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The use of vaccines for cancer therapy is a promising immunotherapeutic strategy that has been shown to be effective against various cancers. Vaccines directly target tumors but their efficacy against glioblastoma multiforme (GBM) remains unclear. Immunotyping that classifies tumor samples is considered to be a biomarker for immunotherapy. This study aimed to identify potential GBM antigens suitable for vaccine development and develop a tool to predict the response of GBM patients to vaccination based on the immunotype. Gene Expression Profiling Interactive Analysis (GEPIA) was applied to evaluate the expression profile of GBM antigens and their influence on clinical prognosis, while the cBioPortal program was utilized to integrate and analyze genetic alterations. The correlation between antigens and antigen processing cells was assessed using TIMER. RNA-seq data of GBM samples and their corresponding clinical data were downloaded from the Cancer Genome Atlas (TCGA) and the Chinese Glioma Genome Atlas (CGGA) for further clustering analysis. Six overexpressed and mutated tumor antigens (ARHGAP9, ARHGAP30, CLEC7A, MAN2B1, ARPC1B and PLB1) were highly correlated with the survival rate of GBM patients and the infiltration of antigen presenting cells in GBMs. With distinct cellular and molecular characteristics, three immune subtypes (IS1-IS3) of GBMs were identified and GBMs from IS3 subtype were more likely to benefit from vaccination. Through graph learning-based dimensional reduction, immune landscape was depicted and revealed the existence of heterogeneity among individual GBM patients. Finally, WGCNA can identify potential vaccination biomarkers by clustering immune related genes. In summary, the six tumor antigens are potential targets for developing anti-GBMs mRNA vaccine, and the immunotypes can be used for evaluating vaccination response.
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Introduction

Gliomas are intrinsic brain tumors arising from glial or precursor cells. They are classified into grades I to grade IV based on the degree of undifferentiation, anaplasia, and aggressiveness (1). Glioblastoma multiforme (GBM, grade IV glioma) accounts for 82% of all malignant gliomas and is characterized histologically by considerable vascular proliferation, cellularity and mitotic activity, and necrosis (2). Despite the availability of standard treatment options for GBM including surgical resection, radiotherapy and chemotherapy, the median survival time of GBM patients is only 12–15 months after diagnosis (3, 4). There has been growing evidence supporting the dynamic interaction between the central nervous system (CNS) and the systemic immune system. As a result, several studies have explored the efficacy of immunotherapy in the treatment of glioblastoma (5).

Currently, immunotherapies for gliomas include chimeric antigen receptor T cell therapy (CAR-T), immune-checkpoint inhibitors, oncolytic viral therapies, and vaccines (6). Cancer vaccines are classified into three major categories based on content and format, such as cell vaccines (tumor or immune cells), nucleic acid vaccines (viral vector, RNA or DNA), protein/peptide vaccines (7). Clinical trials evaluating the efficacy of immune cells (Dendritic cells e.g.), pulsed with TAAs (tumor-associated antigens) have revealed promising results. This is despite the heterogeneity in dose, route, and location of administration as well as the adjuvant used among different trials. HSP (Heat Shock Proteins) vaccines are a subclass of protein vaccines that are composed of HSPs bound to tumor peptides. Phase I HSP vaccine trial in patients with recurrent GBM appeared safe and tolerable (8). Several peptide vaccine trials targeting EGFRvIII showed that these peptide vaccines had a degree of effect with no significant toxicities encountered (9). Recently, a peptide vaccine targeting mutant IDH1 in newly diagnosed glioma has been evaluated in clinical trials and found to be safe, immunogenic, and efficacious (10). However, these vaccines still face with many challenges including: potential of tumor antigens escape, limited repertoire of using defined antigens, and high variability in the physicochemical properties (11, 12). Nucleic acid vaccines are a promising alternative that allow protein and peptide antigen to be expressed with the correct protein modifications in cells (13, 14).

DNA and mRNA vaccines are types of nucleic acid vaccines. The mRNA vaccines have several advantages over the DNA vaccines in safety and efficacy since mRNA does not need to enter the nucleus and be incorporated into the genome (15). Recently, there have been several studies evaluating the efficacy of mRNA vaccines in different types of tumors with varied outcomes being achieved. In gastrointestinal cancer, mutation-specific T cell responses were elicited against predicted neoepitopes and T cell receptors targeting KRASG12D mutation could be isolated after mRNA vaccines application (16). Two mRNA vaccines (CV-9103 and CV-9104) based on four prostate-specific antigens (STEAP, PSCA, PSMA, and PSA), have showed good tolerability and favorable immune-activation in phase I/II clinical trials in prostate cancer patients (17). Another mRNA vaccine targeting Trp2 induced antigen-specific T cell response and suppressed melanoma proliferation in preclinical trials (18). Angelique et al. reported that dendritic cells (DCs) transfected with CD133 mRNA (cancer stem cell marker) activated T cells, produced an effective and long-lived immune response, and suppressed the proliferation of CD133+ glioma stem cells (GSCs) and tumor growth in mice (19). Although there are very few studies that have evaluated the efficacy of mRNA vaccines in GBM, vaccination for GBMs TAA remains a viable concept and current trials are under way for several other targets.

The purpose of our study was to identify novel antigens of GBM that can be used as targets for mRNA vaccine development. In our study, we analyzed fraction alteration and gene expression data of GBMs and identified six candidate genes associated with poor prognosis and robust stimulation of the infiltration of antigen-presenting cells (APC). In addition, due to tumor complex immune microenvironment (TIME) and tumor heterogeneity, some tumor patients may be more likely to benefit from mRNA vaccines (20). We then developed a tool to identify GBM patients who might be more suitable for vaccination. To achieve this, we carried out cluster analysis of immune related genes, and identified three immune subtypes with distinct clinical, cellular, and molecular characteristics. The results were validated using an independent cohort. Finally, we used the immune landscape and immune gene co-expression modules to analyze the distribution of immune related gene characteristics in GBMs. The employed screening workflow was depicted in Supplementary Figure 1.



Method and Material


Identification of Tumor Associated Antigens of Glioblastoma Multiforme (GBM) for Vaccination

Cancer cells harbor unique mutant genes that theoretically create corresponding unique tumor-specific antigens (21). Besides, CNV (copy number variation) burden play significant role in tumors’ recurrence and death, indicating that CNV should be considered to be an antigen factor (22). With a deeper understanding of the immune system, the abberant expression of some gene products by tumor cells can be used to develop a variety of antigen-specific vaccination strategies and activate tumor antigen-specific T cells (23). Therefore, we analyzed the gene expression levels and gene alteration status in GBMs to identify tumor associated antigens. Gene Expression Profiling Interactive Analysis is a web-based tool used to process and deliver gene expression profiles based on the samples from GTEx (Genotype-Tissue Expression) and TCGA (the Cancer Genome Atlas) (24). In this study, GEPIA2 (http://gepia2.cancer-pku.cn) was employed to detect the differentially expressed genes between normal brain tissue and GBM (|Log2FC|>1, q<0.05) and explore their prognostic value in GBMs. Then, we applied the cBioPortal (http://www.cbioportal.org) for exploring, visualizing, and analyzing the genome alteration status of GBM antigens with multidimensional cancer genomics data (25). Last but not least, effectively uptake, processing, and presentation of antigens by APCs (antigen-presenting cells) can initiate antitumor immune responses through the activation of both CD4+ helper and CD8+ cytotoxic T lymphocytes (26–28). Tumor Immune Estimation Resource (TIMER, https://cistrome.shinyapps.io/timer/) can be used for systematically evaluating the clinical impact of different immune cells (dendritic cell, macrophage, neutrophil, CD8+ T cell, CD4+ T cell and B cell) in the tumor microenvironment of different tumor types. Therefore, we utilized TIMER to explore the relationship between expression of the identified potent antigens in GBMs and the degree of antigen-presenting cell (APC) infiltration. Spearman correlation analysis between APC cells and tumor purity was calculated using TIMER (29).



Data Preprocessing

From The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/), we downloaded FPKM RNA-seq dataset and mutect2-processed mutation dataset of 167 GBMs as well as their corresponding clinicopathological information. In addition, the RNA-seq data of 369 GBM cases and their corresponding clinicopathological information were obtained from the mRNAseq_325 and mRNAseq_693 datasets of the Chinese Glioma Genome Atlas (CGGA, http://www.cgga.org.cn/) and used as the validation dataset. The gene expression levels of the GBM samples were transformed using log2 for further analysis.



Identification of Immune Subtypes and Their Cellular Characteristics

Patient stratification based on tumor immune subtypes can be used to distinguish patients who are suitable for vaccination therapy. After preprocessing the expression data of immune-related genes, we carried out consensus clustering to stratify GBM samples using the “ConsensusClusterPlus” package in R (30). Consensus Cumulative Distribution Function (CDF) was calculated to determine the optimal cluster number. Since the correlation between immune-related signatures and cancer markers is useful for tumor prognosis, we assessed the correlation between immune subtypes and 68 signatures from Wolf et al. (31). We then evaluated 28 immune cell signatures and LM22 signatures to assess the abundance of immune cells in each GBM tumor sample and compare the results among immune subtypes (32, 33). “ESTIMATE” package was employed to estimate Tumor purity scores (tumor purity, stromal score, immune score and estimate score) (34).



Immune Landscape Analysis

Dimension reduction analysis is the commonly used analysis method to increase the understanding of biological systems in tumor. It maps high-dimensional space to low-dimensional space through orthogonal transformation and extracts the largest amount of data information by preserving the a few components (35). In the present study, dimension reduction analysis was conducted using the “monocele” package in R with Gaussian distribution (36, 37). Subsequently, the immune landscape was visualized using a functional map cell trajectory where different immune subtypes were identified by different colors.



Gene Co-Expression Network

We constructed a scale-free network using the “blockwiseModules” function of the WGCNA package in R. The soft threshold of adjacency matrix was set as a continuous value between 0 and 1 so that the constructed network can be closer to the state of the real biological network (38). The “clusterProfile” package in R is a universal enrichment tool which integrates statistical analysis and visualization of functional profiles for genes and gene clusters (39). Then, the GO and KEGG functional components in the “clusterprofile” package were employed to analyze the biological function and pathways of modules associated with GBM prognosis.



Statistical Analysis

The Wilcox test was used to compare data between the two groups, while the Kruskal Wallis test was used to compare three or more groups. Kaplan–Meier curves were used for OS analysis. The cut-off value was set as the best cut-off value from the “survminer” package in R. P<0.05 was regarded as statistically significant.




Result


Exploring Potential Tumor Antigens of Glioblastoma Multiform (GBM)

At the beginning, results of GEPIA2 analysis revealed 7664 differentially expressed genes where 5221 genes were overexpressed in GBM when compared to normal brain tissue (Figure 1A). Using the cbioportal analysis algorithm, we identified 7832 amplified genes as potential tumor antigens of GBM (Figure 1B). In the fraction genome altered group, ten genes with the highest alteration frequency included COMMD10, DES, TUBA4A, HLA-DRA, EGFR-AS1, SEC61G-DT, ELDR, EGFR, SEC61G and DIS3 (Figures 1C, D). Moreover, a total of 14363 mutated genes were identified by analyzing their mutation count in GBMs (Figure 1E). Among them, we displayed ten genes with the highest mutation frequency in GBM, including ACE2, ADAM10, ADGRB3, AMER1, ANXA7, ARNT, ASIC2, ATPGV1E1, BPIFB6 and CASP9 (Figure 1F). Overall, 1101 amplified, mutated, and overexpressed genes were identified for further analysis (Figure 1G).




Figure 1 | Identification of potential tumor antigens of Glioblastoma multiforme (GBM). (A) Chromosomal distribution of up- and down-regulated genes in GBMs. Red plot: overexpressed genes; Green plot: under-expressed genes. (B) The chromosomal distribution of the aberrant copy number genes in GBMs. Red plot: amplified genes; Blue plot: deleted genes. (C) Samples overlapping in altered genome fraction groups. (D) Top ten genes with highest frequency in altered genome fraction. (E) Samples overlapping in mutation count groups. (F) Top ten genes with highest frequency in mutation count groups. (G) Potential tumor antigens (total 1106) with overexpression, mutation, and amplification in GBM, and significant association with OS, RFS and immune infiltration (total 6 candidates).





Identification of Tumor Antigens Associated With GBM Prognosis and Antigen Presenting Cells

Then, we analyzed the role of 1101 aforementioned genes in the survival and immune response of GBM patients. Results of survival analysis showed that the expression of 14 genes could predict OS (Overall Survival) and PFS (Disease Free Survival) of GBM patients (Figure 2 and Supplementary Figure 2). More importantly, the expression levels of six genes (ARHGAP9, ARHGAP30, CLEC7A, MAN2B1, ARPC1B, and PLB1) were positively correlated with the level of abundance of B cells, macrophages, and dendritic cells (DCs) and were thus considered suitable targets for vaccine use (Figure 3). In general, their upregulation was related to poorer GBM prognosis and more APCs infiltration. Hence, these tumor antigens play key roles in the development and progression of GBM and could be directly processed and presented by the APCs to T cells or recognized by the B cells to trigger an immune response.




Figure 2 | Identification of tumor antigens associated with GBM prognosis. (A) Differential expression of six candidates in normal brain tissue and GBMs. *, significant difference. Kaplan-Meier curves showing OS of GBM patients stratified on the basis of (B) ARHGAP9, (C) ARHGAP30, (D) CLEC7A, (E) ARPC1B, (F) PLB1 and (G) MAN2B1 expression levels. 50% (Median) cutoff was set up for dividing low and high expression groups. Log-rank test was used for hypothesis testing, and a p-value <0.05 was considered statistically significant.






Figure 3 | Identification of tumor antigens associated with antigen-presenting cells (APCs). Correlation between the expression levels of (A) ARHGAP9, (B) ARHGAP30, (C) CLEC7A, (D) ARPC1B, (E) PLB1 and (F) MAN2B1 and infiltration of APCs (macrophages, dendritic cells, and B cells) in GBM.





Immune Subtypes of GBM

Next, we analyzed the immune status of GBM and identified patients likely to benefit from vaccination by conducting immunotyping. With expression profiles of 1658 immune related genes, we constructed consensus clustering of 167 GBMs from TCGA cohort and validated the stratification using GBM samples from the CGGA cohort. Due to the relatively small sample size of discovery cohort, we chose k = 3 to group the samples into three immune subtypes (IS) (Figures 4A–C). The GBM patients in the IS2 group had the best survival prognosis, followed by GBM patients in the IS1 group; GBM patients in the IS3 group had the worst prognosis (Figure 4D). We then explore the relationship between the six pan-cancer immune subtypes (C1-C6) and the three immune subtypes identified in this study (40). The immune subtypes identified in this study mainly clustered into C1, C4 and C5 pan-cancer immune subtypes (Figure 4E). With differential response to radiotherapy and chemotherapy, four GBM subtypes (proneural, neural, mesenchymal, and classical) were identified before (41–43). Among them, GBMs from IS2 were overlapped by proneural subclass, those from IS3 were covered by mesenchymal subclass and GBMs from IS1 were mainly overlapped by classical subclasses (Figure 4F) The immune subtypes in the CGGA cohort were associated with prognosis, which was consistent with the results obtained from the TCGA cohort (Figure 4G). Findings from our study suggest that our classification of GBMs might be more detailed than the classification according to the pan-cancer immune subtypes. Thus, our classification provides more useful guideline for development and execution of the GBM immunotherapy strategy.




Figure 4 | Identification of potential immune subtypes of GBM. (A) Cumulative distribution function curve and (B) delta area of immune-related genes in TCGA cohort. (C) Sample clustering heat map. (D) Kaplan-Meier curves showing OS of GBM immune subtypes in TCGA cohort. (E) Overlap of GBM immune subtypes with three pan-cancer immune subtypes (NC1 = 2, NC4 = 158, NC5 = 1). (F) Distribution of four gene expression subtypes across IS1-IS3 in TCGA cohort. (G) Kaplan-Meier curves showing OS of GBM immune subtypes in CGGA cohort. *p < 0.05, **p < 0.01.





The Association Between Tumor Mutational Burden (TMB) and Immune Subtypes

Tumor mutation burden is significant for the efficacy of vaccines since the abundance of antigens and neoantigens affects the immunogenicity of the tumor (44). We assessed the TMB and mutations data of the GBMs from the TCGA cohort based on the three subtypes. Ten most frequently mutated immune-related genes (EGFR, PIK3CA, PIK3R1, PIK3CG, ANK1, PDGFRA, SEMA3C, TG, TMPRSS6 and L1CAM) was showed with waterfall plot (Supplementary Figure 3A). We found the number of mutated genes and the tumor mutational burden was significant different among three subtypes (Supplementary Figures 3B, C). These findings indicate that the three immune subtypes expressed distinct amounts of tumor antigens from mutated genes and that the IS3 subtype had the least immunogenicity among these subtypes.



The Association Between TIME and the Immune Subtypes

The ssGSEA method was used to identify the 28 immune signatures previously reported in both TCGA and CGGA cohorts where immune subtypes showed different proportions of immune cell components (Figures 5A, B). For example, the scores of mast cells, MDSC, activated dendritic cells and macrophages were significantly higher in IS3; eosinophils, type 2 T helper cells and activated CD4 T cells were higher in IS2; while central memory CD4 T cells, plasmacytoid dendritic cells and NK T cells were more abundant in IS1. Analysis of CIBERSORT algorithm showed that there were more immunosuppressive regulatory immune cells (macrophage M2 and gamma delta T cells) but less cytotoxic immune cells (activated NK cells) in the IS3 subtype compared to the IS1 and IS2 subtypes (Figure 5C). Thus, the IS2 subtype can be considered to be immunologically “hot”, the IS1 to be in an intermediate state, and the IS3 subtype to be immunologically “cold”. A similar trend was seen in the CGGA cohort (Figure 5D). Besides, the expression of most immune signatures was higher in the IS3 subtype compared to the IS2 and IS1 subtypes (Figure 5E). Immune checkpoints (ICPs) (e.g., PD1 and PDL1) and immunogenic cell death modulators (e.g., HGF and IFN) are crucial for modulating the immune responses of effectors and maintaining the self-tolerance of tumor to minimize tissue damage (45, 46). PD1 and PDL1 are the most common ICPs for blockage therapy. The IS2 subtype had the least expression of PD1 and PDL1 among the three subtypes; meanwhile, IS3 has highest level of PD1 expression which suggested they might show good response rates for immune checkpoint blockade (Figures 6A–D). Subsequently, we assessed the differential expression of and ICD modulators and ICPs between the three immune subtypes. We found that 34 ICPs had distinct expression patterns among the three subtypes. There was significant upregulation of CD28, CD244, CD200R1, CD27, CD40, CD40LG, CTLA4, CD48, CD86, CD80, CD70, HAVCR2, ICOS, ICOSLG, IDO1, NRP1, TIGIT, TNFRSF14, TNFRSF18, TNFRSF8, TNFRSF9, TNFRSF14, TNFSF4, and TNFSF9 in the IS3 subtype (Figures 6E, F). In addition, almost all ICDs were differentially expressed among the three subtypes (Figures 6G, H). Taken together, immunotyping can be considered a biomarker of immune status in GBMs and can be used to predict the response of the patients to vaccination.




Figure 5 | Cellular and molecular characteristics of immune subtypes. Differential enrichment scores of 28 immune cell signatures among GBM immune subtypes in (A) TCGA and (B) CGGA cohorts. Different colors of the text on the right represents the immune cells were more enriched in the corresponding subtypes. Differential enrichment scores of CIBERSORT 22 immune cell signatures in (C) TCGA and (D) CGGA cohorts. (E) Differential enrichment scores of 56 immune signatures among GBM immune subtypes. *p < 0.05, **p < 0.01, ***p < 0.001. ns, no significance.






Figure 6 | Association between immune subtypes and ICPs and ICD modulators. Differential expression of PD-1 among the GBM immune subtypes in (A) TCGA and (C) CGGA cohorts. Differential expression of PD-L1 among the GBM immune subtypes in (B) TCGA and (D) CGGA cohorts. Differential expression of ICP genes among the GBM immune subtypes in (E) TCGA and (F) CGGA cohorts. Differential expression of ICD modulator genes among the GBM immune subtypes in (G) TCGA and (H) CGGA cohorts. *p < 0.05, **p < 0.01, ***p < 0.001, ****p<0.0001, ******p<0.000001. ns, no significance.





The Immune Landscape of GBM

We further explored the immune characteristics of GBM by integrating the immune-related gene expression profiles from TCGA cohort to construct the immune landscape where the immune distribution of each GBM were visualized (Figure 7A). The expression profiles were aggregated and visualized in a two-dimensional scatter plot with several branches using the DDRTree algorithm (a manifold learning approach) after dimensionality reduction. Component 1 was highly correlated with natural killer cells, activated CD4 T cells and type 17 T helper cells, while component 2 was positively correlated with central memory CD8 T cells, central memory CD4 T cells, type 1 T helper cells, and natural killer cells (Figure 7B). Further prognostic analysis of the GBMs distributed on the extreme ends of the branches showed that patients in group 3 had poorer prognosis than those in group 1, indicating that the immune landscape can be used to discriminate the patients and predict their prognosis (Figures 7C, D). The GBMs of the IS3 subtypes were further stratified into three immune subtypes, IS3A, IS3B and IS3C, based on the distribution of the individual GBM samples in the immune landscape (Figure 7E). Among them, IS3A had better prognosis than the other types (Figure 7F). The estimate score and expression of ICP and ICD were significantly different among these immune subtypes (Figures 7G–J and Supplementary Figures 4A, B). Interestingly, more activated B cells, cytotoxic T cells and NK cells were located in IS3A than that of IS3B and IS3C, indicating the GBMs of IS3A showed more inflamed microenvironment (Supplementary Figure 4C). These findings suggest that the immune landscape is an important complement to immunotyping.




Figure 7 | Immune landscape of GBM. (A) Immune landscape of GBMs where each point represents a patient, and the immune subtypes are color-coded. The horizontal axis represents the first principal component, and the vertical axis represents the second principal component. (B) Heat map of two principal components with 28 immune cell signatures. Immune landscape of samples from (C) two extreme locations and (D) their prognostic status. (E) Immune landscape of the subsets of GBM immune subtypes. (F) Different subsets in IS3 associated with different prognoses. Immune assessment of different subsets in IS3, represented by (G) immune score, (H) stromal score, (I) estimate score and (J) tumor purity. *p < 0.05, **p < 0.01, ***p < 0.001.





WGCNA Analysis of Immune Related Genes in GBM

Weighted gene co-expression network analysis (WGCNA) was employed to conduct co-expression analysis of the identified immune related genes, and the results were visualized using a dendrogram (Figure 8A). In the scale-free network, the optimal soft threshold was set at 4 (Figures 8B, C). The colors of the dendrogram branches indicate different gene clusters (min module size = 20, deep split = 4 and height = 0.25) (Figure 8D). In the end, 13 gene modules were clustered except for the grey module (Figure 8E). The module eigengenes of IS2 were more abundant in the black, green, red, yellow, and purple modules, while the brown, pink and turquoise modules had more eigengenes of IS3 (Figure 8F). Moreover, this study revealed that the module eigengenes of the green and brown modules were significantly associated with the prognosis of GBMs (Figures 9A–C). Interestingly, the modules eigengenes of brown and green modules were positively correlated with component 2 and component 1, respectively (Figures 9D, F). Biological functions analysis of the prognosis-related modules showed that genes of the brown module were enriched in macrophage activation, IL-17 signaling pathway and cytokine-cytokine receptor interaction (Figure 9E). The genes in the green module were enriched in antigen processing, B cell receptor signaling pathway and T cell receptor signaling pathway (Figure 9G). In the end, thirteen genes including PLAUR, F13A1, THBD, CD300E, HK3, FPR2, SOCS3, NDUFB9, PSMD6, PSMD10, CACYBP, GEMIN6 and PSMD14 were identified as hub genes with >80% relevance in the brown and green modules. These genes were considered to be potential biomarkers for the mRNA vaccine.




Figure 8 | Identification of immune gene co-expression modules of GBM. (A) Sample clustering. (B) Scale-free fit index for various soft-thresholding powers (β). (C) Mean connectivity for various soft-thresholding powers (D) Dendrogram of all differentially expressed genes clustered based on a dissimilarity measure (1-TOM). (E) Gene numbers in each module. (F) Differential distribution of feature vectors of each module in GBM subtypes. *p < 0.05, **p < 0.01, ***p < 0.001.






Figure 9 | Identification of immune hub genes of GBM. (A) Forest maps of single factor survival analysis of 14 modules of GBM. (B) Differential prognosis in brown module with high and low mean. (C) Differential prognosis in green module with high and low mean. (D) Correlation between brown module feature vector and second principal component in immune landscape. (E) Circular barplot showing GO term (BP: biology process; CC: cellular component; MF: molecular function) and KEGG term (pathway) in the brown module. The barplot size and color intensity represent the gene count and enrichment level respectively. (F) Correlation between green module feature vector and first principal component in immune landscape. (G) Circular barplot showing GO term (BP, biology process; CC, cellular component; MF, molecular function) and KEGG term (pathway) in the green module. The barplot size and color intensity represent the gene count and enrichment level respectively. *p < 0.05.






Discussion

Glioblastoma multiforme (GBM) is characterized by high degree of malignancy and poor prognosis. The standard treatment plan for GBM includes maximal safe resection, radiotherapy, and concurrent administration of temozolomide (TMZ) (1). However, the therapeutic outcomes for these strategies are poor with a median OS of just 12-14 months (47). There is therefore need for novel and improved therapeutic alternatives for GBM. Cancer vaccines and other immunotherapies (CAR-T, ICP blockage and so on) are promising alternative strategies for the treatment of GBMs, although they are influenced by immune escape or immunosuppression of the microenvironment (48). Tumor associated antigens are antigens preferentially expressed in cancer cells which arise due to somatic mutations or growth-related factors (49). These antigens are good candidates for cancer vaccine development. The detection and analysis of these antigens can quickly lead to the identification of suitable human mRNA vaccine targets. Recently, analysis of potential tumor antigen in pancreatic adenocarcinoma and cholangiocarcinoma provided novel insights for mRNA vaccine development of these tumors (50, 51). However, there have been no comprehensive analysis of potential GBM antigens that can be used for the development of an anti-GBM vaccine.

In this study, we identified six tumor antigens (ARHGAP9, ARHGAP30, CLEC7A, MAN2B1, ARPC1B and PLB1) that had mutations, amplification and were overexpressed in GBMs, as promising candidates for mRNA vaccine. ARHGAP30 (Rho GTPase activating protein 30) and ARHGAP9 (Rho GTPase activating protein 9) are proteins containing a Rho-GTPase activating (Rho-GAP) domain. These proteins are critical in the modulation of several tumorigenic pathways (p38/MAPK, FOX, Wnt/β-caterin pathways) and are significantly associated with the prognosis of breast tumor, bladder carcinoma and other cancers (52–56). CELC7A is a pattern recognition receptor that detects glucan-like structures to trigger the phagocytic activity of macrophages (57). CELC7A (C-type lectin domain family 7, member A) ligates galectin-9 in the tumor microenvironment of pancreatic ductal adenocarcinoma, resulting in the suppression of T cell immunogenicity and reprogramming of tolerogenic macrophages (58). ARPC1B is a constituent of the actin-related protein 2/3 (ARP2/3) complex which binds and activates Aurora A to regulate centrosome integrity (59). Since ARPC1B is required for actin reorganization and lamellipodia formation, ARPC1B mutations induce dysfunction of cytotoxic T cells (60). There are several reports indicating that mutant ARPC1B plays a significant role in immunodeficiency diseases (61–63). It was reported mutations of rs117512489 in PLB1 (phospholipase B1) was associated with the prognosis of the patients with non-small cell lung cancer (64). Results of next generation sequencing validated the role of PLB1 as a biomarker for lung cancers (65, 66). In the present study, the expression of these six antigens was positively associated with the abundance of antigen presenting cells (APCs), suggesting that they might have potential as vaccine targets and stimulate APC activation (67, 68). However, there is need for further research to determine their mechanisms of action against tumors.

In our study, we analyzed the characteristics of GBMs based on the pan-cancer immune categories and found that a majority of the GBMs had characteristics corresponding to the C4 (Lymphocytes Depleted) category. A few GBMs had characteristics corresponding to the C1 (Wound Healing) and C5 (Immunologically Quiet) categories. In fact, only a small population of tumor patients responds to the vaccine treatment, although there is a lack of tools to select patients likely to benefit from the treatment and evaluate immune response. Therefore, we clustered GBMs based on the expression of integrated immune related gene profiles, so as to provide a guideline for the application of anti-GBM mRNA vaccine. The GBM samples were clustered into three immune subtypes with different clinical prognosis and immune profiles. GBMs in the IS3 subtype had the poorest survival compared to the IS1 and IS2 subtypes, indicating that immunotyping is a potential prognostic biomarker for GBMs. More importantly, there may be distinct mechanisms involved in the modulation of the tumor immune environment among the three GBM subtypes, suggesting that different therapeutic strategies are required for each subtype. GBMs with IS1 and IS2 represent the lack of regulatory immune cells and immunosuppressive antigen-presenting cells, resulting in T cell activation and survival advantage. Therefore, the use of immunotherapy in these patients can induce a stronger immune response. On the contrary, the immune-cold subtype (IS3) had a highly complex and thornier tumor microenvironment. Generally, macrophages are recruited into the tumor in response to inflammation-mediated chemokines, where they engulf tumor cells and present antigens to adaptive immune cells (69). GBM cells can utilize paracrine metabolites or surface signals to polarizes these macrophages toward the anti-inflammatory M2 phenotype (70). These tamed M2 macrophages expressed immune checkpoint molecules to suppress adaptive immune anti-tumor response, that supports the survival of cancer stem cells (71). The high expression of ICP (PD-1, PD-L1, LAG-3, etc.), in the GBM samples of the IS3 subtype was an indication that there was severe suppression of lymphocyte activation but exhaustion of existing T cells (72–74). Furthermore, several immunosuppressive factors such as TGF-β and IL-10 released by GBM cells, Tregs, microglia, macrophages, also lead to local immunosuppression (75, 76). These results indicated that GBMs of the IS3 subtype were more likely to benefit from vaccination in combination with immune checkpoint blockage. In addition, the use of CAR T-cell therapy deserves to be explored.

Gliomas have poor clinical outcomes, due to the high degree of intratumoral heterogeneity (ITH) and low efficacy of immunomodulator (IM) therapy compared with other tumor types (77). Several studies indicated that the ITH of GBM contributes to the development of chemoradiotherapy resistance and different subpopulations of GBM respond differently to treatment, resulting in the generation of treatment-refractory recurrent tumors (78, 79). The machine learning-based analysis led to dimensionality reduction of the expression profile of GBMs, revealing the intra-cluster heterogeneity in GBMs. From this analysis, GBMs in the IS3 subtype were further subdivided into three subtypes. Among the three subtypes, IS3A showed significantly better survival than the other two subtypes. Estimate score analysis of the GBMs in the IS3 subtype reflected various immune factors while therapeutic estimation and application of combination therapy on these patients was required. It has been reported that combined immunotherapy involving the use of anti-CTLA-4 monoclonal antibody and vaccine can modulate the tumor microenvironment and enhance anti-tumor immune response compared to the vaccine or monoclonal antibody alone in triple negative breast cancer (80). Integrating clustering and immune landscape can provide more detailed immune profile of GBM and assist clinicians in designing accurate immunotherapy strategies.

Despite the previous reports on vaccine showed potential of GBM vaccination treatment, there is great limit of current peptide vaccines’ efficacy. For example, IDH mutation frequencies were less than 10% of primary GBM which influence the efficacy of IDH targeting vaccine in primary GBMs (81). As for EGFRvIII targeting vaccine, it was proven for safety but no benefit to overall survival because of immunoediting under immunologic pressure (82). With more flexibility, mRNA vaccine is equipped with several advantages: not require prior knowledge, not restricted by the patient’s HLA type (14). Recently, several clinical trials on mRNA vaccine therapy are ongoing (NCT02649582, NCT02808364 and NCT02709616). Interestingly, the results of a preclinical trial by Duane A showed that TMZ enhances vaccine-driven immune responses and significantly reduces GBM growth in a murine model, which suggested that vaccines therapy can act synergistically with chemotherapy in furthering a therapeutic effect (83). GBM patients who underwent vaccine therapy targeting CMV pp65 exhibited unexpectedly prolonged progression free survival (PFS) and overall survival (OS) (84). Notably, GBMs hampers immunotherapy with low infiltration of lymphocytes but high fractions of macrophages and there is need for further research on the anti-GBM mRNA vaccine and combined protocol (85). Our study comprehensively analyzed the potential antigens and the conditions for the application of the mRNA vaccine in GBMs. The results from this study provide a theoretical foundation for mRNA vaccine development and combined immunotherapy for GBMs.



Conclusion

ARHGAP9, ARHGAP30, CLEC7A, MAN2B1, ARPC1B and PLB1 were identified as potential GBM antigens for mRNA vaccine development. GBM patients in the IS3 subtype are more likely to benefit from vaccination.



Data Availability Statement

The datasets analyzed during the current study are available in The Cancer Genome Atlas database (TCGA, https://portal.gdc.cancer.gov/) and Chinese Glioma Genome Atlas (CGGA, http://www.cgga.org.cn/).



Author Contributions

HL and KW designed the study, checked the data and prepared the manuscript. YX and LZ performed data collection. GL, YY, and RM searched the literature and took part in the manuscript preparation. PX, SC, and YZ conduct statistical analysis. PW and DZ supervised this project. All authors read and approved the final manuscript.



Funding

This program was financially supported by Natural Science Foundation of China (NO.81901250), High-level Hospital Construction Project of Guangdong Province of China (NO. DFJH201924), GDPH Scientific Research Funds for Leading Medical Talents and Distinguished Young Scholars in Guangdong Province (NO. KJ012019434) and Natural Science Foundation of Guangdong Province of China (NO.2018A0303130236).



Acknowledgments

We would like to thank Mr. Zesen Chen and Mr. Edison Zhang for the data processing and people who contribute to public biomedical databases.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.773264/full#supplementary-material

Supplementary Figure 1 | Procedures for the analysis of antigen detection and GBM immune subtypes identification.

Supplementary Figure 2 | Association between the expression of tumor antigens with GBM RFS. Kaplan-Meier curves showing PFS of GBM patients stratified on the basis of (A) ARHGAP9, (B) ARHGAP30, (C) CLEC7A, (D) ARPC1B, (E) PLB1 and (F) MAN2B1 expression level. p-value <0.05 was considered statistically significant.

Supplementary Figure 3 | Association between immune subtypes and TMB and mutation. (A) Ten highly mutated genes in GBM immune subtypes. (B) mutation number and (C) TMB in GBM IS1-IS3. *p < 0.05.

Supplementary Figure 4 | Association between immune subtypes and immune molecules and immune cells signatures. Differential expression of (A) ICP genes and (B) ICD genes among the GBM immune subtypes. (C) Differential enrichment scores of 28 immune cell signatures in the above subsets. *p < 0.05, **p < 0.01, ***p < 0.001.



References

1. Louis, DN, Perry, A, Reifenberger, G, von Deimling, A, Figarella-Branger, D, Cavenee, WK, et al. The 2016 World Health Organization Classification of Tumors of the Central Nervous System: A Summary. Acta Neuropathol (2016) 131(6):803–20. doi: 10.1007/s00401-016-1545-1

2. Ostrom, QT, Patil, N, Cioffi, G, Waite, K, Kruchko, C, and Barnholtz-Sloan, JS. CBTRUS Statistical Report: Primary Brain and Other Central Nervous System Tumors Diagnosed in the United States in 2013-2017. Neuro Oncol (2020) 22(12 Suppl 2):iv1–iv96. doi: 10.1093/neuonc/noaa200

3. Bush, NA, Chang, SM, and Berger, MS. Current and Future Strategies for Treatment of Glioma. Neurosurg Rev (2017) 40(1):1–14. doi: 10.1007/s10143-016-0709-8

4. Ostrom, QT, Cote, DJ, Ascha, M, Kruchko, C, and Barnholtz-Sloan, JS. Adult Glioma Incidence and Survival by Race or Ethnicity in the United States From 2000 to 2014. JAMA Oncol (2018) 4(9):1254–62. doi: 10.1001/jamaoncol.2018.1789

5. Xu, S, Tang, L, Li, X, Fan, F, and Liu, Z. Immunotherapy for Glioma: Current Management and Future Application. Cancer Lett (2020) 476:1–12. doi: 10.1016/j.canlet.2020.02.002

6. Lim, M, Xia, Y, Bettegowda, C, and Weller, M. Current State of Immunotherapy for Glioblastoma. Nat Rev Clin Oncol (2018) 15(7):422–42. doi: 10.1038/s41571-018-0003-5

7. Igarashi, Y, and Sasada, T. Cancer Vaccines: Toward the Next Breakthrough in Cancer Immunotherapy. J Immunol Res (2020) 2020:5825401. doi: 10.1155/2020/5825401

8. Crane, CA, Han, SJ, Ahn, B, Oehlke, J, Kivett, V, Fedoroff, A, et al. Individual Patient-Specific Immunity Against High-Grade Glioma After Vaccination With Autologous Tumor Derived Peptides Bound to the 96 KD Chaperone Protein. Clin Cancer Res (2013) 19(1):205–14. doi: 10.1158/1078-0432.Ccr-11-3358

9. Jackson, C, Ruzevick, J, Brem, H, and Lim, M. Vaccine Strategies for Glioblastoma: Progress and Future Directions. Immunotherapy (2013) 5(2):155–67. doi: 10.2217/imt.12.155

10. Platten, M, Bunse, L, Wick, A, Bunse, T, Le Cornet, L, Harting, I, et al. A Vaccine Targeting Mutant IDH1 in Newly Diagnosed Glioma. Nature (2021) 592(7854):463–8. doi: 10.1038/s41586-021-03363-z

11. Knutson, KL, and Disis, ML. Tumor Antigen-Specific T Helper Cells in Cancer Immunity and Immunotherapy. Cancer Immunol Immunother (2005) 54(8):721–8. doi: 10.1007/s00262-004-0653-2

12. Bezu, L, Kepp, O, Cerrato, G, Pol, J, Fucikova, J, Spisek, R, et al. Trial Watch: Peptide-Based Vaccines in Anticancer Therapy. Oncoimmunology (2018) 7(12):e1511506. doi: 10.1080/2162402x.2018.1511506

13. McNamara, MA, Nair, SK, and Holl, EK. RNA-Based Vaccines in Cancer Immunotherapy. J Immunol Res (2015) 2015:794528. doi: 10.1155/2015/794528

14. Ulmer, JB, Mason, PW, Geall, A, and Mandl, CW. RNA-Based Vaccines. Vaccine (2012) 30(30):4414–8. doi: 10.1016/j.vaccine.2012.04.060

15. Grunwitz, C, and Kranz, LM. Mrna Cancer Vaccines-Messages That Prevail. Curr Top Microbiol Immunol (2017) 405:145–64. doi: 10.1007/82_2017_509

16. Cafri, G, Gartner, JJ, Zaks, T, Hopson, K, Levin, N, Paria, BC, et al. Mrna Vaccine-Induced Neoantigen-Specific T Cell Immunity in Patients With Gastrointestinal Cancer. J Clin Invest (2020) 130(11):5976–88. doi: 10.1172/jci134915

17. Rausch, S, Schwentner, C, Stenzl, A, and Bedke, J. Mrna Vaccine CV9103 and CV9104 for the Treatment of Prostate Cancer. Hum Vaccin Immunother (2014) 10(11):3146–52. doi: 10.4161/hv.29553

18. Wang, Y, Zhang, L, Xu, Z, Miao, L, and Huang, L. Mrna Vaccine With Antigen-Specific Checkpoint Blockade Induces an Enhanced Immune Response Against Established Melanoma. Mol Ther (2018) 26(2):420–34. doi: 10.1016/j.ymthe.2017.11.009

19. Do, ASS, Amano, T, Edwards, LA, Zhang, L, De Peralta-Venturina, M, and Yu, JS. CD133 Mrna-Loaded Dendritic Cell Vaccination Abrogates Glioma Stem Cell Propagation in Humanized Glioblastoma Mouse Model. Mol Ther Oncolytics (2020) 18:295–303. doi: 10.1016/j.omto.2020.06.019

20. Hainsworth, JD, Rubin, MS, Spigel, DR, Boccia, RV, Raby, S, Quinn, R, et al. Molecular Gene Expression Profiling to Predict the Tissue of Origin and Direct Site-Specific Therapy in Patients With Carcinoma of Unknown Primary Site: A Prospective Trial of the Sarah Cannon Research Institute. J Clin Oncol (2013) 31(2):217–23. doi: 10.1200/jco.2012.43.3755

21. Khodadoust, MS, and Alizadeh, AA. Tumor Antigen Discovery Through Translation of the Cancer Genome. Immunol Res (2014) 58(2-3):292–9. doi: 10.1007/s12026-014-8505-4

22. Hieronymus, H, Murali, R, Tin, A, Yadav, K, Abida, W, Moller, H, et al. Tumor Copy Number Alteration Burden is a Pan-Cancer Prognostic Factor Associated With Recurrence and Death. Elife (2018) 7:e37294. doi: 10.7554/eLife.37294

23. Wagner, S, Mullins, CS, and Linnebacher, M. Colorectal Cancer Vaccines: Tumor-Associated Antigens vs Neoantigens. World J Gastroenterol (2018) 24(48):5418–32. doi: 10.3748/wjg.v24.i48.5418

24. Tang, Z, Li, C, Kang, B, Gao, G, Li, C, and Zhang, Z. GEPIA: A Web Server for Cancer and Normal Gene Expression Profiling and Interactive Analyses. Nucleic Acids Res (2017) 45(W1):W98–w102. doi: 10.1093/nar/gkx247

25. Gao, J, Aksoy, BA, Dogrusoz, U, Dresdner, G, Gross, B, Sumer, SO, et al. Integrative Analysis of Complex Cancer Genomics and Clinical Profiles Using the Cbioportal. Sci Signal (2013) 6(269):pl1. doi: 10.1126/scisignal.2004088

26. Shortman, K, Lahoud, MH, and Caminschi, I. Improving Vaccines by Targeting Antigens to Dendritic Cells. Exp Mol Med (2009) 41(2):61–6. doi: 10.3858/emm.2009.41.2.008

27. Goyvaerts, C, De Groeve, K, Dingemans, J, Van Lint, S, Robays, L, Heirman, C, et al. Development of the Nanobody Display Technology to Target Lentiviral Vectors to Antigen-Presenting Cells. Gene Ther (2012) 19(12):1133–40. doi: 10.1038/gt.2011.206

28. Sehgal, K, Dhodapkar, KM, and Dhodapkar, MV. Targeting Human Dendritic Cells in Situ to Improve Vaccines. Immunol Lett (2014) 162(1 Pt A):59–67. doi: 10.1016/j.imlet.2014.07.004

29. Li, T, Fu, J, Zeng, Z, Cohen, D, Li, J, Chen, Q, et al. TIMER2.0 for Analysis of Tumor-Infiltrating Immune Cells. Nucleic Acids Res (2020) 48(W1):W509–w14. doi: 10.1093/nar/gkaa407

30. Wilkerson, MD, and Hayes, DN. Consensusclusterplus: A Class Discovery Tool With Confidence Assessments and Item Tracking. Bioinformatics (2010) 26(12):1572–3. doi: 10.1093/bioinformatics/btq170

31. Wolf, DM, Lenburg, ME, Yau, C, Boudreau, A, and van ‘t Veer, LJ. Gene Co-Expression Modules as Clinically Relevant Hallmarks of Breast Cancer Diversity. PLoS One (2014) 9(2):e88309. doi: 10.1371/journal.pone.0088309

32. Charoentong, P, Finotello, F, Angelova, M, Mayer, C, Efremova, M, Rieder, D, et al. Pan-Cancer Immunogenomic Analyses Reveal Genotype-Immunophenotype Relationships and Predictors of Response to Checkpoint Blockade. Cell Rep (2017) 18(1):248–62. doi: 10.1016/j.celrep.2016.12.019

33. Chen, B, Khodadoust, MS, Liu, CL, Newman, AM, and Alizadeh, AA. Profiling Tumor Infiltrating Immune Cells With CIBERSORT. Methods Mol Biol (2018) 1711:243–59. doi: 10.1007/978-1-4939-7493-1_12

34. Yoshihara, K, Shahmoradgoli, M, Martínez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring Tumour Purity and Stromal and Immune Cell Admixture From Expression Data. Nat Commun (2013) 4:2612. doi: 10.1038/ncomms3612

35. Meng, C, Zeleznik, OA, Thallinger, GG, Kuster, B, Gholami, AM, and Culhane, AC. Dimension Reduction Techniques for the Integrative Analysis of Multi-Omics Data. Brief Bioinform (2016) 17(4):628–41. doi: 10.1093/bib/bbv108

36. Trapnell, C, Cacchiarelli, D, Grimsby, J, Pokharel, P, Li, S, Morse, M, et al. The Dynamics and Regulators of Cell Fate Decisions are Revealed by Pseudotemporal Ordering of Single Cells. Nat Biotechnol (2014) 32(4):381–6. doi: 10.1038/nbt.2859

37. Elking, D, Darden, T, and Woods, RJ. Gaussian Induced Dipole Polarization Model. J Comput Chem (2007) 28(7):1261–74. doi: 10.1002/jcc.20574

38. Langfelder, P, and Horvath, S. WGCNA: An R Package for Weighted Correlation Network Analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

39. Yu, G, Wang, LG, Han, Y, and He, QY. Clusterprofiler: An R Package for Comparing Biological Themes Among Gene Clusters. Omics (2012) 16(5):284–7. doi: 10.1089/omi.2011.0118

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

41. Verhaak, RG, Hoadley, KA, Purdom, E, Wang, V, Qi, Y, Wilkerson, MD, et al. Integrated Genomic Analysis Identifies Clinically Relevant Subtypes of Glioblastoma Characterized by Abnormalities in PDGFRA, IDH1, EGFR, and NF1. Cancer Cell (2010) 17(1):98–110. doi: 10.1016/j.ccr.2009.12.020

42. Brennan, CW, Verhaak, RG, McKenna, A, Campos, B, Noushmehr, H, Salama, SR, et al. The Somatic Genomic Landscape of Glioblastoma. Cell (2013) 155(2):462–77. doi: 10.1016/j.cell.2013.09.034

43. Sandmann, T, Bourgon, R, Garcia, J, Li, C, Cloughesy, T, Chinot, OL, et al. Patients With Proneural Glioblastoma may Derive Overall Survival Benefit From the Addition of Bevacizumab to First-Line Radiotherapy and Temozolomide: Retrospective Analysis of the Avaglio Trial. J Clin Oncol (2015) 33(25):2735–44. doi: 10.1200/jco.2015.61.5005

44. Hodges, TR, Ott, M, Xiu, J, Gatalica, Z, Swensen, J, Zhou, S, et al. Mutational Burden, Immune Checkpoint Expression, and Mismatch Repair in Glioma: Implications for Immune Checkpoint Immunotherapy. Neuro Oncol (2017) 19(8):1047–57. doi: 10.1093/neuonc/nox026

45. Zhang, Y, and Zheng, J. Functions of Immune Checkpoint Molecules Beyond Immune Evasion. Adv Exp Med Biol (2020) 1248:201–26. doi: 10.1007/978-981-15-3266-5_9

46. Kepp, O, Senovilla, L, Vitale, I, Vacchelli, E, Adjemian, S, Agostinis, P, et al. Consensus Guidelines for the Detection of Immunogenic Cell Death. Oncoimmunology (2014) 3(9):e955691. doi: 10.4161/21624011.2014.955691

47. Johnson, DR, and O’Neill, BP. Glioblastoma Survival in the United States Before and During the Temozolomide Era. J Neurooncol (2012) 107(2):359–64. doi: 10.1007/s11060-011-0749-4

48. Jackson, CM, Choi, J, and Lim, M. Mechanisms of Immunotherapy Resistance: Lessons From Glioblastoma. Nat Immunol (2019) 20(9):1100–9. doi: 10.1038/s41590-019-0433-y

49. Pardi, N, Hogan, MJ, Porter, FW, and Weissman, D. Mrna Vaccines - a New Era in Vaccinology. Nat Rev Drug Discov (2018) 17(4):261–79. doi: 10.1038/nrd.2017.243

50. Huang, X, Zhang, G, Tang, T, and Liang, T. Identification of Tumor Antigens and Immune Subtypes of Pancreatic Adenocarcinoma for Mrna Vaccine Development. Mol Cancer (2021) 20(1):44. doi: 10.1186/s12943-021-01310-0

51. Huang, X, Tang, T, Zhang, G, and Liang, T. Identification of Tumor Antigens and Immune Subtypes of Cholangiocarcinoma for Mrna Vaccine Development. Mol Cancer (2021) 20(1):50. doi: 10.1186/s12943-021-01342-6

52. Zhang, H, Tang, QF, Sun, MY, Zhang, CY, Zhu, JY, Shen, YL, et al. ARHGAP9 Suppresses the Migration and Invasion of Hepatocellular Carcinoma Cells Through Up-Regulating FOXJ2/E-Cadherin. Cell Death Dis (2018) 9(9):916. doi: 10.1038/s41419-018-0976-0

53. Wang, T, and Ha, M. Silencing ARHGAP9 Correlates With the Risk of Breast Cancer and Inhibits the Proliferation, Migration, and Invasion of Breast Cancer. J Cell Biochem (2018) 119(9):7747–56. doi: 10.1002/jcb.27127

54. Zhou, Y, Hua, Z, Zhu, Y, Wang, L, Chen, F, Shan, T, et al. Upregulation of ARHGAP30 Attenuates Pancreatic Cancer Progression by Inactivating the β-Catenin Pathway. Cancer Cell Int (2020) 20:225. doi: 10.1186/s12935-020-01288-7

55. Mao, X, and Tong, J. ARHGAP30 Suppressed Lung Cancer Cell Proliferation, Migration, and Invasion Through Inhibition of the Wnt/β-Catenin Signaling Pathway. Onco Targets Ther (2018) 11:7447–57. doi: 10.2147/ott.S175255

56. Wang, J, Qian, J, Hu, Y, Kong, X, Chen, H, Shi, Q, et al. Arhgap30 Promotes P53 Acetylation and Function in Colorectal Cancer. Nat Commun (2014) 5:4735. doi: 10.1038/ncomms5735

57. Goodridge, HS, Reyes, CN, Becker, CA, Katsumoto, TR, Ma, J, Wolf, AJ, et al. Activation of the Innate Immune Receptor Dectin-1 Upon Formation of a ‘Phagocytic Synapse’. Nature (2011) 472(7344):471–5. doi: 10.1038/nature10071

58. Daley, D, Mani, VR, Mohan, N, Akkad, N, Ochi, A, Heindel, DW, et al. Dectin 1 Activation on Macrophages by Galectin 9 Promotes Pancreatic Carcinoma and Peritumoral Immune Tolerance. Nat Med (2017) 23(5):556–67. doi: 10.1038/nm.4314

59. Skinner, M. Cell Cycle: ARPC1B - a Regulator of Regulators. Nat Rev Mol Cell Biol (2010) 11(8):542. doi: 10.1038/nrm2946

60. Randzavola, LO, Strege, K, Juzans, M, Asano, Y, Stinchcombe, JC, Gawden-Bone, CM, et al. Loss of ARPC1B Impairs Cytotoxic T Lymphocyte Maintenance and Cytolytic Activity. J Clin Invest (2019) 129(12):5600–14. doi: 10.1172/jci129388

61. Volpi, S, Cicalese, MP, Tuijnenburg, P, Tool, ATJ, Cuadrado, E, Abu-Halaweh, M, et al. A Combined Immunodeficiency With Severe Infections, Inflammation, and Allergy Caused by ARPC1B Deficiency. J Allergy Clin Immunol (2019) 143(6):2296–9. doi: 10.1016/j.jaci.2019.02.003

62. Kahr, WH, Pluthero, FG, Elkadri, A, Warner, N, Drobac, M, Chen, CH, et al. Loss of the Arp2/3 Complex Component ARPC1B Causes Platelet Abnormalities and Predisposes to Inflammatory Disease. Nat Commun (2017) 8:14816. doi: 10.1038/ncomms14816

63. Brigida, I, Zoccolillo, M, Cicalese, MP, Pfajfer, L, Barzaghi, F, Scala, S, et al. T-Cell Defects in Patients With ARPC1B Germline Mutations Account for Combined Immunodeficiency. Blood (2018) 132(22):2362–74. doi: 10.1182/blood-2018-07-863431

64. Zhu, M, Geng, L, Shen, W, Wang, Y, Liu, J, Cheng, Y, et al. Exome-Wide Association Study Identifies Low-Frequency Coding Variants in 2p23.2 and 7p11.2 Associated With Survival of non-Small Cell Lung Cancer Patients. J Thorac Oncol (2017) 12(4):644–56. doi: 10.1016/j.jtho.2016.12.025

65. Wang, B, Chen, R, Wang, C, Chen, H, and Zhong, D. PLB1-ALK: A Novel Head-to-Head Fusion Gene Identified by Next-Generation Sequencing in a Lung Adenocarcinoma Patient. Lung Cancer (2021) 153:176–8. doi: 10.1016/j.lungcan.2021.01.002

66. Wang, S, Wu, X, Zhao, J, Chen, H, Zhang, Z, Wang, M, et al. Next-Generation Sequencing Identified a Novel Crizotinib-Sensitive PLB1-ALK Rearrangement in Lung Large-Cell Neuroendocrine Carcinoma. Clin Lung Cancer (2021) 22(3):e366–e70. doi: 10.1016/j.cllc.2020.05.026

67. Linares-Fernández, S, Lacroix, C, Exposito, JY, and Verrier, B. Tailoring Mrna Vaccine to Balance Innate/Adaptive Immune Response. Trends Mol Med (2020) 26(3):311–23. doi: 10.1016/j.molmed.2019.10.002

68. Cox, RJ. Correlates of Protection to Influenza Virus, Where do We Go From Here? Hum Vaccin Immunother (2013) 9(2):405–8. doi: 10.4161/hv.22908

69. Chen, Z, and Hambardzumyan, D. Immune Microenvironment in Glioblastoma Subtypes. Front Immunol (2018) 9:1004(1004). doi: 10.3389/fimmu.2018.01004

70. Takenaka, MC, Gabriely, G, Rothhammer, V, Mascanfroni, ID, Wheeler, MA, Chao, C-C, et al. Control of Tumor-Associated Macrophages and T Cells in Glioblastoma via AHR and CD39. Nat Neurosci (2019) 22(5):729–40. doi: 10.1038/s41593-019-0370-y

71. Mantovani, A, Marchesi, F, Malesci, A, Laghi, L, and Allavena, P. Tumour-Associated Macrophages as Treatment Targets in Oncology. Nat Rev Clin Oncol (2017) 14(7):399–416. doi: 10.1038/nrclinonc.2016.217

72. Parsa, AT, Waldron, JS, Panner, A, Crane, CA, Parney, IF, Barry, JJ, et al. Loss of Tumor Suppressor PTEN Function Increases B7-H1 Expression and Immunoresistance in Glioma. Nat Med (2007) 13(1):84–8. doi: 10.1038/nm1517

73. Zajac, AJ, Blattman, JN, Murali-Krishna, K, Sourdive, DJ, Suresh, M, Altman, JD, et al. Viral Immune Evasion Due to Persistence of Activated T Cells Without Effector Function. J Exp Med (1998) 188(12):2205–13. doi: 10.1084/jem.188.12.2205

74. Wherry, EJ, Blattman, JN, Murali-Krishna, K, van der Most, R, and Ahmed, R. Viral Persistence Alters CD8 T-Cell Immunodominance and Tissue Distribution and Results in Distinct Stages of Functional Impairment. J Virol (2003) 77(8):4911–27. doi: 10.1128/jvi.77.8.4911-4927.2003

75. Bodmer, S, Strommer, K, Frei, K, Siepl, C, de Tribolet, N, Heid, I, et al. Immunosuppression and Transforming Growth Factor-Beta in Glioblastoma. Preferential Production of Transforming Growth Factor-Beta 2. J Immunol (1989) 143(10):3222–9.


76. Huettner, C, Czub, S, Kerkau, S, Roggendorf, W, and Tonn, JC. Interleukin 10 is Expressed in Human Gliomas In Vivo and Increases Glioma Cell Proliferation and Motility In Vitro. Anticancer Res (1997) 17(5a):3217–24.


77. Morris, LG, Riaz, N, Desrichard, A, Şenbabaoğlu, Y, Hakimi, AA, Makarov, V, et al. Pan-Cancer Analysis of Intratumor Heterogeneity as a Prognostic Determinant of Survival. Oncotarget (2016) 7(9):10051–63. doi: 10.18632/oncotarget.7067

78. DeCordova, S, Shastri, A, Tsolaki, AG, Yasmin, H, Klein, L, Singh, SK, et al. Molecular Heterogeneity and Immunosuppressive Microenvironment in Glioblastoma. Front Immunol (2020) 11:1402. doi: 10.3389/fimmu.2020.01402

79. Qazi, MA, Vora, P, Venugopal, C, Sidhu, SS, Moffat, J, Swanton, C, et al. Intratumoral Heterogeneity: Pathways to Treatment Resistance and Relapse in Human Glioblastoma. Ann Oncol (2017) 28(7):1448–56. doi: 10.1093/annonc/mdx169

80. Liu, L, Wang, Y, Miao, L, Liu, Q, Musetti, S, Li, J, et al. Combination Immunotherapy of MUC1 Mrna Nano-Vaccine and CTLA-4 Blockade Effectively Inhibits Growth of Triple Negative Breast Cancer. Mol Ther (2018) 26(1):45–55. doi: 10.1016/j.ymthe.2017.10.020

81. Aldape, K, Zadeh, G, Mansouri, S, Reifenberger, G, and von Deimling, A. Glioblastoma: Pathology, Molecular Mechanisms and Markers. Acta Neuropathol (2015) 129(6):829–48. doi: 10.1007/s00401-015-1432-1

82. Chi, AS, Cahill, DP, Reardon, DA, Wen, PY, Mikkelsen, T, Peereboom, DM, et al. Exploring Predictors of Response to Dacomitinib in EGFR-Amplified Recurrent Glioblastoma. JCO Precis Oncol (2020) 4:PO.19.00295. doi: 10.1200/po.19.00295

83. Mitchell, DA, Cui, X, Schmittling, RJ, Sanchez-Perez, L, Snyder, DJ, Congdon, KL, et al. Monoclonal Antibody Blockade of IL-2 Receptor α During Lymphopenia Selectively Depletes Regulatory T Cells in Mice and Humans. Blood (2011) 118(11):3003–12. doi: 10.1182/blood-2011-02-334565

84. Batich, KA, Reap, EA, Archer, GE, Sanchez-Perez, L, Nair, SK, Schmittling, RJ, et al. Long-Term Survival in Glioblastoma With Cytomegalovirus Pp65-Targeted Vaccination. Clin Cancer Res (2017) 23(8):1898–909. doi: 10.1158/1078-0432.Ccr-16-2057

85. Nduom, EK, Weller, M, and Heimberger, AB. Immunosuppressive Mechanisms in Glioblastoma. Neuro Oncol (2015) 17 Suppl 7(Suppl 7):vii9–vii14. doi: 10.1093/neuonc/nov151




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


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

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


OEBPS/Images/fimmu-13-773264-g004.jpg
>

Relative change in area under CDF curve

0.0

@

CDF

0.5

0.4

02 03

0.1

02 04 06 08 1.0

0.0

Delta Area

2 3 4 5 6 7

Concensus CDF

smsomonEwe
DD BN

1S2

152
(n=39)

183
(n=53)

Survival probability

1.00-
GeneExp_Subtype

Mesenchymal
Proneural
Classical

Neural
0.75-

o
o
S

Survival probability

0.25+

0.00-

181

Group

182

1S3
181
(n=67)

0.75 -

o
o
S

0.25-

68

40

59

1l '
HR(IS3)>HR(IS1)>HR(1S2)

132 61 23 15 11

0

Cluster == Is1
- 152
== |53

p=0.022"
HR=1.29
95%Cl:1.04~1.63

3% 10 5 0 0 0 0 0

24 8 2 2 1 1 1 0

2 7 1 1 1 0 0 0

Time(years)

Cluster == |54

=182
= |S3

p=0.003**
HR=1.20
95%Cl:1.05~1.37

12560 26 15 6 4 2 2 1 0 0 0 O

11264 38 24 15 14 8 4 2 2 1 1 1

9552100

2 3 4 5.6 7 8 9 1011 12

Time(years)





OEBPS/Images/fimmu.2022.773264_cover.jpg
’ frontiers

in Immunology

Identification of Tumor Antigens and
Immune Subtypes of Glioblastoma
for mMRNA Vaccine Development





OEBPS/Images/fimmu-13-773264-g009.jpg
A

Module HR(95%CI) Pvalue
yellow 0.020(0~1.122) 0.056
turquoise 6.533(0.046~927.513)  0.468
tan 257.941(0.265~251023.233) 0.114
salmon 0.348(0.061~1.986)  0.235 hk{
red 0.120(0.005~2.735)  0.184

purple 0.882(0.200~3.891)  0.868
pink 4.236(0.828~21.687)  0.083
magenta 0.830(0.097~7.131) ~ 0.865

greenyellow 0.812(0.151~4.353)  0.807 hr—

green 0.014(0~0.840) 0.041* :1
cyan 0.934(0.104~8.414) 0.951

¢
<<
N

brown 9.029(1.819~44.818) 0.007** |} <> i
blue 0.018(0~2.123) 0.099 HH
black 0.356(0.026~4.930) 0.441 HW—
| N N L N B B B L B B B L B B B B B I B B /b F Yy r vyl I T T >
01 20 40 240 260
B D E
1.00¢
Score w I:'wh
i hig g.rcgig qualue
P=0.020" = 3 + 1e-05.
078 P=1.34¢-11 ce e
> ¥ Pathway
£ macrophage activation
<) ki ki e PR
8050 — st leukocyte migration
g ) g regulation of inflanmetory response
3 TNF signaling pathway neutrophil mediated immunity
g | Viral proten interaction with
£ 0.25 m cytokine and cytokine receptor ‘ \ ‘ neutrophil scivation
D 5 IL-17 signaling pathway .
external side of plasma
s # NF-kappa 3 signaling pathway (18] S edomal
= specific granule
olow 13758 16 4 1 1 0 0 0 receptor regulator MVV“Y'\ . secrelory granule lumen
1 03 04 05 06 07 receptor ligand activtly ... @7 ortovtesmic vesice umen
“high/30 22 9 4 2 1 1 1 0 brown glycosaminoglycan binding vesicel lumen
growth factor activity
LRI T N cylokine receplor actviy
ime(years,
C F G
group qualue
1.004 mBP
low 0.02
Score figh i io.m
Boh o1 i Pathway
0.75. antigen processing and presentation of
> ‘exagenous peplide antigen via MHC class |,

TAP-dependent  antigen processing and presentation of

1 . pathways of neurodegeneuration exogenous peplide antigen via MHC class |
[ 0.504 — 10. multiple disease stimulatory C-type leciin receptor signaling
= - L e
g i ’ ‘ cellular response to IL-1
2 proteasome 8 S
2 positive regulation of innate:
A 0.25¢4 | T cell receptor signaling " \ immune response
pathway )
1 B cel receptor signaiing [ I proteasome regulatory particle
0.00. I pathway
receptor regulatory aclivity \ & stnsomoscnsey oo
i teasome complex
low 1 receptor ligand activity Pl
é T T T T T T 17 20 cytokine recepk‘:(r binding QW= " endopeptidase complex
S high | | | cytokine activity peptidase complex
he2 217 2 11 0 0 0O 08 Go 10 TGF-B receptor binding
o 1 3 4 5 6 7 8 green
Time(years)





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Identification of Tumor Antigens and Immune Subtypes of Glioblastoma for mRNA Vaccine Development

      

        		

          Introduction

        



        		

          Method and Material

        

          		

            Identification of Tumor Associated Antigens of Glioblastoma Multiforme (GBM) for Vaccination

          



          		

            Data Preprocessing

          



          		

            Identification of Immune Subtypes and Their Cellular Characteristics

          



          		

            Immune Landscape Analysis

          



          		

            Gene Co-Expression Network

          



          		

            Statistical Analysis

          



        



        



        		

          Result

        

          		

            Exploring Potential Tumor Antigens of Glioblastoma Multiform (GBM)

          



          		

            Identification of Tumor Antigens Associated With GBM Prognosis and Antigen Presenting Cells

          



          		

            Immune Subtypes of GBM

          



          		

            The Association Between Tumor Mutational Burden (TMB) and Immune Subtypes

          



          		

            The Association Between TIME and the Immune Subtypes

          



          		

            The Immune Landscape of GBM

          



          		

            WGCNA Analysis of Immune Related Genes in GBM

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data Availability Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-13-773264-g007.jpg
A Group +IS11S2+1S3 B Natural killer T cell

Immature dendritic cell

Neutrophil
Gamma delta T cell
Central memory CD8 T cell
Central memory CD4 T cell

Group ¢ 1¢ 3

Type 1 T helper cell
Immature B cell

Effector memory CD8 T cell
Natural killer cell -4

Component 2
o
Component 2
o

'
IS

T follicular helper cell
MDSC

Macrophage -10 10

0
0
Component 1 Regulatory T cell Component 1

Mast cell D
Activated dendritic cell

Type 2T helper cell i

State
=

E Group +1S1 ¢IS2¢IS3A Memory B cell
*IS3B*IS3C Effector memory CD4 T cell

Activated CD4 T cell

p=0.012*

4 Eosinophil £
=
CDB56 bright natural killer cell 2 0501
o~ 2
E:; Type 17 T helper cell %
5o Monocyte £
2 ) ) 3 025
g Plasmacytoid dendritic cell
L4 CD56 dim natural killer cell
» Activated CD8 T cell 0.001
Activated B cell
1Ha8o 32— ————0
3
_ Correlation W T ®? 311841000000
10 0 10
Component 1 -1.0-05 0.0 0510
-Log10(p-value) 01 2 3 4 56 7 8
101234 Time(years)
F G * H *
1
001 IS - 1S3 2000{
- 1S3B
= 183C
£=0.029* § 10004
2 01
=1
8
E‘ -10004
% ISA  ISB ISC ISA ISB ISC
B * *
@ 1 i J [—
94000 100 J |
2 ] 5075 o = i
s2A13 7 3 0 0 0 0 % 00 g
: i 5050
® 531184 1 0 0 0 0 E 0 205 |
/23 09 3 1 1 1 0 0.25
0 1 6 ISA ISB ISC ISA ISB ISC

2 3
Time(years)





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-773264-g001.jpg
\l

e
—_— — 0&7
=
=
—] Ca
PR
=
3 o
O
m —
; &
. g 8 & & & @
g e il
g8 (%) Aouanbaiy Juaa uonesy
o o
33 ©
% o
e 5
£33
P
o T
35 o
| L]
H L]
L]
*
.
.
L]
.
L]
.
L]
L]
.
H L]

NIERONTORNTQRINILRY

T [NILRINILAY
3

I~
388883
B8388e2

1unoo depieng

. . . . .

2 =] =] o o
o ° 53 ~

(9%) £>uanbayy Juans uonessyy

1004

Wneo deseny






OEBPS/Images/fimmu-13-773264-g003.jpg
)
)

CLECTA Expression Level (log2 TPM) ARHGAP30 Expression Level (log2 TPM) ARHGAPS Expression Level (log2 TPM;

ARPC1B Expression Level (log2 TPM)

PLB1 Expression Level (log2 TPM)

MAN2B1 Expression Level (log2 TPM)

Dendritic Cell

or = 0°325
=1.43

Purity Macrophage

partial.cor = 0.168

partial.cor = 0.225

Macrophage Dendritic Cell
amal cor = 0.01%| artial.cor =0.51
E 826-07 . PAE D bee-10

0.25 0.50 0.75 1.00 0.0 0.1 02 03 04 0500 01 0.2 0.3 0.4

Macrophsge

No

0.25 0.50 0.75 1.000 1

1.5 0.00
Infiltration Level
Purity Macrophage

cor = -0.48 pamal .cor = 0.083]
&= 1.38e-25 =9.12e-02

N

<)

®

)

FnﬂtrangnoLevel 25 050 075 ! 2

Macrophage Dendritic Cell

artial.cor = 0.1 partial.cor = 0.
P £% 52602 . P agg
4 L ry i d
. eee® ©

3 &. &° 2 o
2
1

.

0.0 0.4 0.8 1.2

Dendritic Cell

partial. cor =

et partial.cor = 0.458|
p = 1.75e-04| .62e-23

®

~

[}

0.25 0.50 0.76 1.00 0.50 0.75 1.00 0 1 2

o]
“Tnfiltration Level





OEBPS/Images/fimmu-13-773264-g005.jpg
I N —

T
h 1 I'lill:iil,n
' |

i

==

@

P——

W Eosinophil
| Neutrophil 2
 Gamma detaT cell
! III (T:ype 1T helper cell

it
i
g
Hw“\
(L e
il ‘\““w
H“H‘m I
I HHl\‘\

*xx
.
*h

-
whk
*

e
» %3
IR «e‘i\%‘b

Activated dendritic cell ns s Monsoms s !t ™oag tonsons asons s tMons
Mast cell s

Regulatory T cell

Macrophage 181
MDSC

Activated B cell

Activated CD8 T cell

T follicular helper cell

Natural killer cell

Effector memeory CD8 T cell
Immature B cell

CIBERSORT

°

entral memory CD4 T cell
Central memory CD8 T cell
Activated CD4 T cell
Memory B cell
Type 2T helper cell
Immature dendritic cell
Natural killer T cell
CD56 dim ratural killer cell
Plasmacytoid dendritic cell o
Monocyte ¥ 00
Effector memeory CD4 T cell £ E
Type 17 T helper cell

56 bright natural killer cell oé‘

IS

IS
Natural killer cell 181
Immature E cell Is2 s ns ns
T follicular helper cell
Activated B cell 183
Activated CD8 T cell
1T helper cell

fector memeory CD8 T cell
Macrophage 8
Mast cell
Activated dzndritic cell 4

Regulatory T cell
M?SC " 2

Immature dendritic cell
Effector memeory CD4 T cell
CD56 bright natural killer cell
Plasmacytcid dendritic cell
Tyse 17 T helper cell
CDS56 dim natural killer cell
Munocrle
Central memory CD4 T cell
Central memory CD8 T cell
Gamma deta T cell
Natural killer T cell
Activated CD4 T cell
Memory B cell
Type 2 T helper cell
0sinophil
Neutrophil

R T I T A I R

wxx

S

*hr
s
*hx
*xk

5
L OEs
$» N

*
*
=

s

s

© © o° 50 o \Vﬁ&‘(\\‘g‘\t&? £ & F F S P F T
< \/q’:"/ Q\é/ s ® >

Sa ol N

<« \\@5‘ Q\@ 0\@ R L - <

<8 [\ «





OEBPS/Images/logo.jpg
’ frontiers
in Immunology





OEBPS/Images/fimmu-13-773264-g002.jpg
12

W GBM (n=163)

. Normal brain tissue
(n=207)

e | 0w ARHGAP9 Group
3 = High ARHGAP9 Group
«
=0
[
2
z©
a o
k=
@<
Lo
&
o
=]
o =
=) T T T T T
0 500 1000 1500 2000 2500
Days
o Overall Survival
- = Low ARPC1B Group
== High ARPC1B Group
© Logrank p=0.0033
_o HR(high)=1.7
g p(HR)=0.0036
e n(high)=81
S o n(low)=81
2]
g
So
&

0.2

0.0

T T T T T

0 500 1000 1500 2000 2500
Days

Percent survival

Percent survival

Overall Survival

e | ow ARHGAP30 Group
=== High ARHGAP30 Group
Logrank p=0.037
HR(high)=1.5

p(HR)=0.038

n(high)=81

n(low)=81

1.0

04 06 08

0.00.2

T T T T T
0 500 1000 1500 2000 2500

Days

Overall Survival

1.0

== Low PLB1 Group
== High PLB1 Group
Logrank p=0.028
HR(high)=1.5
p(HR)=0.029

n(high)=81

n(low)=80

06 08

02 04

0.0

T T T T T
C 500 1000 1500 2000 2500
Days

Percent survival

Percent survival

Overall Survival
e | ow CLEC7A Group
o === High CLEC7A Group
- Logrank p=0.03
R(high)=1.5
2]
=)
©
o
<
o
o~
o
=
o
0 500 1000 1500 2000 2500
Days
- Overall Survival
- = Low MAN2B1 Group|
= High MAN2B1 Group
© Logrank p=0.0096
o HR(high)=1.6
n('(-:‘R): o
© n(higt =
o n(lowg—m
b
o
N
o
o
(=}

0 500 1000 1500 2000 2500
Days





OEBPS/Images/fimmu-13-773264-g008.jpg
Ao Sample clustering to detect outliars B Scale independence c Mean connectivity
= o
o g
2 &
[H g
e : &
£ 2° 8
=) = £ 8
[} Y o -
: §: g
3 g 101112131415417181620 § 8
8o~
& = g
3 4,
8o ° 57 8 91011121314151617181920
(=} o
5 10 15 20 5 10 15 20
Soft Threshold (power) Soft Threshold (power)
D E
Cluster Dendrogram Genes(Number)
& Turquoise| —.
g Blel ——————— @229 499
e : Brown| ——————()
g : Red| ————@101
g : Yellow| ) 114
5 : Black| —————@ 99
8 -2 pink|————o 0
° B Magenta| ——e 61
2 § Purple| —o 52
o Green| ——@ 109
& Cyan| —e 42
° Salmon| —e 44
8 Tan| —e 45
———— Greenyellow| -« 47,
Grey | #5
I 0 100 200 300 400 500
F == S
Fexk Kk Fkk NA axk - P *xt ek ok ok W[ e e
100 . * *
o 075 4 * ’ ’ Type
5 PS 0 }
2
§ ‘ * * te ‘ \g * ! 4 : st
g 0.50 sz
2 + mIs3
9
© 025 ‘ * *
0.00

black blue cyan green  greenyelow  magenta pink

purple

red

salmon

Tan

Turquoise

Yellow






OEBPS/Images/fimmu-13-773264-g006.jpg
l

,. #
"y “‘ “

L,

W“; .

0 ahadad Wk m““ WL L ' M o I“H ‘A“ m

\;@\ SRS SePei® ®*@§° W@W@\x\@u@ S @\@@m@g@g@ *ﬁ%&%&%
F - WeSs e e Gue e S Gaee  Sess  Meer Seew Geeme wese tewiee seosee smawe [ s wme  doome  wer  sesree  weese  caseer dees M e R BT B W e e

IS

6 ‘ ity
5 |_IBK
T (. |
o LY

|
0 Lalassbobs “ L‘ m il L | M sk dai ﬂ“x“‘ l ’0‘“ A il m “ 4 ‘ﬂ ald
e TN R

N\
&&@ %@ e w@“@’ﬁ“@‘*@@“‘ %%\‘ ﬁ‘gﬁg@‘@\*‘%@ %“\“3‘\‘\%‘\\‘*\ SEEEEES¢

m&f”

" M‘M” ST U I w”‘“‘w

@‘N&sﬁi@w&@%&m@&w e~ vor==s Q@@W&m@gﬁw






