dataset and also found that CEMIP expression was higher in BC than normal breast samples (log2fold Change = 1.20, adjust p-value < 0.0001).
[image: Figure 1]FIGURE 1 | Expression analysis of CEMIP across a variety of cancers and clinical features of BC. (A) Expression profile of CEMIP in various cancers analyzed by TIMER2.0 based on the TCGA database. *p < 0.05; **p < 0.01; ***p < 0.001. (B,C) Expression analysis of CEMIP performed by the UALCAN web based on sample types and TP53 mutation status with the TCGA database. ***p < 0.001. (D–F) Expression analysis of CEMIP carried out through the Breast Cancer Gene-Expression Miner v4.7 resource based on BC subtype, patient age, and TP53 mutation status with 11,359 DNA microarrays of bc-GenExMiner data. bc-GenExMiner, the Breast Cancer Gene-Expression Miner; TCGA, The Cancer Genome Atlas.
The Prognostic Value of CEMIP in Patients With BC
Subsequently, we evaluated the correlation between CEMIP expression level and BC patients’ outcomes. The Kaplan-Meier plotter was first applied to carry out survival analysis, according to which no significant correlation was displayed between patients’ OS and the expression level of CEMIP (Figure 2A, p > 0.05), while significantly negative associations were observed between patients’ RFS and DMFS with CEMIP expression (Figures 2B,C, p < 0.01). Then, the Breast Cancer Gene-Expression Miner v4.7 resource was employed to confirm the prognostic value of CEMIP, with which we further performed survival analysis in ER/PR-positive BC patients and ER/PR-negative BC patients. Based on the DNA microarray data gathered in the Breast Cancer Gene-Expression Miner v4.7 resource, OS, DFS, and DMFS were negatively associated with CEMIP expression level (Figures 2D–F, p < 0.05) by enrolling all BC patients and OS was also negatively correlated with CEMIP expression level in ER/PR-positive BC patients (Figure 2G, p < 0.05), whereas no significant correlation existed between patients’ DFS, DMFS, and the expression level of CEMIP (Supplementary Figures S3A,B, p > 0.05) as well as the OS, DFS, and DMFS in all ER/PR-negative BC patients (Supplementary Figures S3C–E, p > 0.05). Finally, we further predicted the prognostic value of CEMIP in BC patients by taking the stage, age, molecular subtype, ER/PR/HER2 status, TNM status, and TP53 mutation status into consideration in addition to the expression level of CEMIP using the Cox Proportional Hazards model based on TCGA cohorts. As a result, a total of 789 BC patients were enrolled, and the clinical characteristics and TP53 state of them are listed in Supplementary Table S1. According to the univariate Cox regression analysis, we found that stage (HR = 2.2, p = 2.3e-07), age (HR = 1, p = 3.3e-06), node state (HR = 1.5, p = 0.00015), tumor states (HR = 1.5, p = 8e-04), metastasis status (HR = 4, p = 0.00045), and the expression level of CEMIP (HR = 1.1, p = 0.042) were significantly negative correlated to OS of BC patients as risk factors (Supplementary Table S2). Next, we included all variables into multivariate analysis and further revealed that only age (HR = 1.05, p = 4.18e-07) and the expression level of CEMIP (HR = 1.17, p = 0.028) were still significantly negatively associated with OS of BC patients in the presence of various factors (Supplementary Table S2).
[image: Figure 2]FIGURE 2 | Survival analysis. (A–C) OS, RFS, and DMFS plots of CEMIP in BC with the Kaplan-Meier plotter. (D–F) OS, DFS, and DMFS plots of CEMIP in all BC subtypes with the bc-GenExMiner. (G) OS plot of CEMIP in ER/PR+ BC with bc-GenExMiner. Log rank p < 0.05 and p < 0.05 were considered to be statistically significant. OS, overall survival; RFS, elapse-free survival; DMFS, distant metastasis-free survival; DFS, disease-free survival.
DNA Methylation and Genetic Alteration of CEMIP
Next, the UALCAN web was applied to investigate the methylation level of promoter extension of CEMIP. As shown in Figure 3, the promoter methylation level of CEMIP is significantly lower in BC than in normal tissues (Figure 3A, p < 0.001). For subtypes of BC, the promoter methylation level of CEMIP was higher in TNBC than in luminal and HER2+ BC (Figure 3B, p < 0.001 and p < 0.05, respectively). Additionally, the cBioPortal resource was employed to assess the genetic alteration of CEMIP based on TCGA data. We found that the main genetic alterations of CEMIP in various cancers were mutation, amplification, deep deletion, structural variant, and multiple alterations. As for invasive breast carcinoma, the mutation, amplification with the highest alteration frequency, and deep deletion were involved (Figure 3C). The types and sites of CEMIP mutation in BC were further explored. As presented in Figure 3D, the missense and truncating are the dominating types and the latter alteration occurs to G380Afs*28 of the mucin2 domain with the highest frequency (Figure 3D).
[image: Figure 3]FIGURE 3 | Promoter methylation analysis using the UALCAN web and genetic alteration analysis performed by the cBioPortal web based on TCGA. (A) Promoter methylation level of CEMIP in BC compared with normal breast samples. ***p < 0.001. (B) Promoter methylation level of CEMIP in BC subtypes. *p < 0.05; ***p < 0.001. (C) Genetic alteration frequency of CEMIP in multiple malignancies. (D) Mutation site of CEMIP in BC.
Predicted Upstream Transcription Factor Targets and Kinase Interactions of CEMIP
Meanwhile, the ARCHS4 resource was used to predict upstream TF targets and kinase interactions of CEMIP. As a result, a total of 47 unique predicted upstream TFs in humans and 141 kinases were obtained (Figure 4A). Then, we found that 43 TFs existed with genetic alterations in BC with the cBioPortal resource based on TCGA data, among which ARNT, ATF3, ESR1, TFAP2C, TP53, and ZNF217 were observed to appear with higher rates of genetic alteration (>5%), and the main alteration type of them was amplification except for TP53 (Supplementary Figure S4). Furthermore, combined with DEGs identified from the GSE42568 dataset, the expression levels of 10 TFs and 25 kinases were significantly different in BC compared with normal tissues (Figure 4A). Subsequently, we performed validation of their expression through the UALCAN web based on TCGA data as well, and 8 TFs and 22 kinases showed the same results (Supplementary Table S3). For validated TFs, we further evaluated the expression correlations between them and CEMIP using the Breast Cancer Gene-Expression Miner based on 11,359 DNA microarrays and found that the expression levels of two up-regulated genes, TRIM28 and CTBP2, and two down-regulated genes, EGR1 and JUN, in BC were negatively associated with CEMIP, and one up-regulated gene EZH2 was positively correlated with CEMIP (Figures 4B–F; Supplementary Table S3). Taking expression analysis and correlation analysis into account, we speculated that EZH2, EGR1, and JUN might be the most potential upstream TFs of CEMIP. Thereby, expression and survival analyses were further carried out using the Breast Cancer Gene-Expression Miner. Accordingly, EZH2 was expressed higher in basal-like/TNBC, HER2+ and luminal B BC compared to the luminal A BC and normal breast tissues (Figure 5A) and showed negative associations with OS, DFS, and DMFS of BC patients (Figures 5D–F), while the expressions of EGR1 and JUN were lower in these three types of BC (Figures 5B,C) and displayed positive associations with OS, DFS, and DMFS of BC patients (Figures 5G–K) except that the JUN expression had no statistically significant correlation with DMFS (Figure 5L). Moreover, the JASPAR2022 database was used to predict binding sites of EGR1, JUN, and EZH2 in the CEMIP promoter region. As shown in Supplementary Table S4, EGR1 has predicted six binding sites and JUN has predicted five binding sites in the CEMIP promoter region, whereas EZH2 could not be retrieved. Subsequently, through literature reviews about EGR1, JUN, and EZH2, we recognized that EGR1 and JUN could be tumor suppressors, whereas EZH2 can inhibit the expression of tumor suppressors (Baron et al., 2006; Shaulian, 2010; Eich et al., 2020). Therefore, we further assess the correlations among these three TFs. As a result, EZH2 expression level was negatively correlated with EGR1 (Figure 5M, r = −0.28, p < 0.0001) and JUN (Figure 5N, r = −0.17, p < 0.0001), while the expression of EGR1 was positively correlated with JUN (Figure 5O, r = 0.60, p < 0.0001).
[image: Figure 4]FIGURE 4 | Upstream transcription factor and kinase interaction analysis. (A) Differentially expressed predicted upstream TFs of CEMIP and kinases interacted with CEMIP identified in BC based on DEGs detected from the GSE42568 dataset. (B–F) Expression correlations of CEMIP and validated TFs in BC. (G) Functions and pathways enriched by kinases interacted with CEMIP and differentially expressed in BC. DEGs, differentially expressed genes.
[image: Figure 5]FIGURE 5 | Expression, survival, and correlation analysis of upstream TFs of CEMIP in BC. (A–C) Expression levels of EZH2, EGR1, and JUN among subtypes of BC. (D–F) OS, DFS, and DMFS analysis of EZH2 in BC patients. (G–I) OS, DFS, and DMFS analysis of EGR1 in BC patients. (J–L) OS, DFS, and DMFS analysis of JUN in BC patients. (M–O) Correlations between EZH2 and EGR1, EZH2 and JUN, and EGR1 and JUN in BC.
For validated kinases, we carried out enrichment analysis among them and CEMIP with the Metascape resource and found that they were mainly enriched in protein autophosphorylation, positive regulation of protein phosphorylation, and the transmembrane receptor protein kinase signaling pathway of GO terms (Figure 4G). Moreover, we integrated all biological processes that CEMIP participated in and noticed that two down-regulated genes DDR2 and TGFBR2 in BC compared with normal breast tissues and four up-regulated genes, PTK2, RET, PRKD2, and CEMIP, were involved in the positive regulation of cell migration, positive regulation of cell motility, positive regulation of cellular component movement, and positive regulation of locomotion (Supplementary Tables S5, S6).
CEMIP-Related Genes and Annotation
To further inquire about the molecular mechanism of CEMIP in BC, we integrated genes that interacted with CEMIP obtained from the STRING tool and the genes whose expressions were positively correlated with CEMIP expression. Figure 6A shows interacting genes, from which we could observe that the expression levels of most of these genes were distinct in BC compared with normal samples based on the DEG analysis of the GSE42568 dataset. Furthermore, gene annotation of GO functions, including biological process (BP), cellular component (CC), and molecular function (MF), and the KEGG pathway was executed by R package clusterProfiler. The top 10 terms of them are exhibited in Figures 6B–E. Most of these genes participated in the extracellular matrix organization, extracellular structure organization, and cell-substrate adhesion of BP (Figure 6B); located in the collage-containing extracellular matrix, focal adhesion, cell-substrate junction, and endoplasmic reticulum lumen of CC (Figure 6C); possessed extracellular matrix structural constitutes, cell adhesion molecule binding, glycosaminoglycan binding, integrin binding and collagen binding of MF (Figure 6D); and were involved in ECM–receptor interaction, focal adhesion, the PI3K-Akt signaling pathway, and the TGF-beta signaling pathway (Figure 6E).
[image: Figure 6]FIGURE 6 | PPI network construction and enrichment analysis of CEMIP-related genes. (A) PPI network of CEMIP-related genes generated by the STRING tool. The red nodes represent up-regulated genes in BC compared with normal samples, while the blue nodes represent down-regulated genes. (B) Top 10 BP terms of GO enriched by CEMIP-related genes. (C) Top 10 CC terms of GO enriched by CEMIP-related genes. (D) Top 10 MF terms of GO enriched by CEMIP-related genes. (E) Top 10 KEGG pathways enriched by CEMIP-related genes. PPI, protein–protein interaction; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; BP, biological processes; CC, cellular components; MF, molecular functions.
Correlations of CEMIP Expression With the Immune Cell Infiltration Level in Cancers
Given that the tumor immune microenvironment (TIM) plays an important role in the progress and metastasis of cancers, we evaluated the correlations of CEMIP expression with several immune cell infiltration levels in various types of cancers, consisting of CD8+ T cells, CD4+ T cells, B cells, macrophages, neutrophils, DC, NK cells, and CAF using the TIMER2.0 web with all algorithms provided. Generally, the infiltration of macrophages, neutrophils, resting NK cells, and CAF was positively related to CEMIP expression with all or most algorithms in most carcinomas, including BC (Supplementary Figures S5, S6A and Figure 7A), while activated NK cells, CD8+ T cells, and CD4+ Th1 cells were opposite (Supplementary Figures S6, S7A) and other immune cell (that is., CD4+ T cells, B cells, and DC) infiltrations showed no clear unifying trends with these available algorithms (Supplementary Figures S7, S8). We noticed that the infiltration of B cells was negatively associated with the expression level of CEMIP in BC (Supplementary Figure S7B). We also noted that the CAF infiltration had the highest correlations with CEMIP expression in BC, the scatterplots of which among subtypes of BC generated using the EPIC algorithm are presented in Figures 7B–E.
[image: Figure 7]FIGURE 7 | Correlation of CEMIP expression with CAF infiltration level explored by TIMER2.0 web. (A) Correlations between CEMIP expression and the infiltration level of CAF across various types of cancers analyzed by four algorithms provided (EPIC, MCPCOUNTER, XCELL, and TIDE). The red squares represent positive correlations, while the blue squares represent negative correlations with statistical significance (p < 0.05). (B–E) Correlations between CEMIP expression and the infiltration level of CAF among four subtypes of BC (basal-like/TNBC, HER2+, luminal A, and luminal B) using the EPIC algorithm. CAF, cancer-associated fibroblast.
Expression Correlations of CEMIP With Biomarkers of Immune Cells and Checkpoints in BC
To further estimate the role of CEMIP in BC immune regulation, we explored the expression correlations of CEMIP with biomarkers of immune cells whose infiltration levels were significantly associated with CEMIP expression and immune checkpoints in BC. As listed in Table 1, CEMIP had significant positive correlations with M1 macrophages’ biomarkers NOS2 (r = 0.07, p < 0.0001) and IRF5 (r = 0.12, p < 0.0001); M2 macrophages’ biomarkers CD163 (r = 0.23, p < 0.0001), VSIG4 (r = 0.24, p < 0.0001), and MS4A4A (r = 0.17, p < 0.0001); neutrophils’ biomarker ITGAM (r = 0.22, p < 0.0001); and immune checkpoints PD-L1 (r = 0.08, p < 0.0001) and CTLA4 (r = 0.06, p < 0.0001) and negative correlations with CD8+ T cells’ biomarker CD8A (r = −0.02, p = 0.0331) and neutrophils’ biomarker CCR7 (r = −0.06, p < 0.0001).
TABLE 1 | Expression correlations of CEMIP with biomarkers of immune cells and immune checkpoints.
[image: Table 1]KEGG Pathway and HALLMARK Aberrations Correlated With CEMIP in BC
To further investigate the effect of CEMIP on BC, we manipulated Gene Set Enrichment Analysis according to the expression of CEMIP based on the gene expression matrix of the GSE42568 dataset and gene sets of the KEGG pathway and HALLMARK. As listed in Supplementary Table S7, a total of 10 gene sets were up-regulated in the high-expression group of CEMIP and were significantly enriched at nominal p-value < 0.05 based on the KEGG pathway, while two gene sets were based on HALLMARK. The top two KEGG pathways and HALLMARK processes enriched were “ANTIGEN_PROCESSING_AND_PRESENTATION, GLYCOSAMINOGLYCAN_ BIOSYNTHESIS_CHONDROITIN_SULFATE” of KEGG” (Figures 8A,B) and “ALLOGRAFT_REJECTION, EPITHELIAL_MESENCHYMAL_TRANSITION” (Figures 8C,D), respectively.
[image: Figure 8]FIGURE 8 | Gene Set Enrichment Analysis based on the GSE42568 dataset and the gene sets of KEGG pathways and HALLMARK. (A,B) Top two KEGG pathways enriched by the CEMIP high expression group with the highest NES and NOM p-val < 0.05. (C,D) Two HALLMARK terms enriched by the CEMIP high-expression group with NOM p-value < 0.05. NES, normalized enrichment score; NOM p-value, nominal p-value.
DISCUSSION
To date, BC has been the most frequently diagnosed malignancy worldwide and leads to 684,996 deaths (Rodrigues et al., 2019; Zhai et al., 2020). Although the prognosis of cancer patients has improved dramatically with the advanced medical technology (Rodrigues et al., 2019; Zhai et al., 2020), a complete cure for BC patients is not yet possible with the currently available therapies due to the ambiguous mechanism of tumorigenesis and tumor progression in BC. Accumulated evidence shows that the over-expression of CEMIP could enhance proliferation, adhesion, motility, invasiveness, and EMT of various carcinomas, including BC, as well as its transcriptional regulation mechanism in many cancers (Liu et al., 2021a), indicating that CEMIP might play an important role in BC. Therefore, we performed an integrated analysis of CEMIP in BC and other cancers using bioinformatics approaches and a variety of online analysis tools mainly based on TCGA and GEO databases.
CEMIP is a type of secreted protein in exosomes and also exists in normal human tissues, like the brain, lung, pancreas, and testis (Zhai et al., 2020; Rodrigues et al., 2019). It has been described that CEMIP could mediate depolymerization of hyaluronic acid (HA) (Yoshida et al., 2013), bind to HA, hydrolyze high-molecular-weight HA, and be involved in hyaluronan catabolism as summarized in https://www.uniprot.org/uniprot/Q8WUJ3. In the present study, we also explored CEMIP expression in normal tissues, immune cells, and its subcellular locations. According to previous findings, CEMIP can be detected in normal tissues, including plasma, and even in immune cells, which mainly are located in the plasma membrane, extracellular regions, nucleus, and endoplasmic reticulum. It was reported that over-expression of CEMIP in exosomes might facilitate the metastasis of BC (Rodrigues et al., 2019; Zhai et al., 2020). Other research studies revealed that CEMIP residing in the endoplasmic reticulum may enhance BC cell survival in hypoxia and cancer cell migration by upregulating and interacting with binding immunoglobulin protein (Evensen et al., 2013; Banach et al., 2019). Thereby, the over-expression of CEMIP detected in blood might be a convenient way to early diagnose BC metastasis. However, targeting CEMIP therapy for BC patients might be more complicated in the consideration of its normal biological functions, which acquires a precise delivery route, like targeting CEMIP located in the endoplasmic reticulum.
Subsequently, we conducted a pan-cancer analysis of CEMIP expression based on the TCGA database and discovered that it was highly expressed in most cancers, consistent with early studies (Evensen et al., 2013; Jami et al., 2014; Zhang et al., 2014; Fink et al., 2015; Shen et al., 2019; Li et al., 2020a; Zhai et al., 2020; Liu et al., 2021a; Chen et al., 2021), after which we focused on CEMIP expression in BC. However, we did not observe a statistically significant difference in CEMIP expression based on BC subtypes (luminal, HER2+, and TNBC), individual cancer stages, patient age, and nodal metastasis status except for the TP53 mutation status at first. Then, the Breast Cancer Gene-Expression Miner v4.7 resource, which integrated almost all public BC data comprising DNA microarrays and RNA-seq, was employed to evaluate CEMIP expression based on BC subtypes, patient age, nodal metastasis status, and TP53 mutation status again with 11,359 DNA microarrays. We noticed that CEMIP was highly expressed in HER2+ and TNBC compared with luminal type and was expressed higher in the group of patients with an age over 51 years than those with an age less than 51, suggesting that CEMIP could be an indicator of aggressive types of BC, like HER2+ and TNBC, and might be responsible for some characteristics of invasive BC. In addition, the inconsistency of results from the two web tools in our findings might be primarily caused by the sample size. Several studies described that CEMIP was highly expressed in invasive breast cancer specimens and in invasive MDA-MB-231 TNBC cell lines, whereas some researchers observed much lower expression of CEMIP in non-invasive BC cells with a low-invasive potential, like MCF-7, T-47D, and ZR-75-1 cell lines (Evensen et al., 2013; Zhang et al., 2014). Of note, CEMIP was expressed lower in samples without TP53 mutation than TP53 mutation samples with one accord using these two webs and databases. TP53 is a well-known cancer suppressor, whose mutation has been reported in plenty of malignancies (Miller et al., 2005). Our finding shows that the high expression of CEMIP in invasive BC might be partly caused by TP53 mutation since it has been reported that TNBC exhibits more TP53 mutation (Verigos and Magklara, 2015). To our knowledge, no study has yet linked them.
After identifying the discrepancy of CEMIP expression in BC, we further investigated its prognostic value among BC patients. We found that the expression of CEMIP was negatively associated with OS, RFS, DFS, and DMFS of BC patients when all types of BC were included. However, when we divided BC patients into ER+/PR+ and ER−/PR− groups, only OS of BC patients with ER+/PR+ was significantly negatively correlated with CEMIP expression, indicating that its prognostic prediction in BC patients with ER+/PR+ might be more significant since the patients with TNBC have been widely proved to have poor prognoses (Waks and Winer, 2019). More convincingly, we discovered that high expression of CEMIP had a strong relationship with increased risk of death in BC patients according to both univariate and multivariate Cox regression analysis with hazard ratio (HR) = 1.17 and p-value = 0.028 of the latter, that is, holding the other covariates, that is., BC patient stage, age, ER/PR/HER2 status, TNM status, and TP53 mutation status, constant, a higher expression value of CEMIP predicted a poor survival of BC patients. Given these results, CEMIP might be a promisingly prognostic and therapeutic target for BC patients.
It has been reported that CEMIP mutation in the GG domain leads to non-syndromic hearing loss, while its over-expression prevailingly contributes to its oncogenic roles (Liu et al., 2021a). However, in this study, we found that the genetic alterations of CEMIP appeared in multiple cancers, including invasive BC, suggesting that mutations (that is, missense and truncating) of CEMIP may be responsible for the formation and progression of aggressive BC, especially truncating in the G380Afs*28 of mucin2 domain of CEMIP. Although studies found that CEMIP mutation happens in invasive BC cell lines, like MDA-MB-435 and MDA-MB-231 (Zhang et al., 2014), the mechanism of this needs more experiments to explore.
Kuscu et al. (2012) elucidated that the regulatory mechanisms which control CEMIP expression were genetic and epigenetic. In agreement with the previous study, we discovered a link between DNA hypomethylation and high expression of CEMIP. Furthermore, we also identified some predicted upstream TFs mutated or aberrantly expressed in BC. The result again suggested that CEMIP expression might be influenced by TP53 mutation with the highest mutation frequency. Except for TP53 mutation, ARNT, ATF3, ESR1, TFAP2C, and ZNF217 alterations might also affect the expression of CEMIP. Meanwhile, we found three potential up-regulated genes (TRIM28, CTBP2, and EZH2) and two down-regulated genes (EGR1 and JUN) in BC compared with the normal breast tissues which might regulate CEMIP expression, especially EZH2, EGR1, and JUN, due to the fact that the correlations between their expression levels and CEMIP expression were consistent with the directions of change. That is, the up-regulated gene EZH2 showed a positive correlation with CEMIP, and the down-regulated genes EGR1 and JUN had negative correlations with CEMIP, indicating that the abnormal expression levels of these three TFs were likely to be responsible for CEMIP over-expression in BC. Moreover, EGR1 and JUN were included in the JASPAR2022 database, where they had six and five possible binding sites in the CEMIP promoter region, respectively. Additionally, the high expression of EZH2 predicted low OS, DFS, and DMFS of BC patients, while EGR1 and JUN were opposite. JUN, a member of AP-1, is a controversial gene in cancer, which could be an oncogene or a tumor suppressor (Shaulian, 2010). It was reported to regulate CEMIP expression but as an activator of the CEMIP promoter (Shaulian, 2010). Hence, the specific circumstance needs more experiments to find out. EGR1 is a cancer suppressor and has been confirmed to be down-regulated in BC compared with normal tissues (Baron et al., 2006), but no studies revealed the regulatory relationship between it and CEMIP. EZH2 is classified as an oncogene, shows high expression in numerous cancers including breast cancer, and is discovered to contribute to global transcriptional repression, mainly targeting tumor suppressor genes (Eich et al., 2020). However, no studies revealed the regulatory relationship between it and CEMIP either. Then, given that EZH2 can inhibit the expression of tumor suppressors, we further assess the correlations among these three TFs. As expected, the EZH2 expression level was negatively correlated with EGR1 and JUN, while the expression of EGR1 was positively correlated with JUN, suggesting that EZH2/EGR1 and JUN/CEMIP might be the potential regulatory pathways in BC, especially in invasive BC, like TNBC and HER2+ BC, or EZH2, EGR1, and JUN mediate CEMIP expression directly in BC.
Cancer invasion and metastasis are basically dependent on cell migration (Hanahan and Weinberg, 2011; Evensen et al., 2013). It has been demonstrated that CEMIP can promote prostate, breast, and colon cancer cell motility (Evensen et al., 2013). In our study, we first identified differentially expressed kinases that interacted with CEMIP in BC and performed enrichment analysis on these genes, including CEMIP. We noted that DDR2, PTK2, RET, TGFBR2, PRKD2, and CEMIP were involved in positive regulation of cell migration, indicating that CEMIP might participate in cancer cell migration by interacting with these genes, of which DDR2 and TGFBR2 were down-regulated in BC and proved to inhibit cancer metastasis (Lo Sardo et al., 2021; Mehta et al., 2021), while PTK2, RET, and PRKD2 were up-regulated in BC and were shown to promote cancer development (Azoitei et al., 2014; Fan et al., 2019; Subbiah and Cote, 2020). However, no studies have revealed the relationships between them yet. Moreover, we also integrated CEMIP-related genes and found them mainly enriched in the ECM–receptor interaction, focal adhesion, the PI3K-Akt signaling pathway, and the TGF-beta signaling pathway, suggesting that CEMIP might promote cancer cell invasion and metastasis through these pathways. Some studies reported that CEMIP is involved in EMT, Wnt/β-catenin, MEK/ERK, and PI3K/Akt signal pathways to promote cancer progression, while the exact mechanism is still ambiguous.
In the present study, we first evaluated the correlations of the expression of CEMIP with the infiltration levels of immune cells and found that biomarkers of these infiltrated immune cells were significantly related to CEMIP expression as well as three well-known immune checkpoints. Through rigorous evaluation of a variety of algorithms, we observed that the infiltration of macrophages, neutrophils, resting NK cells, and CAF was positively related to CEMIP expression in most carcinomas, including BC, while activated NK cells and CD8+ T cells were opposite, and the infiltration of B cells was negatively associated with the expression level of CEMIP in BC. Moreover, we discovered that CEMIP was correlated with some biomarkers of these immune cells and immune checkpoints, especially, CD163 and VSIG4 of M2 macrophages, and ITGAM of neutrophils. It has been widely accepted that the body’s immune system plays a dual role in tumor initiation and progression, which suppress tumor growth in the early phase of oncogenesis, but promoting tumor progression once a tumor becomes invasive (Schreiber et al., 2011). The TME, consisting of the extracellular matrix (ECM), stromal cells (such as fibroblasts), and immune cells (comprising T and B lymphocytes, NK cells, and tumor-associated macrophages), provides mechanical support for the tumor (Roma-Rodrigues et al., 2019). Additionally, accumulated evidence has documented that the immune cell infiltration in TME is associated with BC patient outcomes. For instance, the high level of lymphocytic infiltration may predict a better prognosis in patients with early-stage TNBC and HER2+ BC (Savas et al., 2016; Gao et al., 2020), whereas the infiltration of CAF and M2 macrophages may contribute to cancer progression (Ishii et al., 2016; Xia et al., 2020). Combining these existing research studies and our findings, CEMIP might promote the occurrence and development of tumors via participating in the formation of TME including both ECM and the immune microenvironment (immune cells), indicating that CEMIP may be a promisingly therapeutic target for advanced BC.
Finally, we performed GSEA according to the expression of CEMIP based on KEGG pathways and HALLMARK. In the group with high expression of CEMIP, the pathways and hallmarks significantly enriched were related to antigen presentation and EMT, which again revealed the entanglement of CEMIP with the EMT pathway and tumor immune infiltration.
In conclusion, we illustrated that CEMIP was highly expressed in various kinds of carcinomas, including BC, especially advanced subtypes, and predicted less favorable prognosis (negatively associated with OS, RFS, DFS, and DMFS) in BC patients, and the higher the expression of it, the worse the outcomes BC patients have. We revealed that the mutation and high expression of CEMIP might lead it to an oncogene. We also demonstrated that TP53 mutation, DNA hypomethylation, and the expression changes of upstream TFs of CEMIP were likely to cause hyper-expression of CEMIP, and we further identified three potential upstream TFs in BC, namely, EZH2, EGR1, and JUN. Moreover, our findings suggested that CEMIP was closely related to TME and might exert its oncogenic roles by participating in the extracellular matrix formation, mainly increasing CAF, M2 macrophage, and neutrophil infiltration and decreasing CD8+ T cell infiltration. Of course, these findings need more solid confirmations of further experiments and clinical trials in the future.
DATA AVAILABILITY STATEMENT
The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.
AUTHOR CONTRIBUTIONS
XD, YY, JH, and GW conceived the study; XD, YY, and QY dealt with the data and performed the visualization; XD and YY wrote the manuscript; JH and GW revised the article. All authors contributed to the article and approved the submitted version.
FUNDING
The project was financially supported by the research fund from the Medical Sci-Tech Innovation Platform of Zhongnan Hospital, Wuhan University (PTXM2021017).
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.2021.768140/full#supplementary-material
REFERENCES
 Aleskandarany, M. A., Vandenberghe, M. E., Marchiò, C., Ellis, I. O., Sapino, A., and Rakha, E. A. (2018). Tumour Heterogeneity of Breast Cancer: From Morphology to Personalised Medicine. Pathobiology 85, 23–34. doi:10.1159/000477851
 Ashburner, M., Ball, C. A., Blake, J. A., Botstein, D., Butler, H., and Cherry, J. M. (2000). Gene Ontology: Tool for the Unification of Biology. The Gene Ontology Consortium. Nat. Genet. 25, 25–29. doi:10.1038/75556
 Azoitei, N., Diepold, K., Brunner, C., Rouhi, A., Genze, F., Becher, A., et al. (2014). HSP90 Supports Tumor Growth and Angiogenesis through PRKD2 Protein Stabilization. Cancer Res. 74, 7125–7136. doi:10.1158/0008-5472.can-14-1017
 Banach, A., Jiang, Y.-P., Roth, E., Kuscu, C., Cao, J., and Lin, R. Z. (2019). CEMIP Upregulates BiP to Promote Breast Cancer Cell Survival in Hypoxia. Oncotarget 10, 4307–4320. doi:10.18632/oncotarget.27036
 Baron, V., Adamson, E. D., Calogero, A., Ragona, G., and Mercola, D. (2006). The Transcription Factor Egr1 Is a Direct Regulator of Multiple Tumor Suppressors Including TGFβ1, PTEN, P53, and Fibronectin. Cancer Gene Ther. 13, 115–124. doi:10.1038/sj.cgt.7700896
 Campone, P. M., Gouraud, W., Guérin-Charbonnel, C., Leux, C., Ricolleau, G., and Campion, L. (2012). Bc-GenExMiner: an Easy-To-Use Online Platform for Gene Prognostic Analyses in Breast Cancer. Breast Cancer Res. Treat. 131, 765–775. doi:10.1007/s10549-011-1457-7
 Cerami, E., Gao, J., Dogrusoz, U., Gross, B. E., Sumer, S. O., Aksoy, B. A., et al. (2012). The cBio Cancer Genomics Portal: An Open Platform for Exploring Multidimensional Cancer Genomics Data: Figure 1. Cancer Discov. 2, 401–404. doi:10.1158/2159-8290.cd-12-0095
 Chandrashekar, D. S., Bashel, B., Balasubramanya, S. A. H., Creighton, C. J., Ponce-Rodriguez, I., Chakravarthi, B. V. S. K., et al. (2017). UALCAN: A Portal for Facilitating Tumor Subgroup Gene Expression and Survival Analyses. Neoplasia 19, 649–658. doi:10.1016/j.neo.2017.05.002
 Chen, Y., Li, L., and Zhang, J. (2021). Cell Migration Inducing Hyaluronidase 1 (CEMIP) Activates STAT3 Pathway to Facilitate Cell Proliferation and Migration in Breast Cancer. J. Receptors Signal Transduction 41, 145–152. doi:10.1080/10799893.2020.1800732
 Cui, X., Zhang, X., Liu, M., Zhao, C., Zhang, N., Ren, Y., et al. (2020). A Pan-Cancer Analysis of the Oncogenic Role of Staphylococcal Nuclease Domain-Containing Protein 1 (SND1) in Human Tumors. Genomics 112, 3958–3967. doi:10.1016/j.ygeno.2020.06.044
 Dai, X., Li, T., Bai, Z., Yang, Y., Liu, X., Zhan, J., et al. (2015). Breast Cancer Intrinsic Subtype Classification, Clinical Use and Future Trends. Am. J. Cancer Res. 5, 2929–2943. doi:10.1534/g3.114.014894
 Edgar, R., Domrachev, M., and Lash, A. E. (2002). Gene Expression Omnibus: NCBI Gene Expression and Hybridization Array Data Repository. Nucleic Acids Res. 30, 207–210. doi:10.1093/nar/30.1.207
 Eich, M.-L., Athar, M., Ferguson, J. E., and Varambally, S. (2020). EZH2-Targeted Therapies in Cancer: Hype or a Reality. Cancer Res. 80, 5449–5458. doi:10.1158/0008-5472.can-20-2147
 Evensen, N. A., Kuscu, C., Nguyen, H.-L., Zarrabi, K., Dufour, A., Kadam, P., et al. (2013). Unraveling the Role of KIAA1199, a Novel Endoplasmic Reticulum Protein, in Cancer Cell Migration. J. Natl. Cancer Inst. 105, 1402–1416. doi:10.1093/jnci/djt224
 Fan, Z., Duan, J., Wang, L., Xiao, S., Li, L., Yan, X., et al. (2019). PTK2 Promotes Cancer Stem Cell Traits in Hepatocellular Carcinoma by Activating Wnt/beta-Catenin Signaling. Cancer Lett. 450, 132–143. doi:10.1016/j.canlet.2019.02.040
 Fink, S. P., Myeroff, L. L., Kariv, R., Platzer, P., Xin, B., Mikkola, D., et al. (2015). Induction of KIAA1199/CEMIP Is Associated with colon Cancer Phenotype and Poor Patient Survival. Oncotarget 6, 30500–30515. doi:10.18632/oncotarget.5921
 Gao, G., Wang, Z., Qu, X., and Zhang, Z. (2020). Prognostic Value of Tumor-Infiltrating Lymphocytes in Patients with Triple-Negative Breast Cancer: a Systematic Review and Meta-Analysis. BMC Cancer 20, 179. doi:10.1186/s12885-020-6668-z
 Hanahan, D., and Weinberg, R. A. (2011). Hallmarks of Cancer: the Next Generation. Cell 144, 646–674. doi:10.1016/j.cell.2011.02.013
 Harbeck, N., Penault-Llorca, F., Cortes, J., Gnant, M., Houssami, N., Poortmans, P., et al. (2019). Breast Cancer. Nat. Rev. Dis. Primers 5, 66. doi:10.1038/s41572-019-0111-2
 Hsieh, I.-y., He, J., Wang, L., Lin, B., Liang, Z., Lu, B., et al. (2020). H3K27me3 Loss Plays a Vital Role in CEMIP Mediated Carcinogenesis and Progression of Breast Cancer with Poor Prognosis. Biomed. Pharmacother. 123, 109728. doi:10.1016/j.biopha.2019.109728
 Ishii, G., Ochiai, A., and Neri, S. (2016). Phenotypic and Functional Heterogeneity of Cancer-Associated Fibroblast within the Tumor Microenvironment. Adv. Drug Deliv. Rev. 99, 186–196. doi:10.1016/j.addr.2015.07.007
 Jami, M.-S., Hou, J., Liu, M., Varney, M. L., Hassan, H., Dong, J., et al. (2014). Functional Proteomic Analysis Reveals the Involvement of KIAA1199 in Breast Cancer Growth, Motility and Invasiveness. BMC Cancer 14, 194–2407. doi:10.1186/1471-2407-14-194
 Jézéquel, P., Gouraud, W., Ben Azzouz, F., Guérin-Charbonnel, C., Juin, P. P., and Lasla, H. (2021). Bc-GenExMiner 4.5: New Mining Module Computes Breast Cancer Differential Gene Expression Analyses. Database (Oxford) 2021. doi:10.1093/database/baab007,
 Jezequel, P., Frenel, J.-S., Campion, L., Guerin-Charbonnel, C., Gouraud, W., Ricolleau, G., et al. (20132013). Bc-GenExMiner 3.0: New Mining Module Computes Breast Cancer Gene Expression Correlation Analyses. Database 2013, bas060. doi:10.1093/database/bas060
 Kanehisa, M., Sato, Y., Furumichi, M., Morishima, K., and Tanabe, M. (2019). New Approach for Understanding Genome Variations in KEGG. Nucleic Acids Res. 47, D590–D595. doi:10.1093/nar/gky962
 Kuscu, C., Evensen, N., Kim, D., Hu, Y.-J., Zucker, S., and Cao, J. (2012). Transcriptional and Epigenetic Regulation of KIAA1199 Gene Expression in Human Breast Cancer. PLoS One 7, e44661. doi:10.1371/journal.pone.0044661
 Lachmann, A., Torre, D., Keenan, A. B., Jagodnik, K. M., Lee, H. J., Wang, L., et al. (2018). Massive Mining of Publicly Available RNA-Seq Data from Human and Mouse. Nat. Commun. 9, 1366. doi:10.1038/s41467-018-03751-6
 Lanczky, B. A., Eklund, A. C., Denkert, C., Budczies, J., Li, Q., and Szallasi, Z. (2010). An Online Survival Analysis Tool to Rapidly Assess the Effect of 22,277 Genes on Breast Cancer Prognosis Using Microarray Data of 1,809 Patients. Breast Cancer Res. Treat. 123, 725–731. doi:10.1007/s10549-009-0674-9
 Li, L., Pan, Y., Mo, X., Wei, T., Song, J., Luo, M., et al. (2020). A Novel Metastatic Promoter CEMIP and its Downstream Molecular Targets and Signaling Pathway of Cellular Migration and Invasion in SCLC Cells Based on Proteome Analysis. J. Cancer Res. Clin. Oncol. 146, 2519–2534. doi:10.1007/s00432-020-03308-5
 Li, L., Yan, L.-H., Manoj, S., Li, Y., and Lu, L. (2017). Central Role of CEMIP in Tumorigenesis and its Potential as Therapeutic Target. J. Cancer 8, 2238–2246. doi:10.7150/jca.19295
 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, W509–W514. doi:10.1093/nar/gkaa407
 Liu, J., Yan, W., Han, P., and Tian, D. (2021). The Emerging Role of KIAA1199 in Cancer Development and Therapy. Biomed. Pharmacother. 138, 111507. doi:10.1016/j.biopha.2021.111507
 Liu, S., Song, A., Wu, Y., Yao, S., Wang, M., Niu, T., et al. (2021). Analysis of Genomics and Immune Infiltration Patterns of Epithelial-Mesenchymal Transition Related to Metastatic Breast Cancer to Bone. Translational Oncol. 14, 100993. doi:10.1016/j.tranon.2020.100993
 Lo Sardo, F., Pulito, C., Sacconi, A., Korita, E., Sudol, M., Strano, S., et al. (2021). YAP/TAZ and EZH2 Synergize to Impair Tumor Suppressor Activity of TGFBR2 in Non-small Cell Lung Cancer. Cancer Lett. 500, 51–63. doi:10.1016/j.canlet.2020.11.037
 Lou, W., Wang, W., Chen, J., Wang, S., and Huang, Y. (2021). ncRNAs-Mediated High Expression of SEMA3F Correlates with Poor Prognosis and Tumor Immune Infiltration of Hepatocellular Carcinoma. Mol. Ther. - Nucleic Acids 24, 845–855. doi:10.1016/j.omtn.2021.03.014
 Mehta, V., Chander, H., and Munshi, A. (2021). Complex Roles of Discoidin Domain Receptor Tyrosine Kinases in Cancer. Clin. Transl Oncol. 23, 1497–1510. doi:10.1007/s12094-021-02552-6
 Michishita, E., Garces, G., Barrett, J., and Horikawa, I. (2006). Upregulation of the KIAA1199 Gene Is Associated with Cellular Mortality. Cancer Lett. 239, 71–77. doi:10.1016/j.canlet.2005.07.028
 Miller, L. D., Smeds, J., George, J., Vega, V. B., Vergara, L., and Ploner, A. (2005). An Expression Signature for P53 Status in Human Breast Cancer Predicts Mutation Status, Transcriptional Effects, and Patient Survival. Proc. Natl. Acad. Sci. U S A. 102, 13550–13555. doi:10.1073/pnas.0506230102
 Rodrigues, G., Hoshino, A., Kenific, C. M., Matei, I. R., Steiner, L., Freitas, D., et al. (2019). Tumour Exosomal CEMIP Protein Promotes Cancer Cell Colonization in Brain Metastasis. Nat. Cel Biol . 21, 1403–1412. doi:10.1038/s41556-019-0404-4
 Roma-Rodrigues, C., Mendes, R., Baptista, P. V., and Fernandes, A. R. (2019). Targeting Tumor Microenvironment for Cancer Therapy. Int. J. Mol. Sci. 20. doi:10.3390/ijms20040840
 Savas, P., Salgado, R., Denkert, C., Sotiriou, C., Darcy, P. K., Smyth, M. J., et al. (2016). Clinical Relevance of Host Immunity in Breast Cancer: from TILs to the Clinic. Nat. Rev. Clin. Oncol. 13, 228–241. doi:10.1038/nrclinonc.2015.215
 Schmid, P., Adams, S., Rugo, H. S., Schneeweiss, A., Barrios, C. H., Iwata, H., et al. (2018). Atezolizumab and Nab-Paclitaxel in Advanced Triple-Negative Breast Cancer. N. Engl. J. Med. 379, 2108–2121. doi:10.1056/nejmoa1809615
 Schreiber, R. D., Old, L. J., and Smyth, M. J. (2011). Cancer Immunoediting: Integrating Immunity's Roles in Cancer Suppression and Promotion. Science 331, 1565–1570. doi:10.1126/science.1203486
 Shaulian, E. (2010). AP-1 - the Jun Proteins: Oncogenes or Tumor Suppressors in Disguise?Cell Signal. 22, 894–899. doi:10.1016/j.cellsig.2009.12.008
 Shen, F., Zong, Z.-h., Liu, Y., Chen, S., Sheng, X.-j., and Zhao, Y. (2019). CEMIP Promotes Ovarian Cancer Development and Progression via the PI3K/AKT Signaling Pathway. Biomed. Pharmacother. 114, 108787. doi:10.1016/j.biopha.2019.108787
 Shostak, K., Zhang, X., Hubert, P., Göktuna, S. I., Jiang, Z., Klevernic, I., et al. (2014). NF-κB-induced KIAA1199 Promotes Survival through EGFR Signalling. Nat. Commun. 5, 5232. doi:10.1038/ncomms6232
 Smoot, M. E., Ono, K., Ruscheinski, J., Wang, P.-L., and Ideker, T. (2011). Cytoscape 2.8: New Features for Data Integration and Network Visualization. Bioinformatics 27, 431–432. doi:10.1093/bioinformatics/btq675
 Smyth, G. K. (2005). “Limma: Linear Models for Microarray Data.” in Bioinformatics and Computational Biology Solutions Using R and Bioconductor , ( Springer: New York, NY), 397–420. doi:10.1007/0-387-29362-0_23
 Subbiah, V., and Cote, G. J. (2020). Advances in Targeting RET-dependent Cancers. Cancer Discov. 10, 498–505. doi:10.1158/2159-8290.cd-19-1116
 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. 102, 15545–15550. doi:10.1073/pnas.0506580102
 Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A., et al. (2021). Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA A. Cancer J. Clin. 71, 209–249. doi:10.3322/caac.21660
 Szklarczyk, D., Gable, A. L., Lyon, D., Junge, A., Wyder, S., Huerta-Cepas, J., et al. (2019). STRING V11: Protein-Protein Association Networks with Increased Coverage, Supporting Functional Discovery in Genome-wide Experimental Datasets. Nucleic Acids Res. 47, D607–D613. doi:10.1093/nar/gky1131
 Tomczak, K., Czerwińska, P., and Wiznerowicz, M. (2015). Review the Cancer Genome Atlas (TCGA): an Immeasurable Source of Knowledge. wo 1A, 68–77. doi:10.5114/wo.2014.47136
 Turner, N. C., Slamon, D. J., Ro, J., Bondarenko, I., Im, S.-A., Masuda, N., et al. (2018). Overall Survival with Palbociclib and Fulvestrant in Advanced Breast Cancer. N. Engl. J. Med. 379, 1926–1936. doi:10.1056/nejmoa1810527
 Verigos, J., and Magklara, A. (2015). Revealing the Complexity of Breast Cancer by Next Generation Sequencing. Cancers (Basel) 7, 2183–2200. doi:10.3390/cancers7040885
 Waks, A. G., and Winer, E. P. (2019). Breast Cancer Treatment. JAMA 321, 288–300. doi:10.1001/jama.2018.19323
 Xia, Y., Rao, L., Yao, H., Wang, Z., Ning, P., and Chen, X. (2020). Engineering Macrophages for Cancer Immunotherapy and Drug Delivery. Adv. Mater. 32, e2002054. doi:10.1002/adma.202002054
 Yoshida, H., Nagaoka, A., Kusaka-Kikushima, A., Tobiishi, M., Kawabata, K., Sayo, T., et al. (2013). KIAA1199, a Deafness Gene of Unknown Function, Is a New Hyaluronan Binding Protein Involved in Hyaluronan Depolymerization. Proc. Natl. Acad. Sci. 110, 5612–5617. doi:10.1073/pnas.1215432110
 Zeng, Q., Sun, S., Li, Y., Li, X., Li, Z., and Liang, H. (2019). Identification of Therapeutic Targets and Prognostic Biomarkers Among CXC Chemokines in the Renal Cell Carcinoma Microenvironment. Front. Oncol. 9, 1555. doi:10.3389/fonc.2019.01555
 Zhai, X., Wang, W., Ma, Y., Zeng, Y., Dou, D., Fan, H., et al. (2020). Serum KIAA1199 Is an Advanced-Stage Prognostic Biomarker and Metastatic Oncogene in Cholangiocarcinoma. AGING 12, 23761–23777. doi:10.18632/aging.103964
 Zhang, Y., Jia, S., and Jiang, W. G. (2014). KIAA1199 and its Biological Role in Human Cancer and Cancer Cells (Review). Oncol. Rep. 31, 1503–1508. doi:10.3892/or.2014.3038
 Zhou, Y., Zhou, B., Pache, L., Chang, M., Khodabakhshi, A. H., Tanaseichuk, O., et al. (2019). Metascape Provides a Biologist-Oriented Resource for the Analysis of Systems-Level Datasets. Nat. Commun. 10, 1523. doi:10.1038/s41467-019-09234-6
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 © 2021 Dong, Yang, Yuan, Hou and Wu. 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 January 2022
doi: 10.3389/fgene.2021.681809


[image: image2]
Identification and Validation of DEPDC1B as an Independent Early Diagnostic and Prognostic Biomarker in Liver Hepatocellular Carcinoma
Xiaoyan Fan1, Junye Wen2, Lei Bao2, Fei Gao1, You Li3 and Dongwei He3*
1Department of Oncology, Hebei General Hospital, Shijiazhuang, China
2Department of Hepatobiliary Surgery, Hebei General Hospital, Shijiazhuang, China
3Laboratory of Pathology, Hebei Cancer Institute, The Fourth Hospital of Hebei Medical University, Shijiazhuang, China
Edited by:
Longxiang Xie, Henan University, China
Reviewed by:
Myvizhi Esai Selvan, Icahn School of Medicine at Mount Sinai, United States
Gan Luan, New Jersey Institute of Technology, United States
* Correspondence: Dongwei He, dongweihe@hebmu.edu.cn
Specialty section: This article was submitted to Cancer Genetics and Oncogenomics, a section of the journal Frontiers in Genetics
Received: 17 March 2021
Accepted: 10 December 2021
Published: 13 January 2022
Citation: Fan X, Wen J, Bao L, Gao F, Li Y and He D (2022) Identification and Validation of DEPDC1B as an Independent Early Diagnostic and Prognostic Biomarker in Liver Hepatocellular Carcinoma. Front. Genet. 12:681809. doi: 10.3389/fgene.2021.681809

Liver hepatocellular carcinoma (LIHC) is one of the most lethal tumors worldwide, and while its detailed mechanism of occurrence remains unclear, an early diagnosis of LIHC could significantly improve the 5-years survival of LIHC patients. It is therefore imperative to explore novel molecular markers for the early diagnosis and to develop efficient therapies for LIHC patients. Currently, DEPDC1B has been reported to participate in the regulation of cell mitosis, transcription, and tumorigenesis. To explore the valuable diagnostic and prognostic markers for LIHC and further elucidate the mechanisms underlying DEPDC1B-related LIHC, numerous databases, such as Oncomine, Gene Expression Profiling Interactive Analysis (GEPIA), UALCAN, Kaplan-Meier plotter, and The Cancer Genome Atlas (TCGA) were employed to determine the association between the expression of DEPDC1B and prognosis in LIHC patients. Generally, the DEPDC1B mRNA level was highly expressed in LIHC tissues, compared with that in normal tissues (p < 0.01). High DEPDC1B expression was associated with poor overall survival (OS) in LIHC patients, especially in stage II, IV, and grade I, II, III patients (all p < 0.05). The univariate and multivariate Cox regression analysis showed that DEPDC1B was an independent risk factor for OS among LIHC patients (HR = 1.3, 95% CI: 1.08–1.6, p = 0.007). In addition, the protein expression of DEPDC1B was validated using Human Protein Atlas database. Furthermore, the expression of DEPDC1B was confirmed by quantitative real-time polymerase chain reaction (qRT-PCR) assay using five pairs of matched LIHC tissues and their adjacent noncancerous tissues. The KEGG pathway analysis indicated that high expression of DEPDC1B may be associated with several signaling pathways, such as MAPK signaling, the regulation of actin cytoskeleton, p53 signaling, and the Wnt signaling pathways. Furthermore, high DEPDC1B expression may be significantly associated with various cancers. Conclusively, DEPDC1B may be an independent risk factor for OS among LIHC cancer patients and may be used as an early diagnostic marker in patients with LIHC.
Keywords: DEPDC1B, prognosis, diagnosis, biomarker, ROC curve, liver hepatocellular carcinoma
INTRODUCTION
Liver hepatocellular carcinoma (LIHC) is the most common type of lethal cancer and is the fourth leading cause of death among cancer patients worldwide (Bray et al., 2018; Villanueva, 2019). The World Health Organization estimates that more than 1 million patients will die from LIHC in 2030 (Villanueva, 2019). Several risk agents, such as chronic infection with hepatitis B virus (HBV) or hepatitis C virus (HCV), and exposure to alcohol and aflatoxins are significantly involved in the intrinsic mechanisms (Wang et al., 2002; El-Serag and Rudolph 2007). Furthermore, recent studies have established that accumulated genetic alterations, such as somatic mutations, and chromosomal aberrations may be involved in this process (Villanueva, 2019). Somatic mutations in the TERT promoter, which is a recurrent insertion site for the genome of HBV, are the most frequent genetic alterations (approximately 60% of cases) (Schulze et al., 2016). Other mutated genes could affect the cell cycle (TP53, approximately 30% of cases) and WNT signaling (CTNNB1 and AXIN1 occurring in approximately 30 and 10% of cases, respectively) (Villanueva, 2019). In addition, chromatin remodeling (ARID1A and ARID2) may also account for approximately 10 and 5% of LIHC patients, respectively (Villanueva, 2019). Though the molecular mechanisms of LIHC remain far from being fully understood, the survival rate of LIHC patients could be improved by more than 50% with early detection of hepatocellular carcinoma (Kim et al., 2016; Lu et al., 2020). Conversely, the early diagnosis of LIHC is far from satisfactory, hence the exploration of novel molecular markers for early diagnosis and therapies is of great value for LIHC patients.
DEP domain-containing protein 1B (DEPDC1B), which is located at chromosome 5 (5q12.1), was initially discovered by mRNA expression profiling in MDA-MB231 human breast cancer cells (Boudreau et al., 2007). DEPDC1B contains two conserved domains: the DEP domain and the RhoGAP domain. The DEP domain is a globular domain containing about 90 amino acids, and was named from three proteins: Drosophila disheveled, Caenorhabditis elegans EGL-10, and mammalian Pleckstrin (Wong et al., 2000; Wharton, 2003). Being more than just a membrane anchor, the DEP domain could negatively interact with charged phospholipids located in membranes to activate Wnt signaling (Sokol, 2000). In addition, the DEP domain could interact directly with the G protein-coupled receptors to regulate GPCR signaling pathways (Ballon et al., 2006; Chen and Hamm, 2006). Moreover, the RhoGAP domain is a key participator in Rho GTPase signaling (Martemyanov et al., 2003). As a protein accumulating during G2 phase, Marchesi et al. have reported that the role of DEPDC1B in coordinating de-adhesion and cell-cycle progression at mitotic entry (Marchesi et al., 2014). Furthermore, increasing evidence in recent years suggests that the overexpression of DEPDC1B is associated with tumor aggressiveness and poor prognosis in cancers, such as oral cancer (Su et al., 2014), malignant melanoma (Xu et al., 2019), glioblastoma (Chen et al., 2020), non-small cell lung (Yang et al., 2014), and pancreatic cancers (Mishra et al., 2019; Liu et al., 2020). These findings strongly suggest that DEPDC1B could potentially contribute to tumorigenesis. However, the role of DEPDC1B in LIHC remains unclear.
In the present study, public databases were used to analyze the correlation between the expression of DEPDC1B and patient diagnostic and prognosis for LIHC. In addition, the results were confirmed by quantitative real-time polymerase chain reaction (qPCR) assay, and the findings from the study suggest that DEPDC1B may have a utility as a potential biomarker for the diagnosis and prognosis in LIHC patients.
MATERIALS AND METHODS
Oncomine Database Analysis
The expression level of DEPDC1B in LIHC was determined by Oncomine database analysis (https://www.oncomine.org/resource/login.html) (Rhodes et al., 2007). The thresholds (p ≤ 0.0001, fold change: 2, and gene rank: Top 10%) were considered statistically significant.
UALCAN Database Analysis
UALCAN is a comprehensive, use-friendly, and interactive web resource for analyzing cancer OMICS data (http://ualcan.path.uab.edu/index.html). UALCAN is designed to provide easy access to publicly available cancer OMICS data (TCGA, MET500, and CPTAC databases), allowing users to identify biomarkers of interest (Chandrashekar et al., 2017). In this study, DEPDC1B expression was analyzed from the TCGA database and p < 0.01 was considered statistically significant.
TCGA Database Analysis
Gene expression data and patient data for LIHC were downloaded from the Genomic Data Commons (GDC) data portal (https://portal.gdc.cancer.gov/) using the GDC data transfer tool. Gene expression data were analyzed using R (version: 3.6.1) with related R packages. Clinical parameters, such as age, gender, survival, and tumor grade and stage were extracted from the patient data and then matched to each patient using a PERL script.
GEPIA Database Analysis
The Gene Expression Profiling Interactive Analysis (GEPIA) platform (http://gepia.cancer-pku.cn/) is a newly developed interactive web server for analyzing RNA sequencing expression data for 9,736 tumors and 8,587 normal samples from TCGA and the Genotype-Tissue Expression database projects, using a standard processing pipeline (Tang et al., 2017). The database was used to evaluate DEPDC1B expression in LIHC patients. In the survival analysis, the threshold was determined according to the following values: group cutoff: median; cutoff-high (%): 50; cutoff-low (%): 50.
Kaplan-Meier Plotter Database Analysis
Based on the Kaplan Meier plotter (http://kmplot.com/analysis/) (Nagy et al., 2018), the correlation between DEPDC1B mRNA expression and survival in LIHC was analyzed using RNA-seq data. The patients were divided into low and high expression groups according to median expression, and the cutoff value was set to “auto select”.
ROC Curve Generation
Receiver operating characteristic (ROC) curves were generated to evaluate the diagnostic value of DEPDC1B using IBM SPSS Statistics 26. And the area under the curve (AUC) was also determined and showed in the panel.
KEGG Analysis
To identify the potential mechanisms of DEPDC1B expression in LIHC, KEGG analysis was performed to detect whether a priori defined set of genes showed statistically significant differential expression between the high and low DEPDC1B expression groups using GSEA (Subramanian et al., 2005). Gene sets with a normal p-value < 0.05 and false discovery rate (FDR) < 0.05 were significantly enriched.
Immunohistochemistry Validation of DEPDC1B Expression Using Human Protein Atlas Database
To further confirm the expression level of DEPDC1B in LIHC tissues, DEPDC1B protein expression was analyzed in clinical specimens using The Human Protein Atlas (https://www.proteinatlas.org/).
RNA Extraction and qPCR Assay
qPCR was performed to determine the expression of DEPDC1B mRNA in LIHC and their adjacent tissues. Briefly, total RNA from the surgically obtained paired tissues (n = 5) was isolated using TRI Reagent RNA Isolation Reagent (Sigma-Aldrich) according to the manufacturer’s instructions. A reverse transcription system was used to obtain the first-strand template Complementary DNA (cDNA). The primer sequences were used as follows: DEPDC1B: 5′- GAG​CTA​CCA​GGC​TGT​GGA​AT-3′ (forward) and 5′- GCC​GAA​GTT​TTG​ACT​GCA​CC -3′ (reverse); GAPDH: 5′-CCATGTTCGTCATGGGTGTGAACCA-3′(forward) and 5′-GCCAGTAGAGGCAGGGATGATGTTC-3′(reverse) (Li et al., 2020; Zhang et al., 2020). The expression of GAPDH was considered as an internal control. Each reaction was performed in triplicate. The study was approved by the Institute Research Ethics Committee at the Fourth Hospital of Hebei Medical University.
Statistical Analysis
Two-tailed p values less than 0.05 were considered statistically significant. TCGA-associated expression and prognosis analyses were conducted using R software (version 3.6.1). The univariate Cox analysis was used to select potential prognostic factors, and multivariate Cox analysis was performed to verify the correlations between DEPDC1B expression and survival, along with other clinical features.
RESULTS
High DEPDC1B mRNA Expression in LIHC
Oncomine and UALCAN online databases were used to determine the expression levels of DEPDC1B mRNA in LIHC and their normal tissues. Both databases showed higher levels of DEPDC1B expression in LIHC tissues when compared with normal tissues (all p < 0.01; Figures 1A,B). For validation, we downloaded RNA-seq data for LIHC from TCGA database and analyzed the expression of DEPDC1B using R. Figure 1C indicates that when compared with that in normal tissues, the DEPDC1B expression was significantly upregulated in TCGA LIHC tissues (p = 4.042e-21; Figure 1C). Additionally, the pair-wise comparison of TCGA LIHC tissues and their adjacently matched tissues revealed a significantly higher level of DEPDC1B expression in the former (p = 2.122e-11; Figure 1D). These results suggest that the expression of DEPDC1B is highly elevated in LIHC when compared with normal tissues.
[image: Figure 1]FIGURE 1 | DEPDC1B expression in LIHC tissues using online databases. (A) Expression of DEPDC1B (normal compared with cancer tissue) were analyzed using Oncomine database. The table shows the number of significant analyses across the whole Oncomine database (715 datasets and 86.733 samples). DEPDC1B shows high/low expression ratio of 31/1 from 32 analyses. The cell color is determined by the best gene rank percentile for the analyses within the cell. The number in each cell represents the number of analyses that meet the threshold within those analysis and cancer types. The gene rank was analyzed by percentile of target gene in the top of all genes measured in each research. (B) UALCAN database. The number of patients in normal and primary tumor groups was 50 and 371, respectively. p = 1.11e-16. (C) TCGA database using R script. Normal (n = 50), Tumor (n = 374). p = 4.042e-21. (D) DEPDC1B expression in a paired comparison of LIHC and their adjacent tissues. Data were extracted from the TCGA database. n = 50. p = 2.122e-11.
Prognostic Potential of DEPDC1B in LIHC
To determine the potential prognostic significance of the expression of DEPDC1B in LIHC, UALCAN, GEPIA, Kaplan-Meier Plotter, and R script were used to evaluate the relationships between DEPDC1B expression and the survival rate of patients. Figure 2 shows that high DEPDC1B mRNA expression was significantly associated with poor overall survival (OS) in LIHC patients using UALCAN (p = 0.0045; Figure 2A), GEPIA (logrank p = 0.0039, HR = 1.7; Figure 2B), Kaplan-Meier Plotter [logrank p = 0.00033, HR = 2.14 (1.4–3.28); Figure 2C] analyses. In addition, clinical data for LIHC cases were downloaded from TCGA database, and the OS was subsequently analyzed using R (Table 1; Figure 2D). Consistent with previous findings reported above, high DEPDC1B expression was significantly and negatively associated with the survival of patients with TCGA LIHC (p = 0.005; Figure 2D). These results suggest that high DEPDC1B expression could lead to a poor prognosis in patients with LIHC.
[image: Figure 2]FIGURE 2 | Prognostic potential of DEPDC1B in LIHC. Four online tools were used to evaluate the relationships between DEPDC1B expression and patient survival. (A) OS in UALCAN database, the samples were divided into high DEPDC1B expression (n = 88) and low/medium DEPDC1B expression (n = 277) groups according to the median of DEPDC1B expression. p = 0.0045 (B) OS in GEPIA database. The samples were divided into high DEPDC1B expression (n = 181) and low DEPDC1B expression (n = 181) groups according to the median of DEPDC1B expression. p = 0.0039 (C) OS in Kaplan-Meier Plotter database. The number of patients in high and low groups was 252, 112, respectively. p = 0.00033 (D) OS in TCGA database, p = 0.005. The samples were divided into high DEPDC1B expression (n = 260) and low DEPDC1B expression (n = 110) groups according to the median of DEPDC1B expression. p = 0.005. OS: overall survival.
TABLE 1 | Clinical characteristics of the 349 LIHC patients downloaded from the TCGA database.
[image: Table 1]Association Between DEPDC1B Expression and Clinical Characteristics of LIHC Patients
Since the expression of DEPDC1B was negatively associated with the prognosis of LIHC patients, to better understand the relevance, and mechanisms of DEPDC1B in LIHC, we determined the relationship between the expression of DEPDC1B and the clinicopathological characteristics of LIHC patients using the Kaplan-Meier plotter tool. DEPDC1B expression was negatively associated with OS in female and male patients (p = 0.019, p = 4.42e-04, respectively; Table 2; Supplementary Figure S1), and patients from white and Asian races (p = 0.014, p = 8.9e-08, respectively). High DEPDC1B mRNA expression has a significant correlation with low OS in stage II, IV, and grade I, II, III patients (p = 0.018, p = 0.0067, p = 0.0021, p = 0.0043, p = 0.022, respectively). Also, similar significant results were found between the expression of DEPDC1B and Relapse Free Survival (RFS) in gender, race stage, and grade (Table 2; Supplementary Figure S1; all p < 0.05). Interestingly, in patients with risk factors (especially alcohol consumption and hepatitis virus), the expression of DEPDC1B had no significant impact on the OS of patients with LIHC (p = 0.059, p = 0.31, respectively). These results suggest that high DEPDC1B expression significantly affects the OS and RFS of LIHC patients exhibiting most clinical characteristics.
TABLE 2 | Correlation of DEPDC1B expression and clinical prognosis in LIHC with different clinical characteristics by Kaplan-Meier plotter.
[image: Table 2]High DEPDC1B Expression is an Independent Risk Factor for OS Among LIHC Patients
To investigate whether DEPDC1B is an independent risk factor for OS in LIHC patients, univariate and multivariate Cox analyses were performed using an R script. In the univariate Cox analysis, tumor stage, T classification, and DEPDC1B expression were all independent risk factors for OS (p = 1.12e-06, 5.82e-07, and 0.01, respectively; Table 3). In the multivariate Cox analysis, only the expression of DEPDC1B was found to be an independent risk factor for OS (p = 0.007, HR = 1.33, 95% CI: 1.08–1.64; Table 3; Figure 3). These findings indicate that the expression of DEPDC1B expression could be an independent risk factor for the OS of LIHC patients.
TABLE 3 | Univariate and multivariate analysis of the correlation of DEPDC1B expression with OS among LIHC patients.
[image: Table 3][image: Figure 3]FIGURE 3 | DEPDC1B is an independent risk factor for OS among LIHC patients using multivariate Cox analysis. **p = 0.007.
Diagnostic Value of DEPDC1B Expression in LIHC Patients
Figures 4A–E indicates the observance of significant differences in the expression of DEPDC1B and the clinical characteristics (Normal vs. Stages, Normal vs. age, Normal vs. grade, Normal vs. nodal metastasis, and Normal vs. TP53 mutation status, all p < 0.001) in LIHC patients. The results above indicated that the expression of DEPDC1B may be a potential diagnostic biomarker for LIHC. To further elucidate the diagnostic value of DEPDC1B in LIHC patients, ROC curves were generated using SPSS 26.0. The AUC was 0.91, which strongly suggested that the level of DEPDC1B mRNA expression might be a strong diagnostic biomarker in LIHC (Figure 4F).
[image: Figure 4]FIGURE 4 | Diagnostical potential of DEPDC1B expression in LIHC. Association between DEPDC1B expression and clinical characters: (A) cancer stage. Normal vs Stage 1, p = 1.62e-12; Normal vs. Stage 2, p = 3.44e-06; Normal vs. Stage 3, p = 2.59e-07; Stage 1 vs. Stage 3, p = 2.15e-03. (B) patient’s age. Normal vs. Age (21–40 Years), p = 9.70e-05; Normal vs. Age (41–60 Years), p = 6.92e-11; Normal vs. Age (61–80 Years), p = 6.81e-10, Normal vs. Age (81–100 Years), p = r0.046. (C) tumor grade. Normal vs Grade 1, p = 4.80e-02; Normal vs Grade 2, p = 2.85e-12; Normal vs Grade 3, p = 8.09e-12; Normal vs. Grade 4, p = 1.30e-03. Grade 2 vs. Grade 3, p = 3.30e-03. (D) LIHC nodal metastasis status. Normal vs. N0, p < 1E-12. (E) TP53 mutation status. Normal vs. TP53-Mutant, p < 1E-12; Normal vs. TP53-NonMutant, p = 1.99e-11; TP53-Mutant vs. TP53-NonMutant, p = 1.94e-03. (F) Diagnosis value of DEPDC1B using ROC analysis. AUC: area under ROC curve. Student’s t test was used to generate a p-value. *p < 0.05, **p < 0.01, ***p < 0.001.
KEGG Pathway Analysis
To further explore the possible mechanism of DEPDC1B in LIHC, the KEGG analysis was performed to clarify the DEPDC1B-associated signaling pathways. The analysis revealed that 139/178 gene sets are upregulated in the high DEPDC1B expression phenotype, and 39/178 gene sets are upregulated in the low DEPDC1B expression phenotype (Table 4). Gene sets differentially enriched in the high expression of DEPDC1B phenotype included several familiar signaling pathways, such as the MAPK signaling, the regulation of actin cytoskeleton, p53 signaling, and the Wnt signaling pathways (Table 4; Figures 5A–D). Furthermore, the high expression of DEPDC1B may be associated with various cancers (Figures 5E–L).
TABLE 4 | KEGG pathways in the high DEPDC1B expression phenotype.
[image: Table 4][image: Figure 5]FIGURE 5 | Gene sets enriched in the high DEPDC1B expression phenotype using GSEA 3.0. Panel (A–D) showing some verified signaling pathways: (A) MAPK signaling pathway (B) regulation of actin cytoskeleton (C) p53 signaling pathway (D) Wnt signaling pathway; Panel (E–L) showing some cancer-associated pathways (E) Thyroid cancer (F) small cell lung cancer (G) renal cell carcinoma (H) non-small cell lung cancer (I) pancreatic cancer (J) bladder cancer (K) colorectal cancer (L) glioma.
Validation of DEPDC1B Protein Expression Level
To evaluate the protein level of DEPDC1B, immunohistochemistry was analyzed using the Human Protein Atlas database. As indicated in Figure 6A, the DEPDC1B protein was strongly expressed in liver cancer, compared with that in other cancers using HPA072558 antibody (Atlas Antibodies Sigma-Aldrich) (Figure 6A). In addition, the pattern of DEPDC1B expression in LIHC tissues is shown in Figure 6. (strong: Figures 6B,C; medium: Figures 6D,E).
[image: Figure 6]FIGURE 6 | immunohistochemistry of DEPDC1B in various types of cancer (A) and LIHC tissues (B–E) using HPA072558 antibody. (A) Strong cytoplasmic positivity was displayed in several hepatocellular carcinomas and single cases of carcinoma and urothelial cancer. Several endometrial cancers and a few other cancer tissues showed moderate immunoreactivity. The remaining cancer tissues were weakly stained or negative. Tumor cells staining: high expression (B,C) and medium expression (D,E); (B)Patient id: 3,477, male, age 67; (C): Patient id: 5,032, female, age 58; (D) Patient id: 3,196, male, age 65; (E) Patient id: 4,823, female, age 25. DEPDC1B was mainly stained in the cytoplasmic/membranous LIHC cells using HPA072558 antibody (Atlas Antibodies Sigma-Aldrich).
High Expression of DEPDC1B mRNA in LIHC Tissues
To confirm the expression of DEPDC1B mRNA in LIHC, we performed qPCR in five pairs of matched LIHC tissues and their adjacent noncancerous tissues, and as shown in Figure 7, the expression of DEPDC1B mRNA was upregulated in LIHC cancer tissues, compared with that in the corresponding noncancerous tissues (p < 0.01).
[image: Figure 7]FIGURE 7 | DEPDC1B mRNA expression is frequently upregulated in LIHC tissues. T: LIHC tissues; N: noncancerous tissues. The results were shown with Mean ± SD. N = 5, **p < 0.01.
DISCUSSION
Recently, systemic therapies for LIHC patients are rapidly changing (Villanueva, 2019). Compared with less than 15% of the 5-years survival rate of patients detected at later stages, the early diagnosis of LIHC could result in a survival rate of more than 50%. However, since the value of current diagnostic biomarkers in LIHC is greatly limited (Sun and Zhang, 2020), it becomes paramount to identify novel biomarkers for the treatment of LIHC patients as such biomarkers may help to improve the 5-years survival rate of LIHC patients and further help to establish personalized treatments for each patient. Herein, the current study presented the value of DEPDC1B as a potential biomarker in LIHC.
In 2007, Boudreau et al. reported that DEPDC1B was highly expressed in the placenta and testis with only little expressions in the small intestine and the heart (Boudreau et al., 2007). In the current study, using Human Protein Atlas database, we further confirmed that DEPDC1B was highly expressed in the placenta and testis, with only little expressions in the heart and the small intestine (Supplementary Figure S2). Furthermore, DEPDC1B is highly expressed in the 1) gallbladder and the thymus at the RNA level and 2) gallbladder, lymph node, and tonsil at protein level (Supplementary Figure S3) indicated that DEPDC1B might play an important role in the gallbladder, albeit the detailed mechanism remains unclear.
DEPDC1B plays an important role in the regulation of cell mitosis, transcription, and tumorigenesis (Martemyanov et al., 2003; Marchesi et al., 2014). Increasing evidence suggests that DEPDC1B is associated with various types of human cancers. However, the expression pattern and roles of DEPDC1B in LIHC remain unclear. To evaluate the role of DEPDC1B in LIHC, we used various online tools to observe the expression of DEPDC1B in LIHC. As indicated in Figure 1, the expression of DEPDC1B was higher in LIHC tissues than in normal tissues, and this is consistent with the results in non-small cell lung cancer, oral cancer, malignant melanoma (Xu et al., 2019), bladder cancer (Lai et al., 2020), glioblastoma, and pancreatic cancer (Liu et al., 2020). Using qPCR assay, we confirmed the higher DEPDC1B mRNA expression levels in LIHC than that in the normal tissues (Figure 7). These corresponding results further verified the expression of DEPDC1B mRNA is upregulated in LIHC tissues. Notably, some studies demonstrated that the overexpression of DEPDC1B could be used as a prognostic biomarker to predict the outcomes of patients with prostate and non-small cell lung cancers (Yang et al., 2014; Bai et al., 2017). Consistent with these previous reports, the present study indicated that the expression of DEPDC1B was negatively associated with patient prognosis (Figure 2), suggesting that the expression of DEPDC1B may be an invaluable prognostic biomarker for this disease. In addition, the univariate and multivariate Cox analyses further indicated the expression of DEPDC1B mRNA may be a useful biomarker in the prognosis of LIHC cancer (Figure 3). As aforementioned, this study was mainly focused on early-stage/grade LIHC and comparisons with normal tissues. As indicated in Figure 4, significant differences were observed in the DEPDC1B expression between the normal and tumor stage/grade cells. These exciting results further verified that DEPDC1B may be used as a valuable diagnostic biomarker of early-stage/grade LIHC. Generally, these multifaceted results strongly suggest that DEPDC1B may be an early diagnostic and prognostic biomarker in LIHC.
DEPDC1B either directly or indirectly affects the prognosis of patients with LIHC, however, the present understanding of the oncogenic function of DEPDC1B in LIHC progression remains unclarified. Increasing studies provide possible mechanistic explanations for the relationship between high DEPDC1B expression and poor prognosis in other types of tumors. Some studies indicated that the downregulation of DEPDC1B expression could suppress cell proliferation by promoting apoptosis in malignant melanoma (Xu et al., 2019), bladder cancer (Lai et al., 2020), and glioblastoma (Chen et al., 2020). In non-small cell lung cancer, DEPDC1B could enhance cell migration and invasion through the activation of Wnt/β-catenin signaling, and this biological effect could be inhibited by the depletion of LEF1 or TCF4 (Yang et al., 2014). In oral carcinoma, however, due to disruption of HPV E2, which is a viral tumor suppressor and is known to downregulate the expression of DEPDC1B, highly expressed DEPDC1B could interact with RAC1 and result in cell invasion/metastasis (Ahuja and Singh, 2016). RAC1 which is a major component of Rho GTPase signaling, and is known to regulate actin cytoskeleton (participate in the early stage of autophagosome formation), could regulate the cell cycle, cellular growth, and mediate cell proliferation via NF-κB activation (Ehrlich et al., 2002; Bauer et al., 2007; Bosco et al., 2010; Saci et al., 2011). Furthermore, LC3 which is a famous autophagy marker could interact with SOS1 to inhibit the GEF activity and block the activation of RAC1, which could also be inhibited by exogenous expression of DEPDC1B. Thus, the RAC1 signaling pathway is mutually regulated by autophagy and DEPDC1B. A similar study further proved that DEPDC1B may affect the prognosis of patients with prostate cancer through the regulation of autophagy (Bai et al., 2017). DEPDC1B could regulate RAC1 activity by increasing GTP loading in RAC1 instead of affecting Rho A activities in normal or cancer cells (Su et al., 2014). More recently, Liu et al. reported that long noncoding RNA lncNB1 could interact with ribosomal protein RPL35 to enhance the synthesis of E2F1 protein, leading to DEPDC1B gene transcription. The GTPase-activating protein DEPDC1B then induces ERK protein phosphorylation and the stabilization of the N-Myc protein in neuroblastoma cells. Conversely, the downregulation of lncNB1 mitigates the clonogenic capacity of neuroblastoma cells in vitro and leads to tumor regression in vivo (Liu et al., 2019). The study strongly suggests an additional pathway of DEPDC1B to induce carcinoma.
CONCLUSION
In summary, based on the Oncomine and TCGA databases, we have observed that high DEPDC1B expression is associated with poor prognosis in LIHC, suggesting that DEPDC1B could be a valuable diagnostic and prognostic marker in LIHC.
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Tremendous progress has been made in development of immunotherapeutic approaches for treatment of bladder urothelial carcinoma (BLCA). However, efficacy and safety of these approaches remain unsatisfactory, necessitating further investigations for identification of indicators for predicting prognosis and efficacy. In this study, we downloaded transcriptomic and clinical data of BLCA patients from The Cancer Genome Atlas (TCGA) database, and identified differentially expressed genes (DEGs) between tumor and normal tissues. We incorporated these DEGs in an intersection analysis with immune-related genes (IRGs) obtained from the Immunology Database and Analysis Portal (ImmPort) database, and identified immune-related DEGs. These genes were subjected to Cox and least absolute shrinkage and selection operator (LASSO) regression analyses, then a prognostic model containing AHNAK, OAS1, NGF, PPY and SCG2 genes was constructed, for prediction of prognosis of BLCA and efficacy of immunotherapy. Finally, we explored the relationship between the prognostic model and tumor mutational burden (TMB), abundance of tumor-infiltrating immune cells (TICs) and immunotherapeutic targets, and found that patients with higher risk score (RS) had poorer prognosis and significantly lower levels of TMB. Patients in the low-RS group exhibited higher numbers of lymphoid cells, whereas those in the high-RS group exhibited higher proportions of myeloid cells. However, patients with high-RS tended to respond better to immunotherapy relative to those in the low-RS group. The constructed prognostic model provides a new tool for predicting prognosis of BLCA patients and efficacy of immunotherapy, offering a feasible option for management of the disease.
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INTRODUCTION
Bladder urothelial carcinoma (BLCA) is a common malignancy that negatively affects human health. Approximately 81,400 new cases of bladder cancer, with 17,980 deaths, were reported in the United States in 2020 alone (Siegel et al., 2020). To date, transurethral resection of bladder tumors (TURBT) remains the standard treatment for non-muscle invasive bladder cancer (NMIBC) (Flaig et al., 2020). However, incidence of tumor recurrence after TURBT reportedly ranges from 50 to 70%, with 30% of the patients progressing to muscle-invasive bladder cancer (MIBC) (Kamat et al., 2016). This highly malignant condition, which is characterized by a high rate of postoperative distant metastasis, negatively affects patients’ life quality (Flaig et al., 2020).
The rapid advancement in immunotherapy in recent years has generated a variety of immune checkpoint inhibitors (ICIs) which have been applied for treatment of BLCA since 2016 (Özdemir et al., 2018). In fact, clinical trials have demonstrated their safety and efficacy over second-line therapy (Bellmunt et al., 2017; Powles et al., 2018). Over the past few years, multiple types of ICIs have been approved for clinical treatment of MIBC or metastatic bladder cancer, with encouraging results reported from the clinical trials. Nevertheless, many patients have not benefited from these immunotherapies, as evidenced by low objective remission rates (ORR) of only 15–25% and complete remission rates (CRR) below 10%, as well as incidence of serious treatment-related adverse events (TRAEs) in a subset of patients (Sharma et al., 2016; Balar et al., 2017a; Balar et al., 2017b; Bellmunt et al., 2017). Therefore, there is need to identify novel indicators for predicting efficacy of immunotherapy to enhance efficacy and safety (Havel et al., 2019). Tumor mutational burden (TMB) refers to the total number of substitutions and insertions or deletions per one million bases in exons of genes in a tumor tissue (Gibney et al., 2016). Previous studies have shown that TMBs are correlated with ICIs response rates and survival times of patients with melanoma (Nathanson et al., 2017), as well as breast cancer (Barroso-Sousa et al., 2020), and non-small cell lung cancers (Rizvi et al., 2015; Ettinger et al., 2019). A phase II clinical trial, comprising 310 patients with locally advanced and metastatic BLCA, found that TMB was associated with patients prognosis and could predict treatment responses of atezolizumab (Rosenberg et al., 2016). To date, however, the relationship between TMB and immune response in bladder cancer is still unclear.
In the present study, we performed intersection analysis of differentially expressed genes (DEGs), between tumor tissues of bladder cancer alongside normal controls from The Cancer Genome Atlas (TCGA) database, and immune-related genes (IRGs) from the Immunology Database and Analysis Portal (ImmPort) database, to obtain immune-related DEGs. We performed Cox regression as well as least absolute shrinkage and selection operator (LASSO) regression analyses to screen the identified genes, then constructed a prognostic model for predicting survival times and efficacy of immunotherapy of BLCA. Finally, we explored the relationship between risk score (RS) and abundance of tumor-infiltrating immune cells (TICs), as well as the correlation between RS and immunotherapy targets. Our findings are expected to provide novel insights to guide future development of effective therapies for treatment of BLCA.
MATERIALS AND METHODS
Data Acquisition and Processing
We employed the HTSeq-counts workflow to download transcriptome data for 433 cases, including 414 tumor and 19 normal samples, from TCGA database of BLCA project (https://portal.gdc.cancer.gov/; accessed on 28 March 2021). Corresponding clinical data for the patients, including age at diagnosis, gender, tumor grade, tumor stage, survival time and survival status, were also downloaded using the bcr.xml format in TCGA database through GDC portal (https://portal.gdc.cancer.gov/; accessed on 28 March 2021).
Screening for Immune-Related DEGs
DEGs between normal and tumor BLCA tissues were identified using “edgeR” and “limma” packages implemented in R software, based on a false discovery rate (FDR) < 0.05 and |log2FC| >1. A volcano plot of the DEGs was then generated using “ggplot2”. IRGs were obtained from ImmPort database (http://www.immport.org/; accessed on 28 March 2021). An intersection analysis of DEGs and IRGs was performed to obtain immune-related DEGs, which were then visualized using the “venn” and “ggplot” packages in R.
Functional Enrichment Analysis
The “org.Hs.eg.db” package was used to acquire Entrez-IDs for each immune-related DEGs. Gene ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were then conducted using cutoff criteria of p < 0.05 and q-value < 0.05. Results were visualized by the “clusterProfiler”, “enrichplot” and “ggplot2” packages in R.
Construction of a BLCA Prognostic Prediction Model
We used perl scripts to merge clinic characteristics and immune-related DEGs, and generate a matrix showing the survival times, survival status, and levels of gene for each sample. Thereafter, we employed the createDataPartition function in the “caret” package to randomly divide all samples into two groups, namely a training (containing 2/3 of the BLCA samples) and test (containing 1/3 of the BLCA samples) set for cross-validation. Univariate Cox regression analysis was performed using the “survival” package to further obtain immune-related DEGs associated with prognosis of BLCA in the training set, at a threshold p < 0.001. We then used the “glmnet” package to perform LASSO regression, and multivariate Cox regression analyses was used to further screen the genes after LASSO regression. The resulting genes were used to construct a BLCA prognostic prediction model. Next, we divided all BLCA samples into high- and low-RS groups, based on median of RS values, then performed Kaplan-Meier survival analysis of both groups and generate time-dependent receiver operating characteristic (ROC) curves to cross-validate the predictive power of the constructed model using the training, test and the combined (containing all of the BLCA samples) sets.
Identification of Independent Risk Factors Affecting BLCA Prognosis.
The clinical characteristics of all BLCA samples were merged with RS scores to generate a matrix. Univariate Cox regression analysis was performed on clinical characteristics and RS using the “survival” package, followed by multivariate Cox regression analysis to obtain independent risk factors associated with BLCA prognosis. Correlation between clinical characteristics and RS was conducted by the package “limma” and visualized by “ggpubr”.
Analysis on TICs
We calculated relative abundance of 22 TIC subtypes in tumor samples using the CIBERSORT algorithm (Newman et al., 2015; Chen et al., 2018), then generated bar plots to present the relative proportion of TICs in each sample. The relationship between each TIC subtype and RS was visualized using the “vioplot” package.
Correlation Between TMB and RS
We downloaded “Masked Somatic Mutation” data, processed by VarScan2, from the TCGA database (https://portal.gdc.cancer.gov/; accessed on 28 March 2021), then applied the perl script to integrate RS and TMB data of BLCA samples. Tumor mutation profiles in high- and low-RS groups were visualized using the “maftools” package, while further analysis and visualization of the high- and low-TMB levels of survival analysis as well as correlation between TMB and RS were performed using “limma”, “survival”, “survminer”, and “ggpubr” packages.
Correlation Between Immunotherapy and RS
The relationship between RS with immunotherapy targets and effects was analyzed using “limma” and “ggpubr” packages in R.
RESULTS
Identification of Immune-Related DEGs
We downloaded data for 433 BLCA samples from the TCGA database, including 414 cancer and 19 normal samples, respectively. Screening for DEGs, based on |log2FC|>1 and FDR<0.05 thresholds, revealed a total of 4,669 DEGs, of which 2,726 and 1943 genes were up-regulated and down-regulated, respectively (Figure 1A) Intersection analysis between the 1793 IRGs from the ImmPort database and DEGs resulted in 350 immune-related DEGs (Figure 1B). Then, we divided the samples into the normal and the tumor type, thereby visualizing relative expression levels of these genes in BLCA patients from TCGA database with heat maps (Figure 1C). GO analysis showed that the immune-related DEGs were mainly enriched in the following pathways: chemokine-related pathway (cellular response to chemokine and chemokine-mediated signaling pathway), biofilm lumen metabolic pathway (external side of plasma membrane and cytoplasmic vesicle lumen) and cytokine ligand receptor activity pathway (growth factor activity and signaling receptor activator activity) (Figure 2A). On the other hand, KEGG pathway enrichment analysis demonstrated that these genes were mainly enriched in cytokine-cytokine receptor interaction and NK cell-mediated cytotoxicity (Figure 2B). Thus, the 350 shared genes obtained by the intersection analysis were uniformly enriched in immune-related activities.
[image: Figure 1]FIGURE 1 | Screening for immune-related differentially expressed genes (DEGs) in bladder urothelial carcinoma (BLCA). (A) Volcano plot showing DEGs between tumor and normal tissue based on The Cancer Genome Atlas (TCGA) database of BLCA samples. (B) Venn plot showing the intersection analysis of DEGs with immune-related genes (IRGs) from the Immunology Database and Analysis Portal (ImmPort) database. (C) Heat map of immune-related DEGs.
[image: Figure 2]FIGURE 2 | Functional enrichment analyses for immune-related differentially expressed genes (DEGs). (A) Gene Ontology (GO) enrichment analysis for immune-related DEGs. (B) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis for immune-related DEGs.
Construction of a BLCA Prognostic Model
Next, we randomly divided all samples into two groups (ratio of 2:1) for cross-validation, naming training and test sets. As shown in Table 1, no significant differences were observed in the varying clinical characteristics between the training and test sets after random grouping, indicating that they can be used as independent datasets. Univariate Cox regression analysis of 350 immune-related DEGs in the training set revealed 13 genes that were significantly associated with patients’ prognosis (p < 0.001) (Table 2). Further screening of the genes using LASSO regression (Figures 3A,B) and multivariate Cox regression (Table 2) analyses revealed 5 immune-related DEGs, which we subsequently used to construct a BLCA prognostic model. We divided the samples into high- and low-RS groups, with values below the median classified into the low-RS group and vice versa. Heat maps for BLCA samples in the training, test and combined sets revealed that OAS1 was downregulated while the other 4 genes were upregulated in the high-RS group (Figures 4A–C), suggesting that individual genes in the prognostic model may play diametrically opposed roles in BLCA. Profiles of RS distribution (Figures 4D–F) and RS-related patient survival status (Figures 4G–I) revealed that an increase in RS significantly increased mortality risk of patients.
TABLE 1 | Comparison of clinical characteristics between the training and test sets.
[image: Table 1]TABLE 2 | Cox regression analysis for screening of immune-related differentially expressed genes (DEGs) affecting the prognosis of bladder urothelial carcinoma (BLCA).
[image: Table 2][image: Figure 3]FIGURE 3 | LASSO regression analysis for the screening of immune-related differentially expressed genes (DEGs). (A, B) least absolute shrinkage and selection operator (LASSO) regression complexity was controlled by lambda via the R package “glmnet”.
[image: Figure 4]FIGURE 4 | Construction and cross-validation of bladder urothelial carcinoma (BLCA) prognostic model. (A–C) The heat map showing the expression levels of the key immune-related differentially expressed genes (DEGs) in the prognostic model for each sample in the training set, test set and combined set, respectively. (D–F) Distribution of risk scores (RSs) for each sample in three different datasets. (G–I) Distribution of survival states for each sample in three different datasets.
Cross-Validation of the Prognostic Model
Survival analysis of the training set, used to validate the constructed model, revealed that patients in the low-RS group had longer overall survival (OS) time than those in the high-RS group (p < 0.01, Figure 5A). Survival analysis for the test and combined sets revealed poor prognosis in the high-RS than the low-RS group (p < 0.01) (Figures 5B,C). Meanwhile, ROC curves revealed that the prognostic model could efficiently predict clinical outcomes, as evidenced by area under the curve (AUC) values of 0.714, 0.733 and 0.731 for 1-, 3- and 5-years survival, respectively (Figure 5D). Similar results were obtained in the ROC curves analyses for the test and combined sets (Figures 5E,F). Overall, these results indicated that the constructed prognostic model was highly stable and reliable in predicting prognosis of BLCA patients, and guarantees good sensitivity and specificity.
[image: Figure 5]FIGURE 5 | Survival analysis of bladder urothelial carcinoma (BLCA) in different datasets and receiver operating characteristic (ROC) curve analysis for prognostic model. (A–C) Survival analysis of BLCA patients with high- and low-risk scores (RSs) in the training set, test set and combined set, respectively. (D–F) ROC curve analysis for the prognostic model at 1-, 3- and 5-years in the training set, test set and combined set, respectively.
RS was an Independent Risk Factor for Patient Prognosis
To identify the independent risk factors for BCLA development in patients, we used a univariate Cox regression to analyze the relationship between patients’ clinical characteristics and RS in combination with survival time. Results indicated that age, clinical stage and RS were risk factors associated with prognosis of BLCA patients in combined dataset (Table 3). On the other hand, multivariate Cox regression analysis showed that age, clinical stage and RS were independent risk factors associated with prognosis of BLCA (Table 3). Notably, the Cox regression analysis results of the training set and the test set invariably present the similar results, indicating that RS were independent risk factors in these two datasets (Supplementary Tables S1, S2). Thereafter, we correlated RS with clinical characteristics, including age, gender, tumor grade and clinic stage, and found that RS was closely associated with various clinical characteristics (p < 0.05) (Figures 6A–G). Meanwhile, tumor grade and tumor stage were positively correlated with RS. These results indicated that RS was related to progression and metastasis of BLCA, implying its potential in predicting prognosis.
TABLE 3 | Cox regression analysis of clinical characteristics and risk score (RS) affecting patients’ prognosis in combined set.
[image: Table 3][image: Figure 6]FIGURE 6 | Correlation analysis between clinical characteristics and risk scores (RSs). (A–G) The relationship between RS and gender, tumor stage, tumor grade, T classification, and M classification of bladder urothelial carcinoma (BLCA) patients.
TMB Profile
Next, we analyzed somatic mutation profiles of 405 BLCA patients downloaded from the TCGA database, after dividing them into high- and low-TMB groups based on median TMB value, and combining them with patients’ survival time (Figure 7A). Results showed that patients in high-TMB group had significantly longer survival times than those in the low-TMB group, suggesting that TMB was associated with prognosis of BLCA. Similarly, patients in the low-RS group had significantly higher TMB levels than those in the high-RS group (p < 0.01) (Figure 7B), indicating that the prognostic model of BLCA was correlated with TMB. Waterfall plots were used to display detailed mutation information in each sample, with various color annotations used to distinguish between different mutation types (Figures 7C,D).
[image: Figure 7]FIGURE 7 | Correlation analysis of tumor mutational load (TMB) and risk scores (RSs). (A) Survival analysis for patients with high- and low-TMB. (B) Difference of TMB level between high- and low-RS groups. (C) Waterfall plot of the top 20 TMB-related genes in the high-RS group. (D) Waterfall plot of the top 20 TMB-related genes in the low-RS group.
TICs and Immunotherapy Analysis
We adopted the CIBERSORT algorithm to further analyze relative abundance of various TIC subtypes in tumor samples and revealed that the relationship between prognostic models and TICs. A total of 22 TIC types in tumor samples were compared using the Wilcoxon rank sum test, revealing differences in proportions between the high- and low-RS groups, and the results visualized using violin plot (Figure 8A). Summarily, patients in the low-RS group exhibited significantly higher relative abundance of plasma cells, CD8 T cells, follicular helper T cells, regulatory T cells and activated dendritic cells, while their resting memory CD4 T, macrophages M0 and neutrophils were lower in the high-RS group. We then divided the samples into high- and low-groups, based on the median levels of each TIC, and combined them with survival times. Results indicated that lower proportions of resting mast cells and neutrophils in tumor samples were correlated with longer survival times of patients (p < 0.05) (Figures 8B,C). Expression analysis of immunotherapy targets in the high- and low-RS groups revealed upregulation of programmed cell death ligand 1 (PD-L1), programmed death 1 (PD-1), and cytotoxic T lymphocyte-associated protein 4 (CTLA4) in the high-RS group relative to the low-RS group (Figures 9A–C), indicating that patients in high-RS group were more likely to benefit from immunotherapy.
[image: Figure 8]FIGURE 8 | Tumor-infiltrating immune cell (TICs) profile of bladder urothelial carcinoma (BLCA). (A) Violin plot showing the difference in the proportion of 22 TIC subtypes in BLCA for the high- and low-risk score (RS) groups. (B,C) Two TICs influencing patients’ survival outcome.
[image: Figure 9]FIGURE 9 | Comparison of the expression levels of immunotherapeutic targets of high- and low-risk score (RS) groups. (A) Comparison of programmed cell death ligand 1 (PD-L1) expression levels between high- and low-RS groups. (B) Comparison of programmed death 1 (PD-1) expression levels between high- and low-RS groups. (C) Comparison of cytotoxic T lymphocyte-associated protein 4 (CTLA4) expression levels between high- and low-RS groups.
DISCUSSION
BLCA, the ninth most common cancer in the world that poses a major challenge to global public health (Cumberbatch et al., 2018), is characterized by high aggressiveness and a high recurrence rate. Traditional pathological cystoscopy and urine cytology have been used as for clinical diagnosis of BLCA (Tran et al., 2021). To date, cisplatin-based chemotherapy remains the first-line treatment therapy for locally advanced or metastatic BLCA (von der Maase et al., 2005). However, the strategy is not effective since it requires patients to have renal function reserve and good physical condition, and has also been associated with various adverse effects (Chen et al., 2021b). In recent years, immunotherapy has rapidly developed, giving rise to a variety of ICIs that have consequently been used for treatment of advanced BLCA (Chism, 2017; Siefker-Radtke and Curti, 2018). Although previous clinical studies have demonstrated the strategy’s safety and efficacy, nothing is known regarding indicators for assessment of ICI efficacy. Despite researchers identifying various markers associated with immunotherapy response, such as TMB, TICs, and immune gene signatures, limitations and discrepancies among studies have constrained their application (Gibney et al., 2016; Chan et al., 2019; Samstein et al., 2019).
In the present study, we screened BLCA samples and identified immune-related DEGs, and used them to construct a novel prognostic model. We systematically investigated the relationship between our prognostic model with TMB, TICs and immunotherapeutic targets, and validated its reliability in a test set. The model integrated five immune-related DEGs, namely AHNAK, OAS1, NGF, PPY and SCG2, of which AHNAK, OAS1 and NGF were cell cycle-related. Specifically, AHNAK enhances transcriptional activity of receptor-regulated Smads (R-Smads), causing cell cycle arrest, and participates in cell growth regulation by potentiating transforming growth factor β (TGFβ) signaling (Lee et al., 2014). Moreover, it functions as a tumor suppressor and has also been shown to play an adjuvant role during diagnosis of BLCA (Lee et al., 2018). The 2′-5′ oligoadenylate synthetases (OAS) are interferon-inducible enzymes that recognize viral double-stranded RNA (Kristiansen et al., 2011). Previous studies have shown that OAS1 could suppress accumulation of excess Poly (ADP-ribose) (PAR) in response to DNA damage, thereby inhibiting programmed cell death due to energy depletion and/or activation of PAR (Kondratova et al., 2020). Moreover, Qu and colleagues once proposed a IRG-based prognostic index containing AHNAK and OAS1 that could assess immune status and prognosis with BLCA (Qu et al., 2021). Besides, NGF is a member of the neurotrophic factor family that protects peripheral nerve cells (Rocco et al., 2018). Previous studies have shown that NGF ameliorates the inhibitory effect of the neurotrophin (NTR) receptor on cell-cycle protein expression in cancer cells of BLCA (Khwaja and Djakiew, 2003). However, the roles played by PPY and SCG2 in BLCA remain unclear, necessitating further studies. In the present study, we analyzed the relationship between clinical characteristics of BLCA and RS, and found that patients in low-RS group had better survival outcomes than those in the high-RS group. Notably, older and male patients exhibited significantly higher levels of RS than younger and female ones, in keeping with the findings of Shariat et al. who demonstrated that BLCA was a highly prevalent in the middle-aged and elderly population, with a median age of diagnosis around 70 (Shariat et al., 2010).
Since TICs have been shown to play a crucial role in cancer development and metastasis (Chen et al., 2021a), we further investigated the relationship between TICs and RS. Our results indicated that patients in the low-RS group predominantly exhibited higher numbers of lymphoid cells, whereas those in the high-RS group had higher proportions of myeloid cells. Previous studies have shown that high neutrophil/lymphocyte ratio (NLR) are associated with poor prognosis of several malignancies (Templeton et al., 2014). Survival analysis revealed a significant correlation between lower levels of neutrophils and resting mast cell infiltration with better survival outcomes. Notably, neutrophils play a double-edged role in bladder cancer, stimulating anti-tumor immune responses by releasing IFN-γ (Xiang et al., 2020) or inducing inflammation and production of growth factors and neutrophil elastase to favor tumor growth (Galdiero et al., 2018). Application of ICIs in recent years has generated encouraging efficacy in management of various solid tumors, including bladder cancer (Nadal and Bellmunt, 2019). However, this therapy has been found to have clinical benefits in less than half of patients with advanced BLCA (Crispen and Kusmartsev, 2020). In the present study, we explored the relationship between RS and immunotherapeutic targets, and found significant upregulation of PD-L1, PD1 and CTLA4 in patients in the high-RS relative to those in the low-RS group. These results suggested that better outcomes may be achieved with ICIs in patients with high-RS.
CONCLUSION
In summary, we constructed and validated a reliable model for predicting prognosis of BLCA patients, based on transcriptomic and clinical data obtained from public databases. In addition, we elaborated the correlation between the prognostic model and TMB and TICs using correlation analysis. The constructed model provides a new assessment tool for predicting prognosis of BLCA patients and efficacy of immunotherapy, therefor offering an alternative for management of the disease.
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Deoxynucleotidyltransferase terminal-interacting protein 1 (DNTTIP1) is involved in the deacetylation of p53 in regulating cell cycle and is associated with cancers at the molecular level. In this study, we evaluated the prognostic value in hepatocellular carcinoma (HCC) based on data from The Cancer Genome Atlas (TCGA) database. Kruskal–Wallis test, Wilcoxon signed-rank test, and logistic regression were used to evaluate the relationship between DNTTIP1 expression and clinicopathological features. Cox regression and the Kaplan–Meier method were adopted to evaluate prognosis-related factors. Gene set enrichment analysis (GSEA) was performed to identify the key pathways related to DNTTIP1. The correlations between DNTTIP1 and cancer immune infiltrates were investigated by single-sample Gene Set Enrichment Analysis (ssGSEA). DNTTIP1 was found to be upregulated with amplification in tumor tissues in multiple HCC cohorts. High DNTTIP1 expression was associated with poorer overall survival (OS) and disease-free survival (DFS). GSEA suggested that DNTTIP1 regulates the cell cycle mitotic, G1/S, and G2/M phases and Fc fragment of IgE receptor I (FCERI)–mediated NF-κB and MAPK pathway and Fc fragment of IgG receptor (FCGR) activation pathways. Notably, ssGSEA indicated that DNTTIP1 expression was positively correlated with infiltrating levels of Th2 cells, Tfh, NK CD56 bright cells, aDCs, T helper cells, Th1 cells, and macrophages. These findings suggest that DNTTIP1 is correlated with prognosis and immune infiltration in HCC, which lays a foundation for further study of the immune-regulatory role of DNTTIP1 in HCC.
Keywords: DNTTIP1, HCC, tumor infiltration, prognosis, immune infiltrating
INTRODUCTION
Hepatocellular carcinoma (HCC) is a serious medical problem that ranks sixth among the most common malignancies and is a third leading cause of cancer-related death (Forner et al., 2018). It has been reported that 80% of HCC cases occur in eastern Asia and sub-Saharan Africa where exposure to chronic hepatitis B (CHB) and aflatoxin B1 (AFB1) is the main risk factor (Forner et al., 2018). Over the past 10 years, treatment of HCC has considerably evolved. Today, HCC patients diagnosed at any stage of the disease can benefit from effective treatment that substantially improves their survival. However, several areas still need to be urgently improved. Deep sequencing in HCC has shown that the aggregation of driver and passenger gene alternations in the somatic genome and epigenetic modifications result in HCC (Schulze et al., 2016), which explains its huge molecular heterogeneity. Several candidate biomarkers are being studied in HCC; however, significant challenges exist largely stemming from HCC molecular heterogeneity (Sia et al., 2017; Sia and Llovet, 2017). There has been little progress made on the development of clinically useful biomarkers for early detection of HCC over the last 2 decades (Sengupta and Parikh, 2017). Furthermore, the molecular mechanisms underlying tumorigenesis and progression of HCC remain poorly understood (Zhao et al., 2019). Consequently, there is a critical gap in the current treatment and understanding of HCC due to absence of specific markers for tumor type or disease stage. Hence, the investigation of effective prognostic biomarkers is a pivotal area among several considerations within the research of HCC.
Deoxynucleotidyltransferase terminal-interacting protein 1 (DNTTIP1), that was first reported in 2001, is highly homologous to the transcription factor p65 (Yamashita et al., 2001). DNTTIP1 can enhance DNA polymerase activity (Motea and Berdis, 2010) and form a complex with histone deacetylase (HDAC) (Bantscheff et al., 2011); hence, it has a close relationship with cancer progression. For example, a recent study reported that DNTTIP1 expression could be a specific biomarker present in acute myelocytic leukemia (AML) (Zhuang et al., 2020). Previous research proved that DNTTIP1–HDAC interaction could deacetylate p53 and promote tumor growth in oral squamous cell carcinomas (OSCCs) (Sawai et al., 2018). Former studies have also shown the overexpression of individual HDACs and p53 in HCC (subtypes) and their impact on HCC progression (Ler et al., 2015; Liao et al., 2017; Freese et al., 2019). Based on previous studies, DNTTIP1 might be a promising biomarker of HCC. However, the relationship between DNTTIP1 and HCC has not yet been revealed.
MATERIALS AND METHODS
Data Acquisition and Preprocessing
The RNA-seq data of 371 HCC and 50 normal tissues and patient clinical information were downloaded from the Liver Hepatocellular Carcinoma (LIHC) Project of The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/) (Blum et al., 2018) until 12 July 2020. Then, RNA-seq data in FPKM format were transferred to TPM (transcripts per million reads) format, retained, and further analyzed.
Differentially Expressed Gene Analysis
We used the unpaired Student’s t-test within the DESeq2 R package (3.6.3) (Love et al., 2014) to compare the expression data (HTseq-Counts) between high- and low-expression groups according to the median DNTTIP1 expression level. The thresholds for the DEGs were |log2-fold change (FC)| >2.0 and adjusted p < 0.05.
Enrichment Analysis
Metascape (3.0) (http://metascape.org), a user-friendly, well-maintained, free, gene list online analysis tool for gene analysis and annotation (Zhou et al., 2019), was adopted to perform Gene Ontology (GO) analysis. ClusterProfiler package in R (3.6.3) (Yu et al., 2012) was used to perform Gene Set Enrichment Analysis (GSEA) and detect the correlation between DNTTIP1 and the pathway. As a computational method, GSEA determines whether a priori defined set of genes have statistical significance and concordant differences in two biological states. The samples were divided into high- and low-expression groups according to the median expression level of DNTTIP1. DEseq was used to compare the different expressions between different groups. Gene set permutations were performed with 1,000 times random combinations for each analysis. In the whole process, the expression level of DNTTIP1 was regarded as a phenotype. Additionally, the adjusted P and normalized enrichment score (NES) were utilized to sort the enriched pathways in each phenotype (Subramanian et al., 2005). c2.cp.v7.0.symbols.gmt [Curated] in MSigDB collections was selected as a reference gene set. Gene sets with a false discovery rate (FDR) < 0.25 and adjusted p < 0.05 were considered significantly enriched.
Immune Infiltration Analysis by Single-Sample Gene Set Enrichment Analysis
SSGSEA classifies marker gene sets in a single sample with common biologic functions, chromosomal localization, and physiological regulation. In this study, the ssGSEA method was realized by the GSVA package (Hänzelmann et al., 2013) in R to analyze the immune infiltration for 24 types of immune cells and correlation between DNTTIP1 and every immunocyte in HCC samples according to the published literature (Bindea et al., 2013). The relative enrichment score of signature genes was quantified from the gene expression profile for each tumor sample. Spearman’s correlation was adopted to analyze the correlation between DNTTIP1 and 24 types of immune cells, and the Wilcoxon rank-sum test was adopted to analyze the infiltration of immune cells between the high-expression groups of DNTTIP1.
Protein–Protein Interaction Network
The Search Tool for the Retrieval of Interacting Genes (STRING) database (http://string-db.org) (Szklarczyk et al., 2019) was applied to predict the PPI network. The combined score threshold of interaction was 0.4. Furthermore, we extracted the hub genes in this PPI network by using MCODE to identify crucial subnetworks and visualize the PPI network by using Cytoscape (version 3.7.2).
Statistical Analysis
The statistical data acquired from TCGA were merged and processed by R 3.6.3. The Wilcoxon rank-sum test and Wilcoxon signed-rank test were used for comparing the expression levels of DNTTIP1 between HCC and the control group. Kruskal–Wallis test, Wilcoxon rank-sum test, Wilcoxon signed-rank test, and Spearman’s correlation were used to analyze the relation between DNTTIP1 expression and grade of clinicopathological factors. Normal and adjusted Pearson’s κ2 test, Fisher’s exact test, and univariate logistic regression were used to analyze whether the grade of clinicopathological factors affects DNTTIP1 expression. Spearman’s correlation and the Wilcoxon rank-sum test were adopted to analyze the infiltration of immunocytes between the high- and low-expression groups of DNTTIP1. Comparison of multiple groups was performed using a nonparametric Kruskal–Wallis test followed by a post hoc Dunn’s test with Bonferroni correction for pairwise comparisons. Univariate Cox regression analysis and multivariate Cox regression analysis were used to evaluate the influence of DNTTIP1 expression and other clinicopathological factors (age and gender) on survival. The significant variables in the univariate analysis (p < 0.1) were included into the multivariate analysis (Boeck et al., 2013; Fischer-Rasokat et al., 2021). The Kaplan–Meier curve was drawn to evaluate the prognostic value of DNTTIP1. Hazard risk (HR) of individual factors was estimated by measuring the HR with a 95% confidence interval (CI).
Receiver operating characteristic (ROC) analysis was performed by the pROC package (Robin et al., 2011). The calculated area under the curve (AUC) value ranges, which were from 0.5 to 1.0, indicated the discrimination ability of 50%–100%. We constructed a nomogram by the rms R package based on the results of the multivariate analysis. The predicted survival probability for 1, 3, and 5 years is visualized in the nomogram, which includes a calibration plot as well as significant clinical characteristics. All statistical tests were considered significant when two-tailed p ≤ 0.05.
RESULTS
Clinical Characteristics
The clinical data of 371 HCC patients included patient age, gender, T stage, N stage, M stage, pathologic stage, histologic grade, fibrosis Ishak score, vascular invasion, tumor status, TP53 status (%), age, alpha-fetoprotein (AFP) (ng/ml), and prothrombin time (Table 1). A total of 250 males and 121 females with a mean age of 61 years were analyzed in the present study, including 184 white patients and 175 non-white patients. The chi squared test showed that DNTTIP1 was significantly correlated with fibrosis Ishak score (p = 0.023), vacuum invasion (p = 0.035), and TP53 status (p < 0.001). Fisher’s exact test showed that DNTTIP1 was significantly correlated with histologic grade (p < 0.001). Wilcoxon rank sum test showed that DNTTIP1 was significantly correlated with weight (p = 0.047), AFP (ng/ml) (p < 0.001), and prothrombin time (p = 0.022). DNTTIP1 expression was not significantly correlated with other clinicopathological features.
TABLE 1 | Demographic and clinicopathological parameters of patients with hepatocellular carcinoma in TCGA–LIHC.
[image: Table 1]Identification of Differentially Expressed Genes in Hepatocellular Carcinoma
Based on the cutoff criteria (|logFC| <1.5 and adjusted p < 0.05), we identified a total of 966 DEGs (778 upregulated and 188 downregulated) after using the DESeq2 package in R (Love et al., 2014) to analyze the HTSeq-count data from TCGA. DEG expressions were illustrated by a heat map and volcano plot (Figures 1A,B). DEGs included 812 differentially expressed RNAs (651 upregulated and 161 downregulated), which contained 560 mRNAs (462 upregulated and 98 downregulated) and 252 lncRNAs (189 upregulated and 63 downregulated) (Supplementary Figures S1A,B).
[image: Figure 1]FIGURE 1 | Results of differentially expressed gene (DEG) analysis. (A) Heat map of the 10 differentially expressed genes. (B) Volcano plot of differentially expressed RNAs.
Functional Enrichment Analysis of Differentially Expressed Genes
We used Metascape to perform GO enrichment analyses of the functions of DNTTIP1-associated DEGs in HCC. The GO results displayed that DNTTIP1-associated DEGs had significant regulation on immunoglobulin complex, neuron fate commitment, epithelial cell differentiation, neuron fate commitment, antimicrobial humoral response, regionalization, channel activity, DNA-binding transcription activator activity, RNA polymerase II-specific, galactosylceramide biosynthetic process, and regulation of neural retina development. Moreover, galactosylceramide biosynthetic process, skeletal system development, receptor regulator activity, inner ear morphogenesis, anchored component of membrane, dense core granule, an integral component of postsynaptic membrane, anion transmembrane transport, water homeostasis, trigeminal nerve development, apical part of the cell, and morphogenesis of a branching structure were also involved in regulating DNTTIP1-interacting genes (Figure 2A). A network of DNTTIP1 and its potential coexpression genes in DNTTIP1-related DEGs are shown in Figure 2B. DNTTIP1-related signaling pathways identified by GSEA are shown in Figures 2C–H.
[image: Figure 2]FIGURE 2 | Enrichment analysis of DNTTIP1 in HCC. (A) Top 20 biological process enrichment related to DNTTIP1-related genes with enrichment heatmap. (B) Network of DNTTIP1 and its potential coexpression genes in DNTTIP1-related DEGs. (C–H) Results of enrichment analysis from GSEA.
As many pathways contribute to tumor formation, high DNTTIP1 expression associated with poor survival may be related to active signaling pathways in HCC. We performed GSEA of differences between low- and high–DNTTIP1 expression data sets to identify the key signaling pathways associated with DNTTIP1. A total of 476 pathways showed significant differences (FDR<0.05, adjusted p < 0.05) in the enrichment of the MSigDB collection (c2.cp.v7.0.symbols). The most significantly enriched signaling pathways based on their NES are shown in Table S1. In particular, DNTTIP1 was related to the cell cycle mitotic, G1/S, and G2/M phases in the cell cycle and Fc fragment of IgE receptor I (FCERI)–mediated NF-κB and MAPK pathway and Fc fragment of IgG receptor (FCGR) activation (Figures 2C–H).
The Correlation Between DNTTIP1 Expression and Immune Infiltration
We employed Spearman’s correlation to show the association between the expression level (TPM) of DNTTIP1 and immune cell infiltration level quantified by ssGSEA in the HCC tumor microenvironment. Th2 cells were significantly positively correlated with DNTTIP1 expression (Spearman R = 0.394, p < 0.001) (Figure 3A). Other immune cell subsets, including Tfh, NK CD56 bright cells, aDCs, T helper cells, Th1 cells, and macrophages, were also correlated with DNTTIP1 expression (Figure 3B). The Th2 cell infiltration level in the DNTTIP1 high-expression group was significantly different from that of the low-expression group (p < 0.001) (Figure 3C).
[image: Figure 3]FIGURE 3 | Results of analysis between DNTTIP1 expression and immune infiltration. (A) Th2 cells were significantly positively correlated with DNTTIP1 expression. (B) Correlation between the relative abundances of 24 immune cells and DNTTIP1 expression level. The color of dots shows the absolute value of Spearman R. (C) Th2 cell infiltration level in different DNTTIP1 expression groups.
Associations Between DNTTIP1 Expression and Clinico-Pathologic Variables
The Kruskal–Wallis rank-sum test revealed that the expression of DNTTIP1 was significantly correlated with the T stage of HCC (p = 0.049). Pathologic stage (p = 0.015), histologic grade (p < 0.001), fibrosis Ishak score (p = 0.008) (Figures 4A–D), and Wilcoxon rank-sum test revealed that expression of DNTTIP1 was significantly correlated with AFP(p < 0.001), vascular invasion (p = 0.037), TP53 status (p < 0.001), and prothrombin time (p < 0.001) (Figures 4E–H). Bonferroni correction was applied to the p value of Dunn’s test to correct for multiple comparisons within the T stage of HCC. Pathologic stage, histologic grade, and fibrosis Ishak score are shown in Supplementary Figures S2A–D. Logistic regression analysis showed that DNTTIP1 was significantly correlated with T stage (p = 0.038), histologic grade (p < 0.001), fibrosis Ishak score (p = 0.007), vascular invasion (p = 0.026), and TP53 status (p < 0.001) (Table 2).
[image: Figure 4]FIGURE 4 | Association between the DNTTIP1 expression and different clinicopathological characteristics. (A) Association between the DNTTIP1 expression and T stage of HCC, (B) pathologic stage, (C) histologic grade, (D) fibrosis Ishak score, (E) AFP, (F) vascular invasion, (G) TP53 status, and (H) prothrombin time.
TABLE 2 | DNTTIP1 expression associated with clinicopathological characteristics (logistic regression).
[image: Table 2]DNTTIP1 is highly expressed in LIHC samples when compared with normal tissues (Figures 5A,B). The area under the curve (AUC) of DNTTIP1 was 0.905, which indicated that DNTTIP1 might be a potential diagnostic molecule (Figure 5C). In many other cancer types such as adrenocortical carcinoma (ACC), breast invasive carcinoma (BRCA), cervical squamous cell carcinoma, and endocervical adenocarcinoma (CESC), DNTTIP1 was also significantly overexpressed when compared with normal tissues (Figure 5D).
[image: Figure 5]FIGURE 5 | Prognostic value of DNTTIP1 in LIHC and other cancer types. (A,B) DNTTIP1 is highly expressed in LIHC samples when compared with normal tissues. (C) ROC curve indicates that DNTTIP1 is a potential diagnostic marker. (D) DNTTIP1 is significantly overexpressed in other cancer types when compared with normal tissues. Data were processed TPM format RNA-seq data originated from TCGA and GTEx downloaded from UCSC XENA (https://xenabrowser.net/datapages/).
In the Cox regression model, variables with p < 0.1 in univariate Cox regression were included in multivariate Cox regression. The variables that met this threshold were T stage (p < 0.001), M stage (p = 0.018), pathologic stage (p < 0.001), tumor status (p < 0.001), and DNTTIP1 (p < 0.001) (Table 3). Furthermore, multivariate Cox regression showed that tumor status (p = 0.001) and DNTTIP1 (p = 0.027) were independent prognostic factors for overall survival (p < 0.05).
TABLE 3 | Univariate and multivariate analyses of clinicopathological parameters in patients with hepatocellular carcinoma in TCGA–LIHC.
[image: Table 3]The Kaplan–Meier survival curve drawn by the survminer package in R was used to evaluate the prognostic value of DNTTIP1 in overall survival of HCC (Figure 6A). Gene expression values were divided into high- and low-expression groups according to the median value. High expression of DNTTIP1 was associated with poor overall survival (HR = 1.94 (1.36–2.76), p < 0.001). The lower part of these figures is shown in the risk table which records the number of people still under follow-up at each time point. The prognosis data are derived from an article published in Cell (Liu et al., 2018).
[image: Figure 6]FIGURE 6 | Prognostic value of DNTTIP1 in different analyses. (A) Prognostic value of DNTTIP1 in overall survival of HCC. (B) Forest plot of the prognostic value of DNTTIP1 in overall survival in different subgroups of HCC in TCGA–LIHC. (C–G) High expression of DNTTIP1 was associated with poor overall survival in different subgroups.
Based on multivariate Cox regression, a nomogram that integrated DNTTIP1 and independent clinical risk factors (tumor status and DNTTIP1) was drawn by using the rms package in R as a tool for clinicians to predict the prognosis of HCC patients (Supplementary Figure S3A). The C-index in the nomogram defines the accuracy of the model. C-index values are generally between 0.5–1. The main contents of the nomogram are as follows: the variables of the prediction model (scales are marked on the line segment corresponding to each variable, which represent the range of the variable, while the length of the line segment reflects the contribution of the factor to the outcome events); score (the individual score of each variable under different values and the total score of the sum of the individual scores corresponding to the value of all variables); prediction probability (survival probability at different time nodes). Predictions made by the calibration curve conformed well to the ideal line (the 45-degree line), which indicated that the prediction was consistent with the observation (Supplementary Figure S3B).
The prognostic values of DNTTIP1 in relation to the overall survival under different subgroups of LIHC in TCGA are shown in Table 2. The expression of DNTTIP1 had significant effect in T1 (HR = 2.135 (1.188–3.837), p = 0.011), T2, and T3 and T4 (HR = 1.588 (1.015–2.486, p = 0.043) subgroups of T stage, N0 (HR = 2.090 (1.335–3.271, p = 0.001) subgroups of N stage, and M0 (HR = 2.094 (1.337–3.280), p = 0.001) of M stage (Figure 6B). High expression of DNTTIP1 was associated with poor overall survival in the T3 subgroup of T stage (HR = 1.92 (1.04–3.56), p = 0.038), 5/6 subgroup of fibrosis Ishak score (HR = 4.84 (1.74–13.51), p = 0.003), Stage III subgroup of pathologic stage (HR = 2.26 (1.21–4.22), p = 0.010), with tumor subgroup of tumor status (HR = 1.92 (1.04–3.56), p = 0.038), and N0 subgroup of N stage (HR = 2.09 (1.33–3.27), p = 0.001) (Figures 6C–G).
DISCUSSION
Clinicians have been perplexed for a long time by the early detection of HCC that adopts AFP as an indicator for HCC screening at the early stage. More than 30% of HCC patients are AFP negative (Luo et al., 2018). Therefore, new markers for HCC are needed to improve early diagnosis.
Previous in vitro and in vivo studies have shown that DNTTIP1 interacts with histone deacetylase 1 (HDAC1) to control the status of p53 acetylation (Sawai et al., 2018), thus regulating the expression of several p53 target genes that participate in cell cycle arrest (Narayanan et al., 2003; Zhang et al., 2004) and promote tumor cell migration and invasion in oral squamous cell carcinomas (OSCCs). Former bioinformatics analysis indicated that DNTTIP1 could predict the survival of patients with acute myelocytic leukemia (Zhuang et al., 2020). Yet, the role of DNTTIP1 in HCC progression needs to be further investigated.
In this study, bioinformatics analysis of sequencing data from TCGA was performed to gain a deeper understanding of the potential function of DNTTIP1 in HCC and guide future research in HCC. RNA-seq normalization was realized to remove the technical deviation of sequencing data: sequencing depth and gene length. We transferred count data to TPM. This RNA-seq normalization step not only eliminated the influence of single sequencing depth and gene length but also TPM quantified gene expression rate so that the data can be compared among cells with different basal expressions.
Elevated DNTTIP1 expression in HCC was associated with advanced clinicopathological features (AFP, fibrosis Ishak score, histologic grade, pathological stage, TP53 status, and vascular invasion), poor prognosis, and survival time. Furthermore, in univariate and multivariate Cox regression analyses, we found that after removing confounding factors, DNTTIP1 was still an independent prognostic factor, which showed a higher prognostic value than many other clinical variables, including AFP. Our results suggested that DNTTIP1 is a potential prognostic and diagnostic marker deserving further clinical validation. The function of DNTTIP1 in HCC was further investigated in GSEA using TCGA data.
The PPI network indicates that DNTTIP1 can interact with several histone deacetylase (HDAC) family members other than HDAC1. HDACs are key enzymes that maintain the acetylation balance of nucleosomes in basic units of chromosomes. Their catalytic histone deacetylation is closely related to the inhibition of gene transcription (Sanaei and Kavoosi, 2019). GSEA showed that cell cycle mitotic, G1/S, and G2/M phases and Fc fragment of IgE receptor I (FCERI)–mediated NF-κB and MAPK pathway and Fc fragment of IgG receptor (FCGR) activation in HCC were enriched in the DNTTIP1 high-expression phenotype. These findings indicated that DNTTIP1 might participate in the regulation of cell cycle and immune response in the tumorigenesis of HCCs.
SSGSEA and Spearman’s correlation were adopted to uncover connections between DNTTIP1 expression and immune infiltration levels in HCC. Our results demonstrated that DNTTIP1 expression was significantly positively correlated with Th2 cells. Furthermore, there was a strong-to-moderate correlation between Tfh, NK CD56 bright cells, aDCs, T helper cells, Th1 cells, macrophages, and DNTTIP1 expression. Our results suggest a possible mechanism where DNTTIP1 regulates the balance of Th1/Th2 in HCC. The Th2 cells produce IL-4 and IL-10 and inhibit the host immune system, hence having a role in promoting tumor growth (Ko et al., 2001; Zhao et al., 2015). This indicates that overexpression of DNTTIP1 promotes Th2 cell immune response and infiltration in tumor progression. Th1/Th2 balance can be regulated to inhibit tumor progression. A global Th1/Th2-like cytokine shift (a decrease in Th1 and an increase in Th2 cytokines) can be induced to promote HCC metastasis (Budhu et al., 2006).
On the other hand, there was an inverse correlation between Th17 immune cells, neutrophils, DCs, and DNTTIP1. Th17 immune cells were associated with both good and bad prognoses (Guéry and Hugues, 2015). It is reported that Th17 cells were correlated with a bad prognosis of HCC (Zhang et al., 2009). However, Th17 cells can also drive antitumor immune responses by recruiting immune cells into tumors, activating effector CD8+ T cells, or even directly by converting toward Th1 phenotype and producing IFN-γ (Lee et al., 2009; Nistala et al., 2010). The downregulation of Th17 caused by DNTTIP1 overexpression may affect h1/h2 balance, leading to a bad prognosis. Neutrophils have an active role in regulating the immune system; they can promote or inhibit the establishment of a permissive tumor microenvironment (Shaul and Fridlender, 2017). Many studies have shown that tumor-associated neutrophils not only promote tumor growth (Wang et al., 2020) but also antitumor effects on tumors and can regulate their different phenotypes through tumor signal transduction. Our result indicates that the antitumor function of neutrophils may be hindered when DNTTIP1 is overexpressed. Most DC subsets have been found in tumors where they play a major role in cancer immune surveillance by coordinating adaptive immunity against tumor antigens. DCs are critical for autoimmunity and tissue inflammation and have prominent roles in cellular and humoral immune response and protection from infectious diseases or tumors (Vatner and Janssen, 2019). Due to the role of DCs in initiating antitumor immunity, there is a negative selective pressure hampering the accumulation of DCs by tumor-secreted mediators that inhibit dendropoiesis, promote DC apoptosis (Pirtskhalaishvili et al., 2000), and accelerate DC turnover. The suppression of DCs is normally found in tumors and may facilitate HCC progression. All findings according to ssGSEA support that DNTTIP1 has a role in regulating and recruiting immune infiltrating cells in HCC. However, more trials are needed to accurately understand the relationship between DNTTIP1 and Th1/Th2 balance in vivo.
In addition, the Kaplan–Meier survival curves with high HR for poor OS and PFS when DNTTIP1 was highly expressed in HCC showed the correlation between high-level expression of DNTTIP1 and poor prognosis of HCC, thus suggesting that DNTTIP1 was a prognostic biomarker in HCC.
The Cox HR model suggested that DNTTIP1 was strongly associated with OS in patients. Moreover, we developed a DNTTIP1-related nomogram to predict the 1-, 3-, and 5-year survival probabilities in HCC patients. The results were confirmed by calibration plots and log-rank tests.
Moreover, Kaplan–Meier survival analysis was performed in HCC patients according to their DNTTIP1 expression levels, stratified by clinicopathological characteristics. A high level of DNTTIP1 expression was associated with poor prognosis of HCC patients with a fibrosis Ishak score of 5/6, thus indicating that the high association between DNTTIP1 expression level and survival may be influenced by the degree of hepatic fibrosis.
Although our investigation of the relationship between DNTTIP1 and HCC furthered our understanding of the vital role of DNTTIP1 in HCC, some limitations remained. First, cell experiments and clinical samples should be used to verify the correlation between DNTTIP1 mRNA and protein expression. In the present study, we only used mRNA levels to predict protein expression (Fortelny et al., 2017). Second, clinical factors such as the details of patient treatment should be sufficiently considered to clarify the specific role of DNTTIP1 in the development of HCC. Third, while multicenter research based on public databases intends to overcome the shortage of single-center studies, retrospective studies have two major shortages. One is missing variables. In our study, to clarify the specific role of DNTTIP1 in the development of HCC comprehensively, more clinical factors should be taken into consideration such as the detail of treatments for every single patient involved. However, the information of treatments was often inconsistent or even lacking in public databases; the other is sample size imbalance. We have a smaller number of healthy samples in our control group than that of HCC patients in our study; the sample size imbalance may lead to statistical bias. Therefore, future prospective studies are needed to reduce analysis bias. Finally, we cannot illustrate the expression of DNTTIP1 from the protein level and also cannot evaluate the direct mechanisms of DNTTIP1 involved in HCC progression. Consequently, further studies are needed to clarify the direct mechanisms of DNTTIP1 in HCC.
In summary, DNTTIP1 has an important role in the regulation of cell cycle and immune response in the tumorigenesis of HCC. Further studies are needed to clarify the biological mechanisms of DNTTIP1 in HCC. In addition, additional experiments are needed to evaluate the relationship between DNTTIP1 expression and clinical features, HCC stage, and prognosis using additional clinical data, which might facilitate the identification of new markers for evaluating tumor stage, aiding drug development, and improving treatment efficiency.
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Background: The prognosis of low-grade glioma (LGG) is different from that of other intracranial tumors. Although many markers of LGG have been established, few are used in clinical practice. M6A methylation significantly affects the biological behavior of LGG tumors. Therefore, establishment of an LGG prognostic model based on m6A methylation regulatory genes is of great interest.
Methods: Data from 495 patients from The Cancer Genome Atlas (TCGA) and 172 patients from the Chinese Glioma Genome Atlas (CGGA) were analyzed. Univariate Cox analysis was used to identify methylation regulatory genes with prognostic significance. LASSO Cox regression was used to identify prognostic genes. Receiver operating characteristic (ROC) and Kaplan–Meier curves were used to verify the accuracy of the model. Gene Set Enrichment Analysis (GSEA) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) were used to identify cellular pathways that were significantly associated with the prognosis of LGG.
Results: A glioma prognostic model based on five methylation regulatory genes was established. Compared with low-risk patients, patients identified as high risk had a poorer prognosis. There was a high degree of consistency between the internal training and internal validation CGGA cohorts and the external validation TCGA cohort. Furthermore, KEGG and GSEA analyses showed that the focal adhesion and cell cycle pathways were significantly upregulated in high-risk patients. This signature could be used to distinguish among patients with different immune checkpoint gene expression levels, which may inform immune checkpoint inhibitor (ICI) immunotherapy.
Conclusion: We comprehensively evaluated m6A methylation regulatory genes in LGG and constructed a prognostic model based on m6A methylation, which may improve prognostic prediction for patients with LGG.
Keywords: LASSO, M6A RNA methylation, LGG, prognostic model, ICI
INTRODUCTION
Low-grade gliomas (II and III of the World Health Organization) are the most common primary malignant tumors in the brain and are mainly localized to the cerebral hemispheres (Ostrom et al., 2013). Neurosurgery, radiotherapy, and chemotherapy are common treatment strategies, but recurrence and drug resistance rates are high (Brat et al., 2015; Hayes et al., 2018). Some patients will quickly develop high-grade glioblastoma, resulting in a very poor prognosis (Zhang et al., 2016). Therefore, it is urgent to identify a sensitive and accurate biomarker to predict the prognosis of patients with LGG.
N6-methyladenosine (m6A) is the most studied RNA modification (Desrosiers et al., 1974), which plays an important role in the posttranscriptional regulation of RNA in eukaryotes (Zhao et al., 2017). The m6A modifications can occur on both mRNA and ncRNA (Alarcón et al., 2015). When m6a modifications occur in mRNA, they play multiple roles in mRNA processing and metabolism, including splicing, stability, nuclear export, and translation (Lee et al., 2020). In addition, m6A modification is also found in most ncRNAs, including miRNA, lncRNA, and circRNA, which participated in multiple roles in chromatin remodeling, transcription, posttranscriptional modifications, and signal transduction (Yang et al., 2020). M6A is dynamically and reversibly regulated by an m6A regulator, including methyltransferases (writers), demethylases (erasers), and binding proteins (readers) to add, remove, or recognize m6A-modified sites, respectively, thereby altering important biological processes accordingly (Guo et al., 2021). The m6A methyltransferases (writers) mediate the process of methylation modification of RNA, which mainly includes methyltransferase-like 3 (METTL3), methyltransferase-like 14 (METTL14), and Wilms’ tumor 1-associating protein (WTAP) (Meyer and Jaffrey, 2017). The m6A demethylases (erasers) including obesity-associated protein (FTO) and alkB homolog 5 (ALKBH5), which mediate the process of decreasing m6A modifications of RNA, are the key to the reversibility of the m6A modification process (Meyer and Jaffrey, 2017). The m6A binding proteins (readers) are able to specifically recognize m6A-modified RNAs and participated in the regulation of RNA splicing, turnover, export, and translation and m6A readers mainly including YTH domain family YTHDF1-3, YTHDC1-2, insulin-like growth factor 2, mRNA-binding proteins IGF2BP1-3, heterogeneous nuclear ribonucleoprotein A2B1 (HNRNPA2B1), heterogeneous nuclear ribonucleoprotein C (HNRNPC), and embryonic lethal abnormal vision Drosophila like 1 (ELAVL1) (Meyer and Jaffrey, 2017). M6A, as a modification in RNA, plays an important role in bioprocesses such as self-renewal and differentiation of embryonic stem cells and hematopoietic stem cell, tissue development, circadian rhythm, heat shock or DNA damage response, and sex determination, although it does not change base pairing and coding (Huang et al., 2020). To investigate the specific mechanisms of m6a in cells or tissues, the expression of m6A regulatory genes, the global m6A abundance in RNA, and m6A modification site and gene need to be detected (Wang and Jia, 2020). LC-MS/MS, 2D-TLC, and dot blot can be used to detect the global m6A abundance in RNA. MeRIP-qRT-PCR, MeRIP-seq, SCARLET, SELECT, the m6A-sensitive deoxyribozyme method, the m6A-sensitive base-pairing method, and m6A-sensitive HRM analysis can be used to detect the m6A modification site and gene (Wang and Jia, 2020). Meanwhile, several databases, including RMBase (Xuan et al., 2018), MeT-DB (Liu H et al., 2018), CVm6A (Han et al., 2019), RNAmod (Liu and Gregory, 2019), SRAMP (Zhou et al., 2016), REPIC (Liu et al., 2020), and M6ADD (Zhou et al., 2021) were constructed to organize and integrate existing resources in order to better explore the mechanism of m6A.
Numerous studies have shown that the global abundance of m6A and the expression levels of m6A regulatory genes, which are frequently dysregulated in various types of cancer, are critical for cancer development, progression, and metastasis, as well as drug resistance and cancer recurrence (Huang et al., 2020). Decreases or increases in global m6A abundance have recently been reported in several cancer types that may be associated with cancer progression and clinical outcomes (Huang et al., 2020). The global m6A abundance was aberrantly upregulated in gastric cancer (Wang J et al., 2020), while aberrantly downregulated in bladder cancer (Gu et al., 2019). In addition, abnormalities in m6A regulatory genes can lead to a range of diseases, including cancer, neurological disorders, embryonic developmental delays, and obesity (Jiang et al., 2021). Studies have shown that M6A modifications plays important roles in various tumors and are involved in tumor proliferation, carcinogenesis, and migration (Meyer et al., 2012; Ke et al., 2015). For example, in glioblastoma multiforme (GBM), METTL3 suppresses the proliferation and self-renewal of glioblastoma stem cells by enhancing m6A modification of ADAM19 and decreasing its expression, which suppressed the progression of GMB (Visvanathan et al., 2018). METTL3 and FTO3 play an oncogenic role in acute myeloid leukemia (Vu et al., 2017). Some studies have indicated that genes that express methylation enzymes, including YTHDC2, RBM15B, METTL16, YTHDF3, IGF2BP3, RBM15, METTL14, ZC3H13, YTHDF1, YTHDF2, ALKBH5, HNRNPA2B1, ALKBH3, IGF2BP1, HNRNPC, YTHDC2, METTL3, WTAP, YTHDC1, IGF2BP2, and FTO (Ma et al., 2021), may be important in LGG (Tu et al., 2020; Fang et al., 2021; Kowalski-Chauvel et al., 2020; Yarmishyn et al., 2020). However, the expression status of a single m6A regulatory gene is not sufficient to describe a patient’s status and outcome.
In this study, we systematically characterized the expression levels of a group of m6A methylation regulator genes in patients with LGG and constructed a prognostic model for LGG. As a result, we established a framework to quantify prognosis using an integrated analysis of the expression status of 5 m6A methylation regulatory genes, which resulted in a robust approach to prediction of overall survival (OS). The main flow of the article can be found in Figure 1. This approach, using a novel gene expression signature, is promising as a predictor OS of LGG.
[image: Figure 1]FIGURE 1 | Flow chart of the analysis methods utilized in the current study.
MATERIALS AND METHODS
Data Preprocessing
Gene expression profiles and survival data for patients with LGG were downloaded from the CGGA (http://www.cgga.org.cn/) database. Overall, 495 samples from TCGA and 172 samples from the CGGA were analyzed (Table 1). Perl and R in R software were utilized to evaluate the samples.
TABLE 1 | Two low-grade glioma datasets used in this study.
[image: Table 1]Identifying the m6A RNA Methylation Regulatory Gene in LGG
The expression level of a total of 26 m6A RNA methylation regulatory genes in LGG samples and normal samples in TCGA and CGTA datasets were detected by the R package “limma” and visualized by the R package “pheatmap.” The correlations between 26 m6A RNA methylation regulatory genes were detected by the R package “corrplot.”
Establishment of the LASSO Cox Signature
A total of 172 patients from the CGGA database were randomly assigned in a 1:1 ratio to a training set and a validation set. The hazard ratio of OS of 26 m6A regulatory genes in the internal training set was calculated using the univariate Cox proportional hazard regression model, and genes with p < 0.05 were considered statistically significant and included in subsequent analyses. Then, m6A-related genes that were identified as significant in the univariate analysis in the internal training set were included in the penalized Cox regression model with the least absolute shrinkage and selection operator (LASSO) Cox regression model for 10-fold cross validations to select the most significant genes. Finally, an m6A-related prognostic gene signature was constructed based on a linear combination of the regression coefficient derived from the LASSO Cox regression model coefficients multiplied by the mRNA expression level (Tibshirani,1997).
Risk Score Evaluation and Survival Analysis
The risk score was calculated as follows: [image: image], where Coefi is the coefficient of prognostic biomarker and Expi is the expression of the corresponding prognostic biomarker. According to the median value of the risk score, LGG patients in the CGGA cohort were divided into low-risk and high-risk groups. The overall Kaplan–Meier survival curves of low-risk and high-risk patients were analyzed by the R package “survival” and “survminer.”
ROC Curve
The receiver operating characteristic curve (ROC) analysis was used to assess the accuracy of the diagnostic gene signature. The R software package “pROC” was used to generate an ROC curve (Robin et al., 2011). ROC area under curve (AUC) was calculated to evaluate the performance of each signature, and AUC>0.7 was considered as a diagnostic gene signature.
Pathway Enrichment Analysis
The Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis led to identification of enrichment pathways, which help to determine the biological pathways to which the identified genes belonged (Yu et al., 2012). The KEGG analysis is performed by the R package “clusterProfiler.”
Gene Set Enrichment Analysis
Gene Set Enrichment Analysis v2.2.2 (http://www.broadinstitute.org/gsea) was used to investigate the biological differences among patients with different expression patterns of the 5-gene signature. In addition, C2:CP KEGG gene sets from the Molecular Signatures database (MSigDB) were used as the reference gene sets.
Construction and Validation a Predictive Nomogram
The gene signatures were used to construct a nomogram by the “rms” R package, and the accuracy of the nomogram was evaluated by the calibration curve (1,000 bootstrap resamples).
Statistical Analysis
Continuous variables were analyzed using Student’s t-tests or non-parametric tests. Categorical variables were analyzed using chi-squared tests or Fisher’s exact tests. The R package copy was used for univariate and multivariate analyses. All data were analyzed using SPSS or R software (http://www.r-project.org/). p < 0.05 was considered statistically significant.
RESULTS
m6A Regulatory Gene Profile in the CGGA Cohort
A total of 26 m6A RNA methylation regulator genes were included in this study to evaluate the methylation status of tumor tissues. We constructed a profile containing 26 m6A regulatory genes in patients with LGG. The m6A regulatory genes and corresponding clinical parameters are shown in Figure 2A. As shown by the heatmap, the expression levels of the m6A regulatory genes differed among the patients. To better understand the relationships among m6A regulatory genes in LGG, we performed a regression analysis of the m6A regulatory genes (Figure 2B). The results showed that YTHDF2 was highly correlated with RBM15. In addition, there was a strong correlation between VIRMA and YTHDF3. These results indicated that these pairs of genes may be involved in the same biological functions. To determine which m6A regulatory genes had prognostic value, we conducted a univariate COX analysis. This analysis identified 16 of the 26 methylated genes as prognostic indicators (Figure 2C).
[image: Figure 2]FIGURE 2 | m6A-related gene profile in the CGGA cohort. (A) Unsupervised clustering of patients with LGG from the CGGA cohort using 26 m6A methylation regulatory genes. The red cube represents highly expressed genes, and the blue cube represents genes with lower expression levels. (B) Correlation of the 26 m6A methylation regulatory genes. (C) Forest plots showing associations between different m6A methylation regulatory genes and OS in the internal training CGGA cohort.
Establishment of a Prognostic Model
A total of 172 patients in the CGGA cohort were randomly divided in a 1:1 ratio into an internal training cohort and a validation cohort. The 16 m6A regulatory genes with prognostic value were included in the LASSO Cox model in the internal training CGGA cohort to screen for characteristic variables (Figures 3A,B). As shown in Figure 2A, the minimum lambda value was reached with inclusion of 5 genes. Therefore, we selected 5 genes to construct a prognostic model. Finally, we constructed the following formula for prognosis of OS in patients with LGG: (formula= (0.033 ×HNRNPC) + (0.237 × IGF2BP2) + (0.260 × IGF2BP3) − (0.271 × LRPPRC) + (0.713 × YTHDF2)). According to the cutoff value (2.03) obtained using the survminer package, the patients in the training cohort were divided into high- and low-PRI groups. Patients with high risk had more events and a worse prognosis (Figure 3C). Application of the cutoff value to the internal validation CCGA cohorts and external validation TCGA cohorts produced the same result as that observed in the training group (Figures 3D,E). To evaluate the accuracy of this 5-gene signature for determination of prognosis, we generated an ROC curve. In the internal training cohort, the accuracy of the 5-gene signature was investigated at 2, 3, and 5 years, which resulted in AUC values of 0.917, 0.889, and 0.874, respectively (Figure 3F). In the internal validation cohort, the AUC values were 0.787, 0.768, and 0.834, respectively (Figure 3G). In the external validation TCGA cohort, the AUC values at 2, 3, and 5 years were 0.783, 0.721, and 0.701, respectively (Figure 3H). In summary, the 5-gene profile was an excellent prognostic indicator for patients with LGG.
[image: Figure 3]FIGURE 3 | Establishment of a 5-gene prognostic model. (A) LASSO coefficient profiles of the fractions of immune cells. The minimum lambda value was reached when the number of genes was 5. (B) Parameter selection for tuning by 10-fold cross validation in the LASSO model. (C–E) Kaplan–Meier curve for patients with high and low risk in the internal training CGGA cohort, internal validation CGGA cohort, and external validation TCGA cohort, respectively. (F–H) Risk score measured using time-dependent receiver operating characteristic (ROC) curves in the internal training cohort, internal validation CGGA cohort, and external validation TCGA cohort at 1, 3, and 5 years, respectively.
Association Between the 5-Gene Signature and Clinicopathological Parameters
Based on the LASSO Cox model, the prognostic risk score for each patient in the CGGA cohort was calculated according to the factor value and expression level. According to the median risk score, patients were divided into a high-risk group and a low-risk group (Figures 4A–C). The high-risk group had higher levels of IGF2BP2, IGF2BP3, HNRNPC, and YTHDC2 and lower levels of LRPPRC. More patients survived in the low-risk group than in the high-risk group. Further correlation analysis found a negative correlation between LRPPRC and IGF2BP2 and between LRPPRC and IGF2BP2 (Figure 4D). We further evaluated the stability of 5-gene signature in different groups. The results showed that the 5-gene signature was an excellent prognostic indicator regardless of gender (Figures 4E,F), grade (Figures 4G,H), IDH mutation status (Figures 4I,J), and the co-mutation state of chromosome 1p and 19q (Figures 4K,L).
[image: Figure 4]FIGURE 4 | Association between the 5-gene signature and clinicopathological parameters. (A–C) 5-gene signature-based risk score in the CGGA cohort. (A) Risk score plot based on the 5-gene signature. (B) Live/dead state corresponding to the risk score in the upper panel. (C) Z-score-transformed expression value of each gene in the 5-gene signature. (D) Correlation analysis of the 5 methylation regulatory genes in the signature. (E–L) Kaplan–Meier curve showed significant statistical differences in overall survival between the high- and the low-risk groups regardless of gender (E,F), WHO grade (G,H), IDH mutation status (I,J), and co-mutation state of chromosomes 1p and 19q (K,L).
Pathway Enrichment Analysis
To elucidate the differences in biological characteristics between the high- and low-risk groups using the 5-gene signature, we performed Spearman’s correlation analysis and selected the first 1,000 genes. Then, the clusterProfiler package in R software was used to perform KEGG enrichment analysis. These genes are significantly enriched in the focal adhesion and cell cycle pathways (Figure 5A). Specifically enriched genes for each KEGG term are summarized in Figures 5C,D. Next, we divided the patients into high- and low-risk groups according to their risk scores for the GSEA analysis, which showed enrichment of the 5-gene signature in cell cycle pathways (Figure 5B), which indicated that the cell cycle pathway may be a critical factor in poor prognosis in patients with LGG. In addition, expression levels of genes in the T-cell receptor signaling pathway were abnormally high in patients with LGG, which indicated that immune status may have differed with level of risk. Therefore, we further explored the expression levels of immune checkpoint (IC) genes in the different patient risk groups, which may provide additional information regarding personalization of treatment.
[image: Figure 5]FIGURE 5 | Pathway enrichment analysis. (A) Spearman correlation for PRI top 1,000 genes was used for KEGG analysis. These genes were enriched in KEGG pathways “cell cycle” and “focal adhesion.” (B) GSEA terms significantly enriched in the CGGA cohort. “KEGG_CELL_CYCLE,” “KEGG_APOPTOSIS,” “KEGG_JAK_STAT_SIGNALING_PATHWAY,” and “KEGG_T_CELL_RECEPTOR_SINGALING_PATHWAY” were significantly enriched. (C) Hierarchical clustering of gene expression profiles for each KEGG pathway. (D) Chord plots show the relationship between genes and the KEGG pathway.
Association Between the 5-Gene Signature and Immune Checkpoint Genes
Previous studies have shown that the expression levels of immune checkpoint (IC) genes are associated with immunotherapy efficacy. We compared the expression patterns of IC genes (PD-1, PD-L1, and CTLA-4) in different risk groups of patients with LGG. As shown in Figure 6A, patients in the high-risk group had higher expression levels of IC genes. We further evaluated whether our research model for IC genes was generalizable to patients with similar expression levels of IC genes. As shown in Figure 6B, the overall survival of patients with low risk scores and high PD-1 expression was significantly better than that of patients with high risk scores and high PD-1 expression. Furthermore, the survival of patients with low risk scores and low PD-1 expression was longer than that of patients with high risk scores and low PD-1 expression. Similar results were observed for PD-L1 and CTLA-4 (Figures 6C,D). Stratification of patients with low risk scores according to IC gene expression showed that IC gene expression was significantly associated with survival of patients with low risk scores. However, there was no differences in survival of patients with high risk scores when stratified based on IC gene expression. In addition, patients with low risk scores and low IC gene expression tended to have much higher survival rates than patients in the other three groups. These results suggested that our 5-gene model may be a predictor of ICI immunotherapy efficacy.
[image: Figure 6]FIGURE 6 | Association between the 5-gene signature and immune checkpoint genes. (A) Comparison of the expression pattern of immune checkpoint genes (PD-1, PD-L1, and CTLA-4) between patients with different risk scores in the CGGA analysis. (B) Kaplan–Meier survival curves of overall survival among four patient groups stratified by the risk score and PD-1 (B), PD-L1 (C), and CTLA-4 (D).
Construction and Validation of a 5-Gene Signature Prognostic Nomogram
To provide patients with more accurate prognostic predictions, we incorporated the 5-gene signature and clinical parameters that had prognostic value in the univariate analysis and performed a multivariate analysis in the CGGA cohort. The results showed that the 5-gene signature, WHO grade, gender, and X1p19q codeletion status were stable predictors (Supplement Tables S1,2). These results were used to construct a nomogram to predict the prognosis of patients (Figure 7A). The calibration curve shows that the nomogram had stable predictive values at 3 and 5 years (Figures 7B,C).
[image: Figure 7]FIGURE 7 | Construction and validation of a 5-gene signature prognostic nomogram. (A) Prognostic nomogram based on the 5-gene signature, WHO grade, gender, and X1p19q codeletion status. (B,C) Calibration curve at 3 and 5 years.
DISCUSSION
Low-grade glioma (LGG) is a common invasive brain tumor in adults, and it includes World Health Organization (WHO) grade II and III diffuse gliomas (Ostrom et al., 2013). Although some progress has been made in the treatment of LGG with advances in neurosurgery, chemotherapy, and radiotherapy, a considerable number of patients experience recurrent and malignant glioblastoma multiforme (Chaichana et al., 2010; Okita et al., 2015; Deng et al., 2019; Fukuya et al., 2019; Chen et al., 2020; Mathur et al., 2020), resulting in decreased quality of life and shortened lifespan. The heterogeneity of prognosis for patients with LGG highlights the need to develop effective biomarkers for early stratification and preventive treatment of high-risk patients with poor prognoses.
M6A methylation, as the most widespread internal modification of mRNA, has been shown to play an important role in many cell types (Desrosiers et al., 1974; Dominissini et al., 2012; Fu et al., 2014; Wang et al., 2014; Ma et al., 2019; Sun et al., 2019). Many studies have shown that m6A regulatory genes can be used as markers to predict the prognosis of many kinds of cancers. (Liu J et al., 2018; Chen et al., 2019; Zhao and Cui 2019; Qu et al., 2020; Wang Q et al., 2020). Many previous studies have evaluated individual methylation regulatory genes, which may not be an accurate reflection of overall regulation of methylation. In this study, we evaluated multiple methylation regulatory genes in patients with LGG and selected a group of methylation regulatory genes that had prognostic value for patients with LGG through univariate Cox analysis and LASSO Cox modeling. Finally, a 5-gene signature was constructed (HNRNPC, IGF2BP2, IGF2BP3, LRPPRC, and YTHDF2) with good prognostic value and consistency between the internal validation and the external validation TCGA cohorts. To determine the pathways most closely associated with poor prognosis of patients with LGG, we performed a correlation analysis and selected the 1,000 genes most related to risk score. Furthermore, the KEGG enrichment analysis showed that differences in survival may have been associated with the cell cycle and focal adhesion pathways, which provides novel potential targets for treatment of LGG.
Advances in immune checkpoint inhibitor therapies have resulted in effective treatment of many cancers (Havel et al., 2019; Doroshow et al., 2019; Zhao et al., 2019; Gedeon et al., 2020). These advances have highlighted the importance of screening patients to determine whether they are good candidates for ICI treatment. The expression levels of independent immune checkpoint genes such as PD-L1 cannot be used as an independent predictor of ICI response (Gridelli et al., 2017; Lupo et al., 2018). By comparing the survival distribution of patients following stratification based on our 5-gene signature and immune checkpoint gene expression levels, we were able to show that our 5-gene profile correlated well with IC gene expression and risk, which indicated that our 5-gene signature can be used as a biomarker for knowing whether a patient is a good candidate for immunotherapy.
In summary, our study showed that m6A methylation regulatory genes could be used to classify patients with LGG into high- or low-risk subgroups exhibiting significantly different OS. Furthermore, this risk score may also be a marker for predicting the efficacy of ICI immunotherapy.
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Pyroptosis is an inflammatory form of programmed cell death triggered by caspase-1/4/5/11 that plays an important role in the occurrence and development of gastric cancer (GC). We investigated the prognostic value of pyroptosis-related genes in GC. The “LIMMA” R package and univariate Cox analysis were used to find pyroptosis-related genes with differential expression and prognostic value in the TCGA cohort and the identified genes were analyzed for GO enrichment and KEGG pathways. The selected genes were then included in a multivariate Cox proportional hazard regression analysis, and a ten genes prognostic model (BIRC2, CD274, IRGM, ANXA2, GBP5, TXNIP, POP1, GBP1, DHX9, and TLR2) was established. To evaluate the predictive value of the risk score on prognosis, patients were divided into high-risk and low-risk groups according to the median risk score, and survival analysis was carried out. Compared with the low-risk group, the OS of GC patients in the high-risk group was significantly worse. Additionally, these results were verified in the GSE84437 and GSE66229 datasets. Finally, through the combination of prognostic gene characteristics and clinicopathological features, a nomogram was established to predict individual survival probability. The results show that the genetic risk characteristics related to clinical features can be used as independent prognostic indicators for patients with GC. In summary, the pyroptosis-related risk signals proposed in this study can potentially predict the prognosis of patients with GC. In addition, we also found significant infiltration of dendritic cells, macrophages, and neutrophils in tissues of high-risk patients.
Keywords: gastric cancer, pyroptosis, prognostic signature, nomogram, the cancer genome atlas
INTRODUCTION
Gastric cancer (GC) is the fifth most common cancer and the third most common cause of cancer death in the world, with more than one million new gastric cancer patients each year, of which about 73% die. The median survival time of advanced gastric cancer is less than 12 months (Smyth et al., 2020). Gastric cancer is the third most common cancer in Asia, after breast and lung cancer (Sung et al., 2021). The occurrence of gastric cancer is a multi-factor, multi-step process, and a variety of mechanisms affect its occurrence and development (Chia and Tan, 2016), making the prognosis evaluation full of challenges. Therefore, it is very important to find an effective prediction model.
Pyroptosis is an inflammatory form of programmed cell death triggered by caspase-1/4/5/11 (Bergsbaken et al., 2009). Caspase-1 and-11 trigger pyroptosis through the cleavage of Gasdermin D (Kayagaki et al., 2015; Shi et al., 2015). The characteristics of pyroptosis are pore formation, cell swelling, plasma membrane rupture, and release of intracellular contents (Fang et al., 2020). Pyroptosis may affect all stages of cancer development and has therefore become a new topic in cancer research (Ruan et al., 2020). Recent studies have shown that polyphyllin VI induces the transition of A549 and H1299 cells from apoptosis to pyroptosis by activating caspase-1, which induces the ROS/NF-κB/NLRP3/GSDMD signal axis, resulting in cell death (Teng et al., 2020). GSDME can convert TNF-α, chemotherapy, or caspase-3-mediated apoptosis into pyroptosis (Wang et al., 2017; Yu et al., 2019; Wang et al., 2017; Yu et al., 2019). Caspase-3-dependent apoptosis and pyroptosis can promote the clearance of stressed, injured, transformed, or infected cells, which plays a very important role in the development and treatment of tumors (Jiang et al., 2020). PD-L1 converts tumor cell apoptosis induced by TNF-α into pyroptosis, resulting in tumor necrosis (Hou et al., 2020a). Mutant BRAF and MEK inhibitors regulate the tumor immune microenvironment through pyrogenesis (Erkes et al., 2020). Thanks to the existing research results, it is known that pyroptosis is involved in tumorigenesis and anti-tumoral processes, but studies on its specific function in GC are missing. It is not clear whether pyroptosis-related genes are linked to the prognosis of patients with gastric cancer.
We systematically analyzed the differentially expressed genes related to pyroptosis in gastric cancer in TCGA database samples. Univariate analysis was used to screen the genes related to prognosis, and then the resulting genes were analyzed by multivariate Cox proportional hazard regression analysis to establish a prognostic model. A prognostic nomogram containing prognostic gene markers was established to predict overall survival. Since previous studies showed a significant correlation between pyroptosis and the immune microenvironment in GC (Shao et al., 2021), we also studied the infiltration of immune cells in tumor cells.
MATERIALS AND METHODS
Data Acquisition
Transcriptome sequencing data, survival information, and clinical information of TCGA gastric cancer data set obtained were obtained from the TCGA website (https://portal.gdc.cancer.gov/). Two external validation datasets, GSE84437 and GSE66229, were downloaded from the Gene Expression Omnibus database (GEO). The R (version 4.0.2) software was used to standardize and process the data. Pyroptosis-related genes were searched through THE HUMAN GENE DATABASE (https://www.genecards.org/) with the keyword “Pyroptosis.” Therefore, 121 genes related to pyroptosis were included in the analysis and provided in Supplementary Material S1. First of all, the differentially expressed pyroptosis-related genes in TCGA gastric cancer tissues were identified by using the “LIMMA” R software package: false detection rate (FDR) < 0.05.
GO and KEGG Functional Enrichment
Gene Ontology (GO) enrichment analysis of 51 differentially expressed pyroptosis-related genes was carried out with the R software package “clusterprofiler,” The selected background gene set is compiled by others, which is the human genome annotation in Carlson M’s “org.Hs.eg.db,” including biological process (BP), cellular component (CC), and molecular function (MF). The filter conditions were pvalueCutoff = 0.05, qvalueCutoff = 0.05. The same tool was used to analyze the pathways enrichment according to the Kyoto Encyclopedia of Gene and Genome (KEGG).
PPI Network
Protein-protein interaction (PPI) networks in differentially expressed pyroptosis-related genes were constructed using the STRING database and visualized with the Cytoscape software. The Molecular Complex Detection (MCODE) of the Cytoscape plugin was used to detect the important modules in the PPI network, and GO and KEGG analyses were carried out to further study its molecular function in gastric cancer.
Establishment and Verification of Prognostic Model
Univariate Cox proportional hazard regression analysis was used to screen pyroptosis-related genes significantly associated with overall survival (OS) in TCGA gastric cancer data set. Then multivariate Cox proportional hazard regression analysis was performed to establish a prognostic model. We use the following formula to calculate the risk score for each patient: risk score = esum (each gene’s expression×corresponding coefficient). Patients were divided into high-risk and low-risk groups according to the median value of the risk score.
To determine the role of the risk score in predicting the clinical prognosis of patients with gastric cancer, we analyzed the difference in survival time between the high-risk group and low-risk group by the Kaplan-Meier method. To verify whether our prognostic model is also applicable to other datasets, we selected GSE84437 and GSE66229 gastric cancer datasets from the GEO database for external verification and calculated the risk score using the same formula as the TCGA cohort in these two datasets. Univariate and multivariate Cox regression analyses were used to study whether pyroptosis-related risk index could be an independent predictor of OS in the TCGA dataset of patients with gastric cancer. Risk score, age, sex, tumor subtype, pathological stage, and histological grade were regarded as covariates.
Copy number changes and mutations of key genes were investigated using the online database cBioPortal (Gao et al., 2013), and protein expression data were retrieved from the human protein map (HPA) database.
The Construction of Nomogram
According to age, staging, grading, T, N, M, and risk score, the nomogram was constructed with “RMS” and “survival” software packages in R. The evaluation of the consistency between actual and predicted survival is achieved by generating a calibration curve. Finally, the ROC curve of the nomogram changing with time is generated, and the AUC value is calculated.
Analysis of the Correlation Between Risk Score Model and Immune Cell Infiltration
We used tumor immune estimation resources (TIMER), which is a reliable resource for comprehensive analysis of tumor-infiltrating immune cells, to explore the relationship between prognostic models and immune cell infiltration. The TIMER algorithm can help users estimate the composition of six tumor-infiltrating immune cell subpopulations (B cells, CD4+T cells, CD8+T cells, macrophages, neutrophils, and dendritic cells). The level of immune infiltration in patients with gastric cancer was obtained from the TIMER website (http://cistrome.dfci.harvard.edu/TIMER/), and the correlation between 6 tumor-infiltrating immune cell types and our prognostic model was analyzed in R.
Statistical Analysis
Further statistical analyses were performed with the R software (v4.0.2). Wilcoxon ranked sum (Mann Whitney) test was used to screen the differentially expressed pyroptosis-related genes between tumor and adjacent tissues. The independent predictors of OS and the relationship between risk score and clinical information and prognosis were determined by univariate and multivariate Cox regression analysis. The difference of OS between the high-risk group and low-risk group was compared by the Kaplan-Meier method, and the p-value was calculated by logarithmic rank-sum test. T-test was used to compare the differences in risk scores among different clinical feature groups. p < 0.05 was considered to be statistically significant. We conducted our study as described in the flowchart (Figure 1).
[image: Figure 1]FIGURE 1 | The flowchart of this study.
RESULT
Identification and Enrichment Analysis of Differentially Expressed Genes
The expression data of 375 cases of gastric cancer tissues and 32 normal gastric tissues, for a total of 407 cases, were downloaded from the TCGA database, together with the expression data, survival status, and clinical data of 435 cases of gastric cancer patients. After extracting the patient information including survival status and survival time among these 435 GC patients, and intersecting them with the 407 patients for which RNA-seq data were available, we obtained 368 GC patients that presented RNA-seq data and clinical data and used it as a training set to build the model. 121 pyroptosis-related genes were obtained from the human gene database. R-Package “Limma” was used to screen pyroptosis-related genes in gastric cancer. The screening criteria were logFC >0.5, FDR <0.05. The results showed that 51 genes were identified as differentially expressed in gastric cancer (Figure 2). GO analysis showed that these genes were mainly enriched in the basic biological processes (BP) of positive regulation of cytokine (Mirgayazova et al., 2019) production, cellular response to biotic stimulus, defense response to viruses, and pyroptosis (Figure 3A). KEGG analysis showed that these genes were mainly related to NOD−like receptor signaling pathway, apoptosis, and Salmonella infection (Figure 3B).
[image: Figure 2]FIGURE 2 | Identification of differential expressed genes (DEGs) in GC and normal tissues. (A) Heat map of 51 DEGs in TCGA. Red: upregulation; Green: downregulation. The abscissa represents the type, N normal; T Tumor; ordinate represents the gene. (B) Volcano plots of the distributions of 51 DEGs. The abscissa represents logFC and the ordinate represents -log10 (FDR).
[image: Figure 3]FIGURE 3 | DEGs enrichment analysis. (A) The results of GO enrichment in the TCGA cohort. “BP” stands for “biological process,” “CC” stands for “cellular component” and “MF” stands for “molecular function”. The abscissa represents the gene ratio. (B) The results of KEGG enrichment in the TCGA cohort. The abscissa represents the gene ratio.
PPI Network Analysis
To further understand the role of differential genes in the GC process, we use the STRING database and Cytoscape software to construct a PPI network, which is composed of 49 nodes and 155 edges (Figure 4A). Then, we used the MODE plugin Cytoscape to identify the key modules from the PPI network. The modules included nine up-regulated differentially expressed genes (DEGs) and one down-regulated DEGs (Figure 4B). Enrichment analysis showed that they were related to positive regulation of cytokine production, hepatitis, and NOD-like receptor signaling pathway.
[image: Figure 4]FIGURE 4 | PPI network and modules analysis. (A) PPI network for DEGs. (B) Key module in PPI network. Red: upregulation; Green: downregulation.
Construction and Verification of Prognostic Genes Related to Pyroptosis
The 51 differentially expressed genes screened above were included in univariate COX analysis, and 47 genes related to prognosis were screened (Supplementary Material S2). The 47 genes were included in multivariate Cox regression analysis to construct prognostic markers, and 10 genes (BIRC2, CD274, IRGM, ANXA2, GBP5, TXNIP, POP1, GBP1, DHX9, and TLR2) related to prognosis were obtained. The coefficients of each gene are shown in Table 1. The risk score was calculated as follows: risk score = (−0.400605791695688*BIRC2 expression) + (−0.323210285810829*CD274 expression) + (2.35259453336258*IRGM expression) + (0.267383737123388*ANXA2 expression) + (−0.252281344553063*GBP5 expression) + (0.142945074684017*TXNIP expression) + (−0.479593898864018*POP1 expression) + (0.301409058780011*GBP1 expression) + (0.539214896060124*DHX9 expression) + (0.295854165226579*TLR2 expression). The risk score of each gastric cancer patient was calculated according to the expression level of the ten genes, and the patients were divided into high-risk and low-risk according to the median risk score. The gene expression profiles of the high-risk group and low-risk group are shown by the heatmap (Figure 5A). Figure 5B shows the risk score distribution of patients with gastric cancer, which increases gradually from left to right and divides the patients into two groups. Figure 5C shows the distribution of survival status and survival time of patients with different risk scores.
TABLE 1 | Genes included in the prognostic gene signature.
[image: Table 1][image: Figure 5]FIGURE 5 | Characteristics of prognostic gene signatures. (A) The heatmap of the ten DEGs expression profiles in high- and low-risk GC patients. The abscissa represents risk types, the ordinate represents the gene. (B) Distribution of risk scores of high- and low-risk GC patients. The abscissa represents the patients (increasing risk score), the ordinate represents the risk score. (C) The scatter plot shows the correlation between survival time and risk score. The abscissa represents the patients (increasing risk score), the ordinate represents survival time (years).
Validation of the 10-Gene Signature
The prognostic value of the risk score was evaluated by univariate and multivariate analysis. Univariate analysis showed that there was a significant correlation between risk score and overall survival (OS) (HR = 1.974,95%CI = 1.504–2.591, p < 0.001) (Figure 6A). Multivariate analysis showed that risk score was an independent prognostic index (HR = 1.982,95%CI = 1.514–2.594, p < 0.001) (Figure 6B). Kaplan-Meier cumulative curve shows that patients with a low-risk score have a longer survival time than patients with a high-risk score (Figure 6C). The AUC of risk score was higher than that of sex, age, pathological grade, and TNM stage, which proved that the Cox model was better than other single indexes in predicting the prognosis (Figure 6D). To verify the predictive value of this prognostic model, we used the same formula to calculate the risk scores of patients in the GSE84437 and GSE66229 datasets. The OS of the high-risk group was significantly lower than that of the low-risk group (GSE84437: p = 7.228e−03; GSE66229: p = 4.217e−02), which is consistent with the results in the TCGA cohort (Figures 6E,F).
[image: Figure 6]FIGURE 6 | Validation of the prognostic signature of ten DEGs. (A) The Forest plot reflects the univariate Cox analysis of the relationship between the clinical features, risk score, and OS of GC patients. Both stage and risk score significantly affect the prognosis of GC patients (p < 0.001). (B) The Forest plot reflects the multivariate Cox analysis of the relationship between the clinical features, risk score, and OS of GC patients. Age and risk score are independent prognostic risk factors for GC (p < 0.001). (C) The Kaplan-Meier Survival curve shows that the OS of high-risk GC patients is significantly lower than that of low-risk patients. The abscissa represents time (years), the ordinate represents survival probability. (D) The 1-year time-dependent ROC curve shows that the prediction accuracy of the risk score is higher than other clinical features (AUC = 0.648). The abscissa represents false positive rate, the ordinate represents true positive rate. (E) Kaplan-Meier Survival Curve of patients with GC in high-risk and low-risk groups in GSE84437 (p = 7.228e−03). The abscissa represents time (years), the ordinate represents survival probability. (F) Kaplan-Meier Survival Curve of patients with GC in high-risk and low-risk groups in GSE66229 (p = 4.217e−02). The abscissa represents time (years), the ordinate represents survival probability.
Expression and Alteration of the Ten Prognosis-Related RBP Genes
The expression of model genes in GC was observed by analyzing the difference of model genes between normal samples and tumor samples (Figure 7). The ten genes were differentially expressed between normal samples and tumor samples (* = p < 0.05, ** = p < 0.01, *** = p < 0.001). We further analyzed the expression of these model genes through the HPA database. Figure 8A shows the immunohistochemical results of seven key RBPs in GC and normal tissues. IRGM, POP1, and TLR2 are not included in the database. By using the cBioPortal online database, we found that the main alteration of 10 RBP genes identified in CG patients was amplification (Figure 8B).
[image: Figure 7]FIGURE 7 | The ten genes were differentially expressed between normal samples and tumor samples (* = p < 0.05, ** = p < 0.01, *** = p < 0.001). The abscissa represents tissues, the ordinate represents gene expression.
[image: Figure 8]FIGURE 8 | Expression and alteration of the ten prognosis-related RBP genes. (A) The representative protein expression of the seven genes in GC and normal tissue. Data were from the Human Protein Atlas (http://www.proteinatlas.org) online database. (B) The expression alteration profiles of the ten genes in the TCGA GC RNA-seq dataset.
The Correlation Between the Clinical Features and Risk Score of GC Patients
Kaplan-Meier curves showed that patients with low risk had a better prognosis in >65 years old, ≤ 65 years old, male, female, G1-2, G3, M0, N1-3, StageI-II, StageIII-IV and T3-4 (p < 0.05) (Figure 9).
[image: Figure 9]FIGURE 9 | The correlation between the clinical features and risk score of GC patients. The abscissa represents time (years), the ordinate represents survival probability.
Construction and Verification of Nomogram
Nomograms can be used to help clinical interpretation of predictive signals, and can easily determine the survival rate of patients with gastric cancer. By combining the characteristics of ten pyroptosis-related prognostic genes with clinicopathological features, a nomogram for predicting individual survival probability was established (Figure 10A), and the possibility of 1-year and 3-year OS was predicted. When the calibration curve is closer to the diagonal, it is proved that the prediction result is more accurate (Figures 10B,C). The 1-year and 3-year ROC curves (Figure 10D) also show that the predictive ability of the nomogram is good (1-year AUC = 0.648,3-year AUC = 0.606).
[image: Figure 10]FIGURE 10 | Construction and validation of the nomogram. (A) Scores of each item of GC patients were calculated according to the nomogram, and the total scores obtained after addition can predict the 1- and 3-year survival probability. (B,C) The 1- and 3-year calibration curves of the nomogram (D) The ROC curves of 1-and 3-year nomogram (AUC = 0.648 for 1 year, AUC = 0.606 for 3 years). The abscissa represents false positive rate, the ordinate represents true positive rate.
Analysis of Immune Cell Infiltration
By exploring the relationship between the risk score model and immune cell infiltration, we found that dendritic cells, macrophages, and neutrophils were positively correlated with the risk score. However, there was no significant correlation between B cells, CD8+T cells, and CD4+T cells and the risk score (Figure 11).
[image: Figure 11]FIGURE 11 | Correlation plot between risk score and immune cells infiltration. The abscissa represents risk score, the ordinate represents infiltration abundances of immune cells.
DISCUSSION
The prognosis of gastric cancer, one of the most common malignant tumors in the world, is still not optimistic. Surgery is the more reliable treatment at present, but further treatment of patients after surgery and conservative treatment of advanced patients have limited benefits. Therefore, to achieve early diagnosis and find treatment targets, it is particularly important to explore the pathogenesis of gastric cancer and establish effective prognostic criteria, which may help patients to develop personalized treatment plans.
In this study, we analyzed the transcriptome information and clinical data of GC patients in the TCGA database. Univariate Cox analysis showed that 47 pyroptosis genes were associated with prognosis. Through multivariate Cox analysis, we established a prognostic model based on ten pyroptosis genes, including BIRC2, CD274, IRGM, ANXA2, GBP5, TXNIP, POP1, GBP1, DHX9, and TLR2. The risk score of each patient can be calculated from the mRNA expression level and risk coefficient of these ten genes. This is an independent risk factor that can affect the prognosis and can predict that the high-risk CG patients have a worse prognosis than the low-risk patients. Through the ROC curve analysis of the survival rate of patients with GC, it is found that the prognostic index has good sensitivity and specificity (AUC = 0.648), which can be used as a reliable predictor of the prognosis of patients with GC. Moreover, we could successfully verify our results in two independent datasets, GSE84437 and GSE66229. We also constructed a nomogram to predict the 1-and 3-year survival rates of patients for clinical application and to obtain more accurate prediction results. The nomogram has better prediction accuracy than the correction curve and ROC curve. Predicted results and the actual results are in good agreement.
BIRC2 is a closely related member of the inhibitor of apoptosis (IAP) family, which plays a key role in nuclear factor JB (NFjB) signal transduction and apoptosis (Yamato et al., 2015). BIRC2 is an effective negative regulator of LTR-dependent HIV-1 transcription (Pache et al., 2015). When its expression is absent, it can inhibit the growth of breast cancer or melanoma through an immune-mediated mechanism (Samanta et al., 2020). On the contrary, the overexpression of BIRC2 promotes the metastasis of gastric cancer cells (Chen et al., 2020a). CD274 (Hou et al., 2020a) is a key molecule of tumor immune checkpoint mechanisms, is one of the main targets of immunotherapy (Fabrizio et al., 2018), and plays an important role in tumor immune escape (Huang et al., 2019). Cancer cells expressing CD274 may affect regulatory T cells in the tumor microenvironment (Masugi et al., 2017). PD-L1 switches TNFα-induced apoptosis to pyroptosis in cancer cells, resulting in tumor necrosis (Hou et al., 2020b). IRGM is a human protein of the immune-associated GTPase family that promotes autophagy during inflammation and infection (Song et al., 2015). It has been reported that IRGM plays an important role in non-small cell lung cancer (Wang et al., 2018) and liver cancer by regulating autophagy (Chen et al., 2021). In addition, IRGM interacts with NLRP3 and ASC and blocks the assembly of inflammatory bodies by blocking the oligomerization of NLRP3 and ASC (Mehto et al., 2019). ANXA2 is a 36 kDa calcium-dependent phospholipid-binding cytoskeletal protein. When ANXA2 is silenced, the ability of proliferation, invasion, and migration of gastric cancer cells is weakened (Xie et al., 2019), but when it is overexpressed, it can promote the migration, invasion, and metastasis of esophageal cancer cells in vitro and in vivo by activating the MYC-HIF1a-VEGF cascade pathway (Ma et al., 2018). GBP5 and GBP1 are interferon-inducible GTPases belonging to the guanylate binding protein (GBP) family, which can promote antibacterial immunity and cell death. They support the activation of caspase-1-containing inflammasome complexes or caspase-4, which triggers pyroptosis (Fisch et al., 2019). Studies by Jing Zhao et al. (2019) have shown that GBP1 can promote survival or carcinogenesis in prostate cancer. TXNIP is the only known α-arrestin protein family that binds to Trx (Schröder et al., 2020). The expression of TXNIP in tumors is very low, and it may play an inhibitory role in many kinds of cancers such as liver cancer, breast cancer and lung cancer (Chen et al., 2020b). POP1 is an intact membrane protein that regulates the formation of tight junctions (Williams et al., 2011). It inhibits the assembly of ASC-dependent inflammatory bodies by preventing the nucleation of inflammatory bodies, thereby interfering with the activation of caspase-1, the release of IL-1b and IL-18, pyroptosis and the release of ASC particles (de Almeida et al., 2015). DHX9 is a member of RNA helicase DExH subgroup, which plays an important role in several aspects of RNA metabolism (Palombo et al., 2020). The expression of DHX9 is up-regulated in cervical cancer tissue, which promotes the movement and angiogenesis of cervical cancer cells. Moreover, DHX9 plays an important role in promoting the metastasis of colorectal cancer (Hou et al., 2021). TLR2 belongs to the Toll-like receptor family and is a key regulator of innate and acquired immune responses (Cao et al., 2019).
We found that dendritic cells, macrophages, and neutrophils infiltration into CG tumors were positively correlated with the risk score. Macrophages create an inflammatory environment that is mutagenic and promotes growth at the beginning of tumor formation. With tumor development, macrophages stimulate angiogenesis, enhance the migration and invasion of tumor cells, and inhibit anti-tumor immunity (Qian and Pollard, 2010). It has been confirmed that macrophages play an important role in the occurrence and development of gastric cancer (Chen et al., 2017; Zheng et al., 2017; Eissmann et al., 2019; Gambardella et al., 2020). Dendritic cells are powerful antigen-presenting cells that can stimulate immature resting T cells and initiate the initial immune response (Wu et al., 2004). The fusion vaccine of allogeneic dendritic cells and tumor cells can be used to enhance the effect of immunotherapy in patients with gastric cancer (Li et al., 2015). Neutrophils are the first responders to inflammation and infection. Tumor-associated neutrophils can promote tumor inflammation by promoting angiogenesis, extracellular matrix remodeling, metastasis, and immunosuppression (Mollinedo, 2019). It has been confirmed that tumor-associated neutrophils can promote the progression and metastasis of gastric cancer in many ways (Jaillon et al., 2020). Shao et al. (2021) established the gastric cancer score related to pyroptosis, which proved its significant correlation with the immune microenvironment, and further confirmed our research results. It provides support for the development of immunotherapy strategies related to pyroptosis in the future.
This study has some limitations. The conclusion of this study is based on bioinformatic analyses and lacks further verification in vivo and in vitro. The samples come from a retrospective study, so it is necessary to conduct a more in-depth prospective clinical study of the signature and nomogram.
In summary, we have established a new prognostic model for gastric cancer and pyroptosis. The score generated by the risk signature of the markers is an independent risk factor for predicting OS. According to the established nomogram, the 1-and 3-year survival rate of patients with gastric cancer can be predicted, which provides a reference for the formulation of personalized treatment for patients with gastric cancer, and provides an important basis for further study of the relationship between gastric cancer and pyroptosis.
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Background: Head and neck squamous cell carcinoma (HNSCC) is a highly prevalent and malignant tumor that is difficult to effectively prognosticate outcomes. Recent reports have suggested that inflammation is strongly related to tumor progression, and several biomarkers linked to inflammation have been demonstrated to be useful for making a prognosis. The goal of this research was to explore the relevance between the inflammatory-related genes and HNSCC prognosis.
Methods: The clinical information and gene expression data of patients with HNSCC were acquired from publicly available data sources. A multigene prognostic signature model was constructed in The Cancer Genome Atlas and verified in the Gene Expression Omnibus database. According to the risk score calculated for each patient, they were divided into low- and high-risk groups based on the median. The Kaplan–Meier survival curve and receiver operating characteristic curve were applied to determine the prognostic value of the risk model. Further analysis identified the independent prognostic factors, and a prognostic nomogram was built. The relationship between tumor immune infiltration status and risk scores was investigated using Spearman correlation analysis. Finally, to confirm the expression of genes in HNSCC, quantitative real-time polymerase chain reaction (qRT-PCR) was performed.
Results: A prognostic model consisting of 14 inflammatory-related genes was constructed. The samples with a high risk had an apparently shorter overall survival than those with a low risk. Independent prognostic analysis found that risk scores were a separate prognostic factor in HNSCC patients. Immune infiltration analysis suggested that the abundance of B cells, CD8 T cells, M2 macrophages, myeloid dendritic cells, and monocytes in the low-risk group was higher, while that of M0, M1 macrophages, and resting NK cells was obviously higher in the high-risk group. The risk scores were related to chemotherapeutic sensitivity and the expression of several immune checkpoint genes. Moreover, CCL22 and IL10 were significantly higher in HNSCC tissues, as determined by qRT-PCR.
Conclusion: Taken together, we constructed a novel inflammatory response–related gene signature, which may be used to estimate outcomes for patients with HNSCC and may be developed into a powerful tool for forecasting the efficacy of immunotherapeutic and chemotherapeutic drugs for HNSCC.
Keywords: head and neck squamous cell carcinoma, inflammatory response, prognosis, chemotherapy sensitivity, immune cell infiltration
INTRODUCTION
Head and neck cancers (HNCs) are a group of heterogeneous diseases and include cancers occurring in the tongue, mouth, pharynx, and larynx and other oral cavities (Haddad and Shin, 2008). HNC ranks sixth in terms of the global cancer incidence rate and accounts for about 4% of all cancers. In the United States in 2020, it was estimated that HNC accounted for about 65,630 new oral cavity, pharynx, and larynx cancer cases and 14,500 deaths (Ferlay et al., 2019; Siegel et al., 2020). According to histopathologic classification, about 90% of HNCs are squamous cell carcinoma (Ma et al., 2020). The specific etiology of head and neck squamous cell carcinoma (HNSCC) is unknown. Previous studies have suggested that genetic factors, smoking, alcohol consumption, and viral infections [e.g., Epstein–Barr virus (EBV) and human papillomavirus (HPV)] were the most common risk factors (Mehanna et al., 2013; Maasland et al., 2014; Turunen et al., 2017). Surgery, radiation, chemotherapy, and molecular targeted medicines are all options for HNSCC treatment. Although there has been an improvement in the therapeutic modalities available, the clinical prognosis has not evolved significantly. Due to the high incidence of local recurrence and distant metastases, the 5-year survival rate of HNSCC patients is lower than 50% (Chow, 2020). Identification of novel molecular biomarkers is significant for improving the prognosis of these patients because of the multiple anatomical locations, molecular heterogeneity, and diverse etiology of HNSCC.
Since inflammation may contribute to the development of various cancers, the biological processes between inflammation and carcinogenesis have been the focus of research (Greten and Grivennikov, 2019). Chronic inflammation induces tumor angiogenesis and DNA damage, and promotes tumor proliferation and metastasis while preventing apoptosis (Grivennikov et al., 2010). Some studies have revealed a partial association between cancer and inflammatory markers by analyzing peripheral blood–related parameters. For example, many inflammatory response features like leukocytosis, hypoproteinemia, and hyperfibrinogenemia were confirmed in HNSCC patients (Cai et al., 2020; Zhou et al., 2019). In recent years, the use of systemic hematology inflammatory markers as prognostic factors in malignancy has attracted increasing attention. Neutrophil, lymphocyte, monocyte, and platelet counts, both individually and expressed as ratios, showed significant overall survival (OS) prognostic ability and were independent of existing prognostic factors for HNSCC (Zhou et al., 2020; Rassouli et al., 2015). Mcmillan reported that the Glasgow Prognostic Score, consisting of peripheral blood inflammatory markers, was an independent prognostic factor in cancer patients (Mcmillan, 2013). This spurred the researchers to further study the association between the comprehensive inflammation score and cancer prognosis.
In addition to blood parameters, some inflammatory response-related genes have also been used to assess distant metastasis of cancer (Clatot et al., 2014). The C-C motif chemokine ligand 22 (CCL22) and C-C chemokine receptor 7 (CCR7) have been reported to be highly expressed in tongue squamous cell carcinoma (TSCC) and associated with poor prognosis such as lymph node metastasis (Kimura et al., 2021; Qi Wang et al., 2021). Gene expression levels of coagulation factor III (F3) contribute to the stratification and prognosis prediction of prostate cancer patients (Peng et al., 2016). Interleukin 10 receptor subunit alpha (IL10RA) regulates tumor immune responses and is implicated in the pathogenesis of colorectal cancer. Interleukin 2 receptor subunit beta (IL2RB) polymorphism is associated with lung cancer susceptibility and involved in lung cancer progression (Zadka et al., 2018; Jia et al., 2019). Nevertheless, the association between the inflammatory response–related genes and the outcomes of HNSCC needs to be further investigated.
In this study, the mRNA profile and relevant clinical characteristics of patients with HNSCC were assessed through public databases. Univariate and multivariate Cox regression algorithms were employed to screen 14 genes in The Cancer Genome Atlas (TCGA) database, namely, CCL22, CCR7, CD48 molecule (CD48), F3, heparin-binding EGF-like growth factor (HBEGF), interleukin 10 (IL10), IL10RA, IL2RB, LCK proto-oncogene, Src family tyrosine kinase (LCK), phosphoinositide-3-kinase regulatory subunit 5 (PIK3R5), presenilin 1 (PSEN1), TIMP metallopeptidase inhibitor 1 (TIMP1), TNF alpha–induced protein 6 (TNFAIP6), and TNF receptor superfamily member 1B (TNFRSF1B). Then, the prognostic characteristics were established, and the Gene Expression Omnibus (GEO) database was used for validation. We then evaluated the genes’ prognostic prediction efficiency in patients with HNSCC, as well as their relationships to the immune infiltrate types and the chemotherapeutic sensitivity. Finally, we performed a quantitative real-time polymerase chain reaction (qRT-PCR) analysis to preliminarily verify the mRNA expression levels of these genes in HNSCC.
METHODS
Data Collection
Clinical information related to HNSCC and the RNA sequencing data of gene expression were obtained from TCGA (https://portal.gdc.cancer.gov/). The GSE41613 chip was acquired from the GEO (http://www.ncbi.nlm.nih.gov/geo/). Through the Molecular Signatures database (MSigDB), we obtained 200 inflammatory response-related genes. The clinicopathological data, including survival information, age, sex, grade, and clinical stage, were collected. All data used in our articles are publicly available in public databases, and patients without survival information were excluded from further analysis. This work is in accordance with the Helsinki Declaration.
Building and Validating a Prognostic Inflammatory Response–Related Gene Signature
The Akaike information criterion (AIC) (Akaike, 1974) was founded and developed by Japanese statistician Hirotugu Akaike and is a standard to measure the goodness of fit of statistical models. The smaller the AIC value, the better the model. By univariate Cox analysis, we preliminarily identified the inflammatory response–related genes correlated with prognosis in TCGA database. Subsequently, the significant genes obtained from univariate analysis were applied to multivariable Cox algorithms, and the prognostic feature model was established based on the minimum AIC. The signature risk score was generated in light of each gene’s expression level and its relevant coefficient. The detailed equation was: risk scores = (gene-1 expression × corresponding coefficient) + (gene-2 expression × corresponding coefficient) + … + gene-n expression × corresponding coefficient). The patients were then assigned to high- and low-risk groups based on their median risk score, and the Kaplan–Meier (K-M) curve was utilized to examine the OS differences between the two groups. To evaluate the predictive efficacy of the prognostic risk scoring model, the time-dependent receiver operating characteristics (ROC) curve was drawn, and the area under the curve (AUC) was calculated. Additionally, we compared the AUC of Wu et al. (2021) and Jiang et al. (2021) models. A univariate analysis and a multivariate analysis were performed to explore the independent prognostic significance of age, sex, grade, clinical stage, and risk score. After the above process, the best potential prognostic factors were selected and converted into visual nomograms of 1-, 3-, and 5-year OS. To estimate the nomogram’s clinical utility, decision curve analysis (DCA) was utilized. Finally, the above genes and prognostic signatures were tested and verified in the GEO data set.
Investigation of Tumor Immune Infiltration
To comprehend the relevance among prognostic risk models and immune cell infiltration levels, we performed seven noncontroversial methods for calculating the immune infiltration status of HNSCC patients, including XCELL (Aran, 2020), TIMER (Li et al., 2020), QUANTISEQ (Plattner et al., 2020), MCPCOUNTER (Dienstmann et al., 2019), EPIC (Racle et al., 2017), CIBERSORT-ABS (Tamminga et al., 2020), and CIBERSORT (Chen et al., 2018). The obtained correlation coefficients were plotted as lollipop diagrams. Furthermore, to study the correlations between immune checkpoint expression levels and prognostic risk scores, the level of immune checkpoint genes among the two groups was compared by the Wilcoxon test.
Chemotherapy Sensitivity Analysis
The half inhibitory concentration (IC50) represents the level of drug required to inhibit tumor cells by 50%. The lower the IC50, the more sensitive the drug. In the TCGA cohort, to assess whether this risk model can guide chemotherapy in patients with HNSCC, we calculated the IC50s of commonly used chemotherapeutics with the “pRRophetic” package. The American Joint Committee on Cancer (AJCC) guidelines suggest anticancer drugs, such as cisplatin, docetaxel, lapatinib, methotrexate, and rapamycin, for use in the treatment of HNSCC. The Wilcoxon measure was used to analyze the discrepancies of IC50s among the high- and low-risk groups, and the outcomes were plotted as a box chart.
Verification by Quantitative Real-Time Polymerase Chain Reaction
Ten pairs of HNSCC tissues and adjacent noncancerous tissues from the First Affiliated Hospital of Anhui Medical University, approved by the ethics committee, were used in this study. Each participant filled out an informed consent form. The samples were from HNSCC patients who had undergone surgical resection but had not previously received chemotherapy or radiation. The total RNA was extracted from the tissue using TRIzol technology and stored in liquid nitrogen until needed. The Revert Aid First Strand cDNA Synthesis Kit (Thermo Fisher Scientific) was used to reverse transcribe the extracted RNA into cDNA for further analysis, while the concentration of the cDNA was measured to ensure that it meets the standard of use. Supplementary Table S1 shows the primer sequences for PCR. As an internal control, GAPDH was used, and the samples were recorded. Transcriptome levels were collected and differences were compared using the Wilcoxon test.
Statistical Analysis
The prognostic genes were selected by univariate Cox regression analysis. The K-M method was performed to analyze the distinctions of the OS between high- and low-risk groups, and the statistical significance was obtained by log-rank test. Multivariate Cox regression analyses were used to identify the independent risk factors for the outcomes. The prognostic performance of risk scores on survival prediction was evaluated by ROC curve, and the AUC value was calculated. Spearman correlation analysis was used to test the relevance among the risk score of prognostic models and the immune cell levels. IC50 between the two groups was compared by the Wilcoxon test. The differences in gene expressions between the HNSCC tissues and adjacent non-cancer tissues were tested by Wilcoxon test. All graphics and statistical analyses were completed in R (version 4.1.0) and GraphPad Prism (version 9.0.0).
RESULTS
Distinguishing Prognostic Inflammatory Response–Related Genes in Head and Neck Squamous Cell Carcinoma
We summarized the detailed flow chart of Figure 1. The study population included TCGA and GSE41613 data sets. To investigate the potential roles of prognostic inflammatory response-related genes in HNSCC, a total of 200 inflammatory response–related genes were obtained through the MSigDB (Supplementary Table S2). The univariate Cox proportional hazards regression method suggested that 45 of these genes were related to OS and were preserved as prognostic indicators. Twenty-two genes revealed positive coefficients that signified that a higher expression of these genes was accompanied by shorter survival, and another 23 genes had negative coefficients, which showed that high levels of these genes were associated with longer OS (Table 1).
[image: Figure 1]FIGURE 1 | Flow chart of the study.
TABLE 1 | The results of the association between 45 inflammatory response–related genes expression and OS from univariate cox regression analysis.
[image: Table 1]Establishment and Verification of Prognostic Inflammatory Response–Related Signature
The relevant data of the above 45 genes were further processed by multivariate analysis. Fourteen genes with a minimum AIC value of 2319.65 were selected and estimated by the R software to develop a prognostic risk model (Figure 2A). The corresponding coefficients are shown in Supplementary Table S3. CD48, F3, HBEGF, IL2RB, PIK3R5, PSEN1, TIMP1, and TNFAIP6 were considered as risk factors with hazard ratio (HR) values greater than 1, whereas the remaining six genes (CCL22, CCR7, IL10, IL10RA, LCK, and TNFRSF1B) were considered protective factors, with HR values less than 1. The risk score was measured in the light of the expression values of the genes as follows: score = (−0.184 × CCL22 expression level) + (−0.386 × CCR7 expression level) + (0.649 × CD48 expression level) + (0.083 × F3 expression level) + (0.322 × HBEGF expression level) + (−1.055 × IL10 expression level) + (−0.474 × IL10RA expression level) + (0.479 × IL2RB expression level) + (−0.392 × LCK expression level) + (1.014 × PIK3R5 expression level) + (0.570 × PSEN1 expression level) + (0.223 × TIMP1 expression level) + (0.215 × TNFAIP6 expression level) + (−0.442 × TNFRSF1B expression level). Using the median risk score as the cutoff point, all patients in the TCGA group (n = 499) were separated into a high-risk group (n = 249) and a low-risk group (n = 250). The survival curve illustrated that the patients with low risk had an obviously longer OS than those in the high-risk group (p < 0.001; Figure 2B). To evaluate the model’s performance, the ROC curve was generated, and the AUC was 0.715 at 1 year, 0.724 at 3 years, and 0.700 at 5 years (Figure 2C). To further test the stability of the signature, we evaluated it in the GEO cohort. Consistent with the conclusions of the TCGA cohort, the patients with low risk tended to have a longer survival time (Figure 2D). Furthermore, a similar result was obtained in the ROC curves, and the AUCs at 1, 3, and 5 years of the inflammatory response–related signature were 0.733, 0.754, and 0.745, respectively (Figure 2E). In addition, to verify the optimality of the risk model, we not only drew the 1-, 3-, and 5-year ROC curves but also compared the 3-year ROC curve with Wu et al. (2021) and Jiang et al. (2021) models (Figure 2F). The results demonstrated that the inflammatory response–related signature had better performance.
[image: Figure 2]FIGURE 2 | Construction and prognostic analysis of the 14-gene signature model. (A) Forest plot showing 14 prognostic inflammatory response-related genes in head and neck squamous cell carcinoma based on a minimum Akaike information criterion (2319.65) value multivariate Cox results. *p < 0.05, **p < 0.01, ***p < 0.001. HR < 1 means protective factors, HR > 1 means risk factors. Kaplan–Meier curve analysis of the inflammatory response–related gene signature in The Cancer Genome Atlas (TCGA) data set (B) and the Gene Expression Omnibus (GEO) data set (D). Receiver operating characteristics (ROC) curve analysis of the inflammatory response–related gene signature of 1-, 3-, and 5-year in the TCGA data set (C) and GEO data set (E). (F) A comparison of the 3-year ROC curve with Wu’s and Jiang’s models.
Association Between Prognostic Models and Clinicopathological Characteristics
To investigate the relationship between the prognostic model and clinical features, we first examined the distribution of risk values among clinical features. As shown in Figures 3A–C, risk scores did not differ substantially when age, sex, and grade were considered. By contrast, stages III–IV had a much higher risk score than stages I–II (p = 0.019) (Figure 3D). These findings suggested that higher risk scores were associated with higher malignancy in HNSCC.
[image: Figure 3]FIGURE 3 | The correlations between the risk model and clinical factors. (A) Age. (B) Gender. (C) Grade. (D) Stage.
Furthermore, to investigate the prognostic value of the model in HNSCC patients after stratification according to clinicopathological variables, we divided the patients into subsets based on their age, gender, grade, and stage to plot the K-M survival curve. The samples were classified into eight subgroups: younger (≤65 years) and older (>65 years), male and female, earlier grade and advanced grade, and earlier stage and advanced stage. We chose the previous cutoff value, and patients in each subgroup were further assigned to high- and low-risk groups. For all the different subgroups, those in the high-risk group had an obviously shorter OS than their low-risk counterparts (Figures 4A–H). The results suggested that the risk model can anticipate the outcomes of patients with HNSCC without considering clinicopathological subgroups. In sum, the risk signature exerts critical roles in determining the prognosis of patients with HNSCC.
[image: Figure 4]FIGURE 4 | Kaplan–Meier survival curves for the high- and low-risk groups stratified by clinical factors. (A) age >65 years, (B) age ≤65 years, (C) gender (female), (D) gender (male), (E) grades 1–2, (F) grades 3–4, (G) stages I–II, and (H) stages III–IV.
Independence of the Prognostic Model
To clarify whether the signature was an independent prognostic variable for OS, the risk score and other clinical features (age, gender, grade, and clinical stage) were analyzed. Univariate analysis suggested that the risk score was greatly related to OS (TCGA data set: HR = 1.789, 95% CI = 1.594–2.009, p < 0.001; GEO data set: HR = 1.468, 95% CI = 1.246–1.729, p < 0.001; Figures 5A,B). Further multivariate Cox analysis excluded other confounding factors, and the results demonstrated that the risk score was still an independent prognostic tool for the OS in the TCGA data set (HR = 1.753, 95% CI = 1.556–1.975, p < 0.001) and the GEO data set (HR = 1.628, 95% CI = 1.351–1.962, p < 0.001; Figures 5C,D). In addition, age and clinical stage were also confirmed as independent predictors for OS (Figure 5).
[image: Figure 5]FIGURE 5 | The independence identification of the risk model. Univariate cox regression analysis and multivariate cox regression analysis were performed in The Cancer Genome Atlas data set (A,C) and the Gene Expression Omnibus data set (B,D).
Nomogram Construction and Verification
A nomogram with an integrated prognostic model and other clinical parameters was developed to predict the OS of HNSCC patients and to assist doctors in providing better therapy (Figure 6A). Then, a calibration curve was created to determine the nomogram’s reliability (Figure 6B). Moreover, DCA was performed to analyze the net benefits of none, all, age, AJCC stage, risk score, and the nomogram to verify the clinical utility of the nomogram. As shown in Figure 6C, the nomogram had a better potential for clinical utility compared with the other five groups. Thus, the risk model provided effective prognosis predictive value and delivered some net benefits that may be useful for patients with HNSCC.
[image: Figure 6]FIGURE 6 | Construction and validation of the nomogram for predicting the overall survival (OS) of patients with head and neck squamous cell carcinoma. (A) The nomogram for predicting the OS of patients at 1, 3, and 5 years. (B) Calibration curves of the nomogram for OS prediction at 1, 3, and 5 years. (C) Decision curve analysis for the prediction of 1-, 3-, and 5-year OS.
Association of Risk Score With Immune Infiltrating Cells
To investigate the efficiency of inflammatory response–related genes on the status of the tumor microenvironment, seven algorithms were applied to investigate the correlations between the level of immune cells and the model-predicted risk score. After Spearman correlation analysis was conducted, we found that the risk score was positively linked to M0, M1 macrophages, and resting NK cells infiltrating, while being negatively associated with B cells, CD8 T cells, M2 macrophages, myeloid dendritic cells, and monocytes infiltrating in the HNSCC samples (Figure 7A; Supplementary Table S4). We then detected the expression levels of immune checkpoints among samples with different risk scores, and differences were further found in the expressions of some immune checkpoint genes between the two groups (Figure 7B). The outcomes revealed that these genes might be prospective indicators for the regulation of immune activity in the immune microenvironment and may play an important role in checkpoint inhibitor-based immunotherapies.
[image: Figure 7]FIGURE 7 | Correlation of tumor-infiltrating cells and immune checkpoints with risk scores. (A) A lollipop diagram shows that high-risk score was positively related to M0, M1 macrophages, and resting NK cells infiltrating, whereas it was negatively associated with B cells, CD8 T cells, M2 macrophages, myeloid dendritic cells, and monocytes infiltrating in head and neck squamous cell carcinoma patients. (B) Expression of immune checkpoints among high- (n = 249) and low-risk groups (n = 250). *p < 0.05, **p < 0.01, ***p < 0.001.
Correlation Between the Prognostic Signature and Chemosensitivity
Chemotherapy is an important part of the comprehensive treatment of HNSCC. Therefore, we sought to determine whether there is a correlation between risk scores and patient sensitivity to commonly used chemotherapeutic agents. The results showed that drugs such as lapatinib (p < 0.001; Figure 8A), docetaxel (p < 0.001; Figure 8B), and cisplatin (p < 0.001; Figure 8C) had lower IC50s in the high-risk group, while rapamycin (p < 0.001; Figure 8D) and methotrexate (p < 0.001; Figure 8E) were lower in the low-risk group. In short, high-risk groups were more sensitive to lapatinib, docetaxel, and cisplatin, while low-risk groups responded better to rapamycin and methotrexate. Therefore, this model shows great potential for predicting chemosensitivity and may help clinicians choose the best chemotherapy regimen.
[image: Figure 8]FIGURE 8 | Prediction sensitivity of chemotherapy benefit in high- (n = 249) and low-risk groups (n = 250). (A) Lapatinib. (B) Docetaxel. (C) Cisplatin. (D) Rapamycin. (E) Methotrexate.
Expression Levels of C-C Motif Chemokine Ligand 22 and Interleukin 10 was Upregulated in Quantitative Real-Time Polymerase Chain Reaction
qRT-PCR was used to examine the relative mRNA expression levels of these genes in 10 pairs of HNSCC and adjacent non-cancer tissues. As shown in Figure 9, the expression of CCL22 and IL10 was much higher in HNSCC tissues than in adjacent tissues. However, no significant differences were observed in the mRNA expression levels of the remaining 12 genes between HNSCC tissues and normal tissues (Supplementary Figure S1). This may be related to the small number of samples we tested.
[image: Figure 9]FIGURE 9 | Expressions of signature genes CCL22 and IL10 were upregulated in head and neck squamous cell carcinoma. (A) qPCR analysis of CCL22 mRNA levels in tumor and adjacent normal tissues. (B) qPCR analysis of IL10 mRNA levels in tumor and adjacent normal tissues.
DISCUSSION
With the progress of medical technology, various treatments for HNSCC have been fully developed. However, due to the lack of reliable biomarkers, we are often unable to effectively predict the therapeutic efficacy of HNSCC treatments. A growing number of researchers have shown that inflammation response plays a significant role in the pathophysiology and progression of HNSCC and is associated with patient outcomes (Rassouli et al., 2015; Zhou et al., 2020). Serum indicators linked with inflammation, such as the neutrophil/lymphocyte ratio, platelet/lymphocyte ratio, and lymphocyte/monocyte ratio, have been shown to be effective at forecasting the prognosis of HNSCC in recent years (Zhou et al., 2019; Valdes et al., 2020). However, inflammatory response-related genes, as prognostic predictors for HNSCC, have not been developed. According to the existing literature, an RNA-binding protein-based signature (Wu et al., 2021) and a three-lncRNA signature (Jiang et al., 2021) predicted the 3-year OS for HNSCC with AUCs of 0.659 and 0.606, respectively. The inflammatory response-related gene signature built in the present study shows better validity than the above gene signatures. Moreover, another important advantage of our research is that we evaluated the value of the risk models in predicting immune cell infiltration and chemotherapy sensitivity, further increasing the model’s clinical utility and providing potential biomarkers for clinical therapeutics.
In our research, we employed RNA expression data and 200 inflammatory response-related genes to systematically analyze OS in patients with HNSCC. In the TCGA data set, we built a prognostic signature containing 14 inflammatory response-related genes to establish risk stratification and predict clinical outcomes. Patients with HNSCC were compartmentalized into low-risk and high-risk groups using the median risk score. We found that the low-risk group was significantly correlated to a longer OS, which was effectively validated in the GEO database. Further analysis revealed that the correlation between the risk models and OS in HNSCC patients was independent of clinicopathological subgroups. In addition, independent analysis showed that the prognostic risk model was an independent prognostic factor for HNSCC. Then, by combining the inflammatory prognostic signature with other prognostic variables, we developed a simple-to-use prediction nomogram model, which was helpful in predicting 1-, 3-, and 5-year OS and may prove beneficial in the clinical treatment of HNSCC patients.
The inflammatory response–related gene signature consisted of 14 genes (CCL22, CCR7, CD48, F3, HBEGF, IL10, IL10RA, IL2RB, LCK, PIK3R5, PSEN1, TIMP1, TNFAIP6, and TNFRSF1B). Previous research has shown that these 14 genes play a role in cancer progression. CCL22 is one of the several Cys-Cys (CC) cytokine genes, mainly produced by M2-like tumor-associated macrophages in the tumor microenvironment. CCL22 plays an important role in regulating regulatory T-cell migration by binding to its receptor CCR4 (Rohrle et al., 2020). Studies have found that high expression of CCL22 in the tumor microenvironment is closely related to lymph node recurrence in TSCC and poor prognosis of cervical cancer (Kimura et al., 2021; Wang et al., 2019). Our study also confirmed this, as we found that CCL22 mRNA levels were significantly upregulated in HNSCC tissues by qRT-PCR. Found in a variety of lymphoid organs, CCR7 has been shown to activate B and T lymphocytes, regulate the movement of memory T cells to inflamed tissues, and promote dendritic cell growth. Furthermore, CCR7 is required for the growth of lymph nodes and the construction of their follicular functional structures, as well as for the guidance of cells to lymphoid tissue (Fuss et al., 2021). Therefore, like CCL22, CRR7 plays a crucial role in the migration of tumor cells to the lymphatic system and makes a crucial contribution to the metastasis and expansion of TSCC (Qi Wang et al., 2021). As a co-stimulatory and adhesion molecule, CD48 is mainly synthesized by hematopoietic cells, especially antigen-presenting cells. CD48 interacts with CD2 and participates in various innate immune responses, playing a key role in regulating immune activation or suppression (Mcardel et al., 2016). In addition, the expression of CD48 has been shown to be upregulated throughout the development of glioblastoma, and patients with high CD48 expression have a poorer prognosis (Zou et al., 2019). HBEGF can activate growth factor activity and heparin-binding activity, which is involved in multiple processes, such as promoting wound healing, and plays a role in the epidermal growth factor receptor pathway (Higashiyama et al., 1991). HBEGF is abundantly produced in ovarian and breast cancers, and its high expression can promote the tumor cell or macrophage paracrine invasion loop, thereby promoting tumor infiltration, invasion, and metastasis (Zhou et al., 2014). F3, also known as tissue factor (TF), is a protein encoded by a gene in cells responsible for initiating the blood clotting process. It promotes the hypercoagulable state in cancer patients by acting as a high-affinity receptor for coagulation factor VII (Liu et al., 2015). Furthermore, F3 promotes tumorigenesis, angiogenesis, and tumor cell migration and metastasis, all of which contribute to tumor expansion. According to previous studies, F3 gene expression levels were significantly elevated in patients with advanced lung cancer and were associated with poorer survival (Régina et al., 2009). IL10 is an interleukin mainly produced by monocytes, with multiple effects on innate and adaptive immunity and inflammatory processes. It inhibits the production of Th1 cytokines, MHC class II antigens, and co-stimulatory molecules in macrophages and also helps B cells survive, proliferate, and produce antibodies. Importantly, it is involved in the control of tumor cell proliferation and invasion through the JAK/STAT signaling pathway (Béguelin et al., 2015). In this study, the expression level of IL10 was significantly increased in HNSCC tissues, suggesting that IL10 may be a potential prognostic factor in HNSCC. As a receptor for IL10, IL10RA can regulate tumor immune responses and is highly expressed in HNSCC tissues (Juncheng Wang et al., 2021). However, in our study, its expression did not differ between tumors and adjacent tissues, which may be related to our small sample size. IL2RB is one of the receptors of IL2 that is involved in T-cell–mediated immune responses, and its binding to IL2 promotes the growth of NK92 cells and its anticancer function (Jounaidi et al., 2017). LCK is an important factor regulating the motility of oral cancer cells and is associated with the invasion and metastasis of oral cancer cells. LCK inhibitors could be used to regulate glioma cell movement, cancer invasion, and stem cell gene expression (Zepecki et al., 2018). This suggests that LCK may become a new target gene for cancer therapy. PIK3R5 gene has predictive potential for lymph node metastasis in breast cancer, while PSEN1 downregulation promotes the chemoradiotherapy resistance of esophageal carcinoma (Meng et al., 2016; Paula et al., 2017). TIMP1 and TNFRSF1B genes have been confirmed to take part in the pathogenesis of colorectal cancer and have prognostic value (Yu et al., 2014; Huang et al., 2019). Downregulation of TNFAIP6 can inhibit the proliferation, invasion, and metastasis of gastric cancer (GC). Previous research demonstrated that increased TNFAIP6 expression is linked to the level of infiltration, lymph node metastases, and poor outcome in GC patients, implying that TNFAIP6 may be a workable therapeutic target for GC (Zhang et al., 2021). Our findings demonstrate these genes can be applied to forecast HNSCC outcomes, although their mechanisms need to be further explored.
It has been increasingly recognized that the tumor microenvironment is closely correlated with the occurrence and progression of cancers. The results of existing studies have shown that immune component imbalance is a significant factor causing the short survival of patients with cancer (Li et al., 2017). To further understand the association among risk scores and tumor infiltrating immune cells, we performed seven established algorithms for immune infiltration analysis. Due to the heterogeneity of these methods, internal comparisons were rarely utilized. Through integration analysis, our study showed that the abundance of B cells, CD8 T cells, M2 macrophages, myeloid dendritic cells, and monocytes in the low-risk group was higher, and the high-risk group had higher M0, M1 macrophages, and resting NK cells. Yang et al. (2019) reported that in cervical cancer patients, CD8 T-cell infiltration tended to have a good prognosis, whereas Ali et al. (2016) suggested that increased levels of M0 macrophages led to a poor prognosis in breast cancer. The results of these studies are consistent with ours.
Checkpoint inhibitor immunotherapies significantly improved the prognosis of patients with advanced cancers (Hellmann et al., 2018). We found a meaningful distinction in the expression of immune checkpoints among the two groups in the present study, which suggested that the sensitivity for immunotherapy may also be different. Additionally, our study demonstrated that the high-risk patients were susceptible to chemotherapy drugs, for example, cisplatin, docetaxel, and lapatinib. Therefore, the results of our study may help foresee the immune checkpoint levels and potentially guide immunotherapy and chemotherapeutic decisions. Finally, we carried out qRT-PCR analysis and concluded that mRNA expression levels of CCL22 and IL10 were higher in HNSCC cancer tissues than in normal tissues.
However, our research has some limitations, which does not affect the value of this study. First, we presented bioinformatic evidence by constructing and evaluating 14 inflammatory response-related gene signatures based on traditional statistical methods that can accurately predict the prognosis of HNSCC. Although many reports have proved the practicability of these methods, it is still necessary to develop higher-level statistical techniques to improve the accuracy and stability of the model. Additionally, our outcomes were only verified using the GEO data sets and qRT-PCR, and further validation in additional clinical cases is required. Second, we only analyzed the correlation between inflammatory genes and clinical prognosis, and further experimental studies are required to explore the specific mechanism of these genes in relation to the prognosis of HNSCC. Finally, tobacco, alcohol, HPV, and EBV infections, which are important risk factors for HNSCC, were not included in the analysis. We will continue to investigate this field in the future.
CONCLUSION
In summary, we identified 14 prognostic inflammatory response-related genes in HNSCC and developed a new prognostic signature model that was confirmed to be independently related to OS. Furthermore, this signature revealed the immune cell infiltration patterns and chemotherapeutic sensitivity in HNSCC, which can assist in predicting the prognosis and guiding the treatment.
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Variables Total (N = 103) Death Log-rank P Progress or Death Log-rank P

No (N = 44) Yes (N = 59) No (N = 35) Yes (N = 68)
Age 0.766 0.378
<65 48 (46.60) 21 (43.75) 27 (56.25) 18 (37.50) 30 (62.50)
>65 55 (53.40) 23 (41.82) 32 (58.18) 17 (30.91) 38 (69.09)
Gender 0.915 0.549
Female 55 (53.40) 24 (43.64) 31 (56.36) 21(38.18) 34 (61.82)
Male 48 (46.60) 20 (41.67) 28 (58.33) 14 (29.17) 34 (70.83)
Smoke 0.148 0.130
No 16 (156.53) 12 (75.00) 4 (25.00) 10 (62.50) 6 (37.50)
Yes 87 (84.47) 32 (36.78) 55 (63.22) 25 (28.74) 62 (71.26)
Tumor laterality 0.227 0.493
Left 41 (39.81) 16 (39.02) 25 (60.98) 14 (34.15) 27 (65.85)
Right 62 (60.19) 28 (45.16) 34 (54.84) 21(33.87) 41 (66.13)
Metastasis 0.928 0.820
MO 79 (76.70) 35 (44.30) 44 (55.70) 29 (36.71) 50 (63.29)
M1 24 (23.30) 9 (37.50) 15 (62.50) 6 (25.00) 18 (75.00)
Lymph node status 0.098 0.145
No 17 (16.50) 11 (64.71) 6 (35.29) 10 (568.82) 7(41.18)
Yes 86 (83.50) 33 (38.37) 53 (61.63) 25 (29.07) 61 (70.93)
Pathological T stage 0.063 0.228
T1-T2 67 (65.05) 33 (49.25) 34 (50.75) 26 (38.81) 41 (61.19)
T3-T4 36 (34.95) 11 (30.56) 25 (69.44) 9 (25.00) 27 (75.00)
Stage 0.950 0.853
Il 78 (75.73) 34 (43.59) 44 (56.41) 28 (35.90) 50 (64.10)

I\ 25 (24.27) 10 (40.00) 15 (60.00) 7 (28.00) 18 (72.00)
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(N, %)

Characteristics Patients Training Validation P
(N, %) group group
(n =223) (n = 220)
Sex 0.823
Female 244 (55.1) 124 (55.6) 120 (54.5)
Male 199 (44.9) 99 (44.4) 100 (45.5)
Age, years 0.190
<60 148 (33.4) 81 (36.3) 67 (30.5)
>60 295 (66.6) 142 (63.7) 153 (69.5)
TNM stage 0.867
| 239 (54.0) 120 (53.8) 119 (64.1)
Il 107 (24.1) 56 (25.1) 51 (23.2)
Il 73 (16.5) 34 (15.3) 39 (17.7)
I\ 24 (5.4) 13 (6.8 11 (6.0
pT stage 0.504
T 152 (34.3) 82 (36.8) 70 (31.8)
T2 234 (52.8) 110 (49.3) 124 (56.4)
T3 38 (8.6) 20 (9.0) 18 (8.2)
T4 19 (4.9 11 4.9 8 (3.6)
pN stage 0.570
NO 291 (65.7) 145 (65.0) 146 (66.4)
N1 87 (19.6) 44 (19.7) 43 (19.5)
N2 63 (14.2) 32 (14.4) 31 (14.1)
N3 2(0.5) 2 (0.9 0
pM stage 0.700
MO 419 (94.6) 210 (94.2) 209 (95.0)
M1 24 (5.4) 13 (6.8 11 (6.0
Follow-up state 0.111
Alive 290 (65.5) 138 (61.9) 152 (69.1)
Dead 153 (34.5) 85 (38.1) 68 (30.9)

LUAD, lung adenocarcinoma; TNM, tumor node metastasis.
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Gene
name

BIRC1

BIRC2

BIRC3

BIRC4

BIRCS

BIRCE

BIRC7

Statistical
indicator

Pearson
sig

N
Pearson
sig

N
Pearson
sig

N
Pearson
sig

N
Pearson
sig

N
Pearson
sig

N
Pearson
sig

N

Bold values indicate p < 0.05.

BIRC1

18
-0.083
0.742
18
051
0.031
18
-0.314
0.204
18
-0.088
0.729
18
0.16
0.525
18
-0.027
0915
18

BIRC2

-0.083
0.742
18

18
0.109
0.667

18
-0.04
0875

18
-0.12
0637

18
0357
0.146

18
0.238
0.342

18

BIRC3

0.51
0.031
18
0.109
0.667
18

18
0211
0.402

18
-0.307
0216

18
-0.274
0271

18

0.48
0.044
18

BIRC4

-0.314
0.204
18
-0.04
0.875
18
0211
0.402
18

18
-0.055
0.829
18
-0.46
0.055
18
0.26
0.297
18

BIRC5

-0.088
0.729
18
-0.12
0.637
18
-0.307
0.216
18
-0.055
0.829
18

18
-0.267
0.284
18
-0.568
0.014
18

BIRC6

0.16
0.525
18
0.357
0.146
18
-0.274
0.271
18
-0.46
0.085
18
-0.267
0.284
18

18
-0.079
0.754

18

BIRC7

-0.027
0915
18
0.238
0.342
18
0.48
0.044
18
0.26
0.297
18

0.014
18
-0.079
0.754
18

18
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Gene
name

BIRC1

BIRC2

BIRC3

BIRC4

BIRCS

BIRC6

BIRC7

Statistical
indicator

Pearson
Sig

N
Pearson
Sig

N
Pearson
Sig

N
Pearson
sig

N
Pearson
sig

N
Pearson
sig

N
Pearson
Sig

N

Bold values indicate p < 0.05.

BIRC1

40
-0.009
0.954
40
0.149
0.36
40
-0.306
0.055
40
-0.195
0.228
40
-0.05
0.761
40
0.388
0.013

BIRC2

-0.009
0954
40

40
0617

-0.118
047
40
0.659

-03
0.06
40
-0.416
0.008

BIRC3

0.149
0.36
40
0.617

40
-0.15
0.356

40

0.44
0.005

-0.257
0.109
40
-0.343
0.03

BIRC4

-0.306
0.055
40
-0.118
047
40
-0.15
0.356
40

40
0.008
0.96
40
0.095
0.559
40
0.034
0.835
40

BIRC5

-0.195
0.228
40
0.659

0.44
0.005

0.008
0.96

40
-0.072
0.659
40
-0.475
0.002

BIRC6

-0.05
0.761
40
-03
0.06
40
-0.257
0.109
40
0.005
0.569
40
-0.072
0.659
40

40
-0.1056
052
40

BIRC7

0.388
0.013

-0.416

0.034
0.835

-0.475
0.002

-0.105

0.52
40

40
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IAPs name
(LUAD*)

BIRC1
BIRC2
BIRC3
BIRC4
BIRC5
BIRC6
BIRCT

Overall survival

Progression-free survival

HR

0.61(0.48-0.78)
0.61(0.48-0.77)
0.66(0.52-0.83)
1.00(0.79-1.26)
2.42(1.90-3.09)
0.87(0.68-1.10)
1.23(0.97-1.55)

p value

5.8E-05
0.00003
0.00039
0.99730
22E-13
0.24910
0.08360

HR

0.56(0.41-0.77)
0.71(0.52-0.97)
0.73(0.53-1.00)
1.33(0.97-1.82)
3.13(2.23-4.40)
0.55(0.40-0.77)
0.89(0.65-1.22)

“LUAD, lung adenocarcinoma; LUSC, lung squamous cel carcinoma.
Bold values indicate b < 0.05.

p value

0.00300
0.03220
0.04870
0.07180
4.0E-12
0.00030
0.48775

IAPS name
(Lusc*)

BIRC1
BIRC2
BIRC3
BIRC4
BIRCS
BIRC6
BIRC7

Overall survival

Progression-free survival

HR

0.78(0.61-0.99)
1.08(0.85-1.37)
1.08(0.85-1.37)
091(0.72-1.15)
0.99(0.78-1.26)
1.36(1.00-1.86)
1.01(0.79-1.28)

p value

0.0375
0.5178
0.5111
0.4217
0.9072
0.0504
0.9608

HR

0.81(0.48-1.35)
1.74(1.03-2.94)
0.94(0.56-1.56)
1.26(0.75-2.10)
0.98(0.59-1.64)
1.88(1.11-3.20)
1.09(0.65-1.82)

p value

0.4167
0.0353
0.8036
0.3801
0.9436
0.0172
0.7470
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Gene symble

NAIP

BIRC2
BIRC3
XIAP

BIRCS
BIRC6
BIRC7
BIRC8

Gene ID

4,671
329
330
331
332

57,448
79,444
112,401

Also known as

BIRC1; NLRB1; psiNAIP

API1; MIHB; HIAP2; RNF48; clAP1; Hiap-2; c-IAP1

API2; MIHC; CIAP2; HAIP1; HIAP1; IAP-1; MALT2; RNF49; c-IAP2
API3; ILP1; MIHA; XLP2; BIRC4; IAP-3; hIAP3; hIAP-3

API4; EPR-1

APOLLON; BRUCE

KIAP, LIVIN; ML-IAP; MLIAP; RNFS0

ILP-2; ILP2; RNF136; hiLP2
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Category Low risk High risk Total P-value
(n = 268) (n =231) (n = 499)
Age Mean Mean 0.487
60.97 £11.58  61.20 £12.32

<60 122 (24.4%) 98 (19.6%) 220 (44.0%)

> 60 146 (29.3%) 133 (26.7%) 279 (56.0%)

Gender 0.908
Male 196 (39.3%) 170 (34.1%) 366 (73.4%)

Female 72 (14.4%) 61 (12.2%) 133 (26.6%)
Smoking 0.058
Yes 195 (39.1%) 183(36.7%) 378 (75.8%)

No 68 (13.6%) 42 (8.4%) 110 (22.0%)
Unknown 5 (1.0%) 6 (1.2%) 11 (2.2%)
Alcohol 0.677
Yes 179 (35.9%) 151 (30.3%) 330 (66.2%)

No 82 (16.4%) 75 (15.0%) 157 (31.4%)
Unknown 7 (1.4%) 5 (1.0%) 2 (2.4%)

HPV status Invalid
Negative 48 (9.6%) 32 (6.4%) 80 (16.0%)

Positive 27 (5.4%) 5 (1.0%) 32 (6.4%)
Unknown 193 (38.7%) 194 (38.9%) 387 (77.6%)
Location of 0.124
tumor
Alveolar ridge 11 (2.2%) 7 (1.4%) 18 (3.6%)
Base of tongue 13 (2.6%) 10 (2.0%) 23 (4.6%)
Buccal mucosa 8 (1.6%) 4 (2.8%) 22 (4.4%)
Floor of mouth 31 (6.2%) 29 (5.8%) 60 (12.0%)
Hard palate 5 (1.0%) 2 (0.4%) 7 (1.4%)
Hypopharynx 5 (1.0%) 5 (1.0%) 10 (2.0%)
Larynx 59 (11.8%) 52 (10.5%) 111 (22.3%)
Lip 2 (0.4%) 1(0.2%) 3 (0.6%)
Oral cavity 38 (7.6%) 34 (6.8%) 72 (14.4%)
Oral tongue 60 (12.0%) 65 (13.1%) 125 (25.1%)
Oropharynx 5 (1.0%) 4 (0.8%) 9 (1.8%)
Tonsil 31 (6.2%) 8 (1.6%) 39 (7.8%)
Pathological 0.016
grade
G1 41 (8.2%) 20 (6.6%) 61 (12.2%)
G2 147 (29.5%) 151 (26.3%) 298 (59.7%)
G3 70 (14.0%) 48 (11.1%) 118 (23.7%)
Unknown 10 (2.0%) 12 (2.4%) 22 (4.4%)
Tumor stage 0.01
I+ 67 (13.4%) 36 (7.2%) 103 (20.6%)
I+ v 201 (40.3%) 195 (39.1%) 396 (79.4%)
T stage 0.005
T+ T2 121 (24.2%) 76 (15.2%) 197 (39.5%)
T3+ T4 147 (29.5%) 155 (31.1%) 302 (60.5%)
N stage 0.005
NO 110 (2.2%) 67 (13.4%) 177 (35.5%)
NX + N1 158 (31.7%) 164 (32.9%) 322 (64.5%)
+ N2 4+ N3
M stage 0.577
MO 231 (46.3%) 203 (40.7%) 434 (87.0%)
MX + M1 37 (74.1%) 28 (5.6%) 65 (13.0%)

P < 0.05 is indicated in bold.
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Category

Age

<60

> 60
Gender

Male

Female
Smoking
Yes

No

Unknown
Alcohol
Yes

No

Unknown

HPV status
Negative
Positive
Unknown
Location of tumor
Alveolar ridge
Base of tongue
Buccal mucosa
Floor of mouth
Hard palate
Hypopharynx
Larynx

Lip
Oral cavity
Oral tongue
Oropharynx
Tonsil
Pathological grade

Unknown
Tumor stage
I+

n+ v

T stage

T +T2
T3+ T4

N stage

NO

NX + N1 + N2 + N3
M stage

MO

MX + M1
Status

Alive

Dead

TCGA training

Mean = 61.5 £11.0
105 (21.0%)
145 (29.1%)

189 (37.9%)
61 (12.2%)

46 (9.2%)
198 (6.6%)
6 (1.2%)

169 (33.9%)
75 (15.0%)
6 (1.2%)

40 (8.0%)
16 (3.2%)
194 (38.9%)

8 (1.6%)
14 (2.8%)
8 (1.6%)
29 (5.8%)
0

7 (1.4%)
59 (11.9%)

1(0.2%)
43 (8.6%)
60 (12.0%)
4(0.8%)
17 (3.4%)

30 (6.0%)
153 (30.7%)
55 (11.0%)

2 (2.4%)

49 (9.8%)
201 (40.3%)

96 (19.2%)
154 (30.9%)

86 (17.2%)
164 (32.9%)

217 (43.5%)
33 (6.6%)

160 (32.1%)
90 (18.0%)

TCGA testing

Mean = 60.7 £ 12.8
115 (23.0%)
134 (26.9%)

177 (35.5%)
72 (14.4%)

64 (12.8%)
180 (7.8%)
5(1.0%)

161 (32.3%)
82 (16.4%)
6(1.2%)

40 (8.0%)
16 (3.2%)
193 (38.7%)

10 (2.0%)
9 (1.8%)
14 (2.8%)
31 (6.2%)
1.4%)
0.6%)
10.4%)
4%)
29 (5.8%)
65 (13.1%)
5 (1.0%)
22 (4.4%)

7(
3
52 (
2(0

31 (6.2%)
145 (29.1%)
63 (12.6%)

10 (2.0%)

54 (10.8%)
195 (39.1%)

101 (20.2%)
148 (29.7%)

91 (18.2%)
168 (31.7%)

217 (43.5%)
32 (6.4%)

173 (34.7%)
76 (15.2%)

GSE65858

Mean = 60.1 + 10.3
153 (56.7%)
117 (43.3%)

223 (82.6%)
47 (17.4%)

48 (17.8%)
222 (82.2%)
0 (0%)

239 (88.5%)
31 (11.5%)
0 (0%)

196 (72.6%)
74 (27.4%)
0

o O O O

0

33 (12.2%)

48 (17.8%)
0

87 (32.2%)
0

102 (37.8%)
0

0
0
0
270 (100%)

55 (20.4%)
215 (79.6%)

115 (42.6%)
165 (57.4%)

94 (34.8%)
176 (65.2%)

263 (97.4%)
7 (2.6%)

176 (65.2%)
94 (34.8%)

Clinical samples

Mean = 63.4 £ 12.2
21 (58.3%)
15 (41.7%)

27 (75.0%)
9 (25.0%)

0

0
36 (100%)

36 (100%)

2 (5.6%)
2(5.6%)

o O O O

o

22 (61.1%)
10 (27.7%)

1(30.6%)
14 (38.8%)
11 (30.6%)

0

16 (44.4%)
20 (55.6%)

16 (44.4%)
20 (55.6%)

10 (27.8%)
26 (72.2%)

36 (100%)

23 (63.9%)
13 (36.1%)
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Gene name

GNG8

MYO1H

TNFRSF13B

METTL7B

SYT14

FOXA2

GAPDH

Primer

Forward
Reverse
Forward
Reverse
Forward
Reverse
Forward
Reverse
Forward
Reverse
Forward
Reverse
Forward
Reverse

Sequence (5'-3')

GAACATCGACCGCATGAAGGT
AGAACACAAAAGAGGCGCTTG
TAGCCCGTGACAGACTGCT
TTGGTAGACAACTCGGGACTT
GAGCAAGGCAAGTTCTATGACC
CCTTCCCGAGTTGTCTGAATTG
TGCTCTTTTTCTGGGAGCAT
GCTGTCGTTCCATTTGGATT
GGTGGAGAGAGAACCTGTGG
ATCTGGAAACCCGCCAACAT
CGTCGCTGGCTGGCATGTC
GGCTCAGACTCGGACTCAGGTG
GGAGAAACCTGCCAAGTATGA
CAACCTGGTCCTCAGTGTAGC
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Category Alive Dead Total P-value
(n =333) (n =166) (n = 499)
Age Mean Mean 0.020
59.96 £11.13  63.31 £13.05

<60 159 (31.9%) 61 (12.1%) 220 (44.0%)

> 60 174 (34.9%) 105 (21.1%) 279 (56.0%)

Gender 0.060
Male 253 (50.7%) 113 (22.7%) 366 (73.4%)

Female 80 (16.0%) 53 (10.6%) 133 (26.6%)
Smoking 0.114
Yes 248 (49.7%) 130 (26.1%) 378 (75.8%)

No 81 (16.2%) 29 (5.8%) 110 (22.0%)
Unknown 4 (0.8%) 7 (1.4%) 11 (2.2%)
Alcohol 0.095
Yes 227 (45.5%) 103 (20.7%) 330 (66.2%)

No 96 (19.2%) 61 (12.2%) 157 (31.4%)
Unknown 10 (2.0%) 2 (0.4%) 12 (2.4%)

HPV status Invalid
Negative 70 (14.0%) 10 (2.0%) 80 (16.0%)

Positive 31 (6.2%) 1(0.2%) 32 (6.4%)

Unknown 232 (46.5%) 155 (31.1%) 387 (77.6%)
Location of 0.022
tumor
Alveolar ridge 14 (2.8%) 4 (0.8%) 18 (3.6%)
Base of tongue 18 (3.6%) 5 (1.0%) 23 (4.6%)
Buccal mucosa 17 (3.4%) 5 (1.0%) 22 (4.4%)
Floor of mouth 37 (7.4%) 23 (4.6%) 60 (12.0%)
Hard palate 6 (1.2%) 1(0.2%) 7 (1.4%)
Hypopharynx 7 (1.4%) 3(0.6%) 10 (2.0%)
Larynx 72 (14.5%) 39 (7.8%) 111 (22.3%)
Lip 2 (0.4%) 1(0.2%) 3(0.6%)
Oral cavity 35 (7.0%) 37 (7.4%) 72 (14.4%)
Oral tongue 85 (17.1%) 40 (8.0%) 125 (25.1%)
Oropharynx 8 (1.6%) 1(0.2%) 9 (1.8%)
Tonsil 32 (6.4%) 7 (1.4%) 39 (7.8%)
Pathological 0.578
grade
G1 44 (8.8%) 17 (3.4%) 61 (12.2%)
G2 198 (39.7%) 100 (20.0%) 298 (59.7%)
G3 76 (15.2%) 42 (8.5%) 118 (23.7%)
Unknown 15 (3.0%) 7 (1.4%) 22 (4.4%)
Tumor stage 0.004
I+ 11 81 (16.2%) 22 (4.4%) 103 (20.6%)
I+ v 252 (50.5%) 144 (28.9%) 396 (79.4%)
T stage 0.001
T14+T2 149 (29.9%) 48 (9.6%) 197 (39.5%)
T3+ T4 184 (36.9%) 118 (23.6%) 302 (60.5%)
N stage 0.018
NO 130 (26.1%) 47 (9.4%) 177 (35.5%)
NX + N1 203 (40.7%) 119 (23.8%) 322 (64.5%)
+ N2 + N3
M stage 0.015
MO 281 (56.3%) 153 (30.7%) 434 (87.0%)
MX + M1 52 (10.4%) 13 (2.6%) 65 (13.0%)
Risk level <0.001
Low 213 (42.7%) 55 (11.0%) 268 (53.7%)
High 120 (24.0%) 111 (22.3%) 231 (46.3%)

P < 0.05 is indicated in bold.
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