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Background

Glioma is a fatal tumor originating from the brain, which accounts for most intracranial malignancies. Currently, Immunotherapy has turned into a novel and promising treatment in glioma patients. however, there are still few effective biomarkers to mirror the reaction to immunotherapy in patients with glioma. Therefore, we intended to elucidate the evaluable efficacy of SLC11A1 in glioma patients.



Methods

In this study, samples from Shanghai General Hospital and data from TCGA, GEO, CGGA datasets were used to investigate and validate the relationship between SLC11A1 and the progression of glioma. We evaluated the predictive value of SLC11A1 on the prognosis of glioma with cox regression analysis. Then the relationship between immune infiltration and SLC11A1 was also analyzed. Ultimately, we performed the prediction on the immunotherapeutic response and therapeutic drugs according to the expression of SLC11A1.



Results

Expression of SLC11A1 increased with progression and predicted unfavorable prognosis for glioma patients. The hazard ratio for SLC11A1 expression was 2.33 with 95% CI (1.92-2.58) (P < 0.001) in cox analysis. And based on expression, we found SLC11A1 stratified glioma patients into subgroups with different immune activation statuses. Moreover, we observed that patients with higher SLC11A1 levels companied with better immunotherapeutic response, while those with lower SLC11A1 levels may respond better to temozolomide.



Conclusion

This study provided evidence that SLC11A1 was a novel prognostic marker and immunotherapy response indicator for gliomas. In some cases, SLC11A1 could be an effective marker for identifying patients who might benefit from immunotherapy or chemotherapy.
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Introduction

Glioma, the most common primary brain tumor, companied with poor prognosis in human adult (1). It is a type of rapidly progressing tumor, and the overall survival time in newly diagnosed glioma patients is approximately 12–18 months. Despite a variety of therapeutic approaches for gliomas, the outcome for patients with glioma is still poor. Surgery is not effective due to the tumor’s infiltrative nature. Due to tumor heterogeneity and epigenetic complexity, it is difficult to identify therapeutic targets for glioma. Additionally, the delivery of chemotherapeutic drugs is limited by the blood-brain barrier (BBB). Therefore, a thorough understanding of the factors involved in tumor progression is critical to exploring effective strategies for the diagnosis and treatment of glioma patients.

The use of cancer immunotherapy, such as immune checkpoint blockade (ICB), has been proven to benefit patients with gliomas. ICB inhibits tumor progression through the reinvigoration of tumor cytotoxic T cells. Although glioma is an immunogenic tumor characterized by high neoantigen levels, only a small subset of patients responds to ICB due to primary or secondary drug resistance (2). In light of the significant economic burden and side effects associated with radiochemotherapy, it is necessary to explore more robust predictive biomarkers for ICB response (3). However, because of complicated molecular methods, the detection of biomarkers tends to be expensive. Although several molecular biomarkers have been identified to predict the prognosis and therapeutic response to glioma, further study is needed to facilitate their widespread clinical application. Thus, there is an urgent medical need for fast and economical molecular subtype predictors.

A recent study showed that solute carrier family 11 member 1 (SLC11A1) has multiple effects on macrophage activation and exerts a vital role in immune response (4). Susceptibility to infections and autoimmune diseases is linked to SLC11A1. Moreover, SLC11A1 has been proved a correlation with various tumors, such as bladder cancer and esophageal cancer (5, 6). SLC11A1 expression has been implicated in bladder cancer recurrence and the response to Calmette–Guerin (BCG) immunotherapy (5). However, no study has revealed the function of SLC11A1 in the development of glioma, and the potential molecular mechanism is poorly understood.

Our study examined the expression patterns of SLC11A1 and its immunological function across a range of cancers. Anti-SLC11A1 therapy appears to be an appropriate treatment for gliomas. We also report that SLC11A1 expression promotes tumor progression and may serve as a biomarker for differentiating molecular subtypes of gliomas.



Materials and methods


Tumor samples collection

Human samples were exempt from testing by Shanghai General Hospital’s Human Investigation Ethical Committee. The samples were recruited between January 2021 and January 2022 from the Department of Neurosurgery in Shanghai General Hospital. Among the 20 glioma patients (Grade II: n = 7; III: n = 6; IV: n = 7) none had experienced chemotherapy and radiotherapy before. Each patient signed an informed agreement paper.



Data source and expression analysis

A pan-cancer dataset from The Cancer Genome Atlas (TCGA) was analyzed with UCSCXenaShiny containing 33 subtypes of cancer and GTEx expression matrix data (7). All data on gliomas came from Gliovis (8) (Supplementary Table 1). Single cell RNA sequencing of gliomas was derived from GEO database (GSE131928) (9) with 7930 high quality cells acquired from 28 patients. Single cell data analysis was carried out by Seurat4.0 (10). Cell annotation was performed with R package “SingleR” (11) and markers derived from TISCH (12). Spatial transcriptome data of glioma was downloaded from 10X genomics main page(https://www.10xgenomics.com/cn/resources/datasets/human-glioblastoma-whole-transcriptome-analysis-1-standard-1-2-0). After imported into R, the filtered UMI count matrix was analyzed using the R package Seurat (10). Then we used regularized negative binomial regression (SCTransform) to normalize UMI count matrices. Top 3,000 highly variable genes were identified. We determined to use the first 30 principal components in clustering analysis. UMAP dimensionality reduction was performed with the first 30 principal components as input to visualize spots. SpatialFeaturePlot() function was used for gene expression in spots.



Immunohistochemical and immunofluorescence analysis

Paraformaldehyde 4% and paraffin were added to the samples to fix them for 24 hours. After cutting the paraffin block into five millimeter-thick sections then blocked overnight at 4°C and stained with SLC11A1 (Abcam, ab211448, USA). Using biotinylated rabbit IgG incubated with PBS after washing the sections. The sections were viewed under a microscope AX-80. The images were analyzed by Image J.

Sections that were formalin-fixed and embedded in paraffin were deparaffinized, rehydrated, permeabilized, and rinsed. Antigen repair in citrate buffer was made for 15 min. Blocking was carried out in 5% BSA for 1 h at room temperature. Then sections were stained with SLC11A1 (Lifespan, LS-B9344, USA), CD68 (Abcam, ab201340, USA), PD1 (Abcam, ab52587, USA). 2% BSA/PBS was diluted in secondary antibodies, which were incubated for another 1 h. After stain with DAPI, microscope images were taken of the sections.



Real-time PCR

Total RNA was extracted from human sample using TRIzol reagent. The reverse transcription is performed with FastQuant RT kit. Real-time PCR was carried out using SuperReal SYBR Green kit in Lightcycler 96). The primer sequences were listed as follow: SLC11A1 forward: GCACCTCCCAGAGAGACCT; reverse: GAGCAGCACCCAGAGAAGTT; PDCD1 forward: CAGTTCCAAACCCTGGTGGT; reverse: GGCTCCTATTGTCCCTCGTG; CA4 forward: CAAGTGCCTTCTGTGTGTGC; reverse: GAGCGGTGTTCAGGTCTTCA.



Bioinformatic analysis

TCGA mutation data was derived from R package “TCGAmutations” (13) (study=“GBM” and “LGG”), data analysis was performed by “maftools” (14). The raw mutation count for TMB (Tumor Mutation Burden) analysis was determined by TCGA using the somatic variants. An estimated size of 38 Mb was used for the exome. On the basis of the level of SLC11A1, glioma patients from CGGA dataset were grouped into high group and low expression group. Differential expressed gene (DEGs) analysis were performed by R package “limma” (15). The biological significance of the DEGs was defined as |logFC|≥1.5 and adj.pvalue <0.05 (16).

Using the R package “Pi” we further investigated the functional enrichment with Gene Set Enrichment Analysis (GSEA) (17). In order to explore the association between SLC11A1 expression and immune status, 25 immune-related genes were analyzed based on a previous study (18) (Supplementary Table 2). To landscape the immune profile of glioma samples, we performed Gene Set Variation Analysis using the R package “GSVA”.



Quantify of relative abundance of immune cells and prediction of the immunotherapy response

ssGSEA was used to calculate a enrichment score indicating how much a gene set was enriched in each sample of a dataset with R package “GSVA” (19). According to a previous study, we obtained 28 types of immune cells’ gene set signatures (20). To prevent bias caused by a singular algorithm, other methods for calculating the relative abundance of cells in the immune microenvironment were also used: Cibersort-ABS (21), MCP-counter (22), quanTIseq (23), TIMER (24) and xCell (25), the immune cells data were downloaded from TIMER (http://timer.cistrome.org/). Expression and survival data from CGGA were merged and MCP-counter variables together with SLC11A1 were binarized using a median cut (leading to “high” and “low” samples for each variable from the cell’s median value or gene expression). For this study, we concatenated the binarized scores for the two variables of interest (Mono/Macro cells and SLC11A1), leading to four classes (high–high, high–low, low–high, low–low). The corresponding Kaplan–Meier curves for OS were then plotted and the p value of the corresponding log-rank test is calculated. This algorithm was previously described in Etienne et al’s study (22).

To anticipate their response to anti-PDL1 drug, the GSVA method using the T-cell inflammatory (TIS) signature were used to score the glioma samples. This signature was listed in Supplementary Table 3. Immune Cell Abundance Identifier (ImmuCellAI) (26) and Tumor Immune Dysfunction and Exclusion (TIDE) (27) were performed to investigate the potential response of ICB therapy. The Subclass Mapping (SubMap) method was also used to evaluate the role of SLC11A1in 47 patients with different immunotherapy responses (28).



Drug sensitivity analysis

Drug sensitivity data of CCLs were acquired from the Cancer Therapeutics Response Portal (CTRP v.2.0) and PRISM Repurposing dataset (19Q4). The pRRophetic package (29) which had a built-in ridge regression model was used to predict the drug response. CTRP and PRISM dataset each provides the area under the dose–response curve values as a measure of drug sensitivity.



Statistical analysis

R software 4.0.5 was used to perform all statistical analysis. We used the Kolmogorov-Smirnov test to identify whether a non-parametric or a parametric analysis should be applied to every dataset based on the distribution normality. The correlation analysis was made based on Spearman correlation analysis. Fisher exact test and Wilcoxon rank-sum tests were performed to compare categorical and continuous variables. By using Cox proportional hazard models, survival analysis assessed the association between overall survival and characteristics. Kaplan-Meier survival curves were drawn and compared with R packages “survival” and “survminer”. Meta-analysis was performed with R package “meta” (30). P value < 0.05 was considered significant. Oncoplot was generated with R package “ComplexHeatmap” (31). Fishplot was plotted using “ fishplot” (32) package.




Result


Overview of SLC11A1 in various tumors

To investigate the clinical value of SLC11A1 expression in human tumors, the levels of SLC11A1 expression in normal tissues and tumor samples based on TCGA and GTEx databases were analyzed using UCSCXenaShiny (7). As shown in Figure 1A, SLC11A1 was significantly upregulated in several cancer tissues compared with normal tissues (all p < 0.05), and was downregulated in several other cancer tissues. The results suggested that SLC11A1 exerts different roles in tumors. Further, we aimed to determine whether SLC11A1 levels are associated with clinical outcomes in patients with different cancers. We utilized UCSCXenaShiny to assess the role of SLC11A1 expression on outcome based on univariate Cox analysis. Based on the expression of SLC11A1, patients were split into two SLC11A1 subgroups. The results suggested that high SLC11A1 expression was associated with poor outcomes in ACC, KIRC, LGG, GBM, LIHC, LAML, PRAD, PAAD, and THYM. Above results showed that SLC11A1 was predominantly correlated with a poor prognosis in patients with human tumors, especially glioma (Figure 1B).




Figure 1 | Pan-cancer analysis of SLC11A1 expression. (A) UCSCXenaShiny was used to visualize SLC11A1 expression in the cancer genome atlas (TCGA) pan-cancer datasets. (B) Risk plot of correlation SLC11A1 with OS, PFI, DSS (red represents HR > 1(risky) and P value < 0.05; blue represents HR < 1 (protective) and P value < 0.05; grey represents no statistical significance). **,P < 0.01; ***,P < 0.001; ****,P < 0.0001, ns = no significance (Wilcoxon test).





The elevation of SLC11A1 expression indicates poor clinical outcomes in patients with glioma

To further explore the effect of SLC11A1 in gliomas, we studied the association between its expression and prognosis of gliomas through the analysis of six datasets (n=2390). Based on the expression of SLC11A1, patients were classified into high-SLC11A1 or low-SLC11A1 subgroup. Then the log-rank test analysis indicated that patients with high expression of SLC11A1 in the Chinese Glioma Genome Atlas (CGGA), TCGA, Rembrandt and GSE16011 cohorts presented markedly poorer prognoses than those with low expression of SLC11A1 (Figures 2A–D), while a similar but nonsignificant trend was observed in patients derived from the GSE4412 and GSE43289 cohorts (Figures 2E, F). As shown in Figure 2G, there was a shorter overall survival time for patients whose SLC11A1 expression was high compared to patients whose expression was low (RR = 1.59, 95% CI 1.49-1.70).




Figure 2 | Elevation of SLC11A1 expression predicts poor prognosis in gliomas. Kaplan-Meier plots of SLC11A1 in six glioma datasets, 95% CI was also showed. Patients were divided into high and low expressed group by the medium expression level. (A) CGGA, (B) TCGA, (C) Rembrandt, (D) GSE16011, (E) GSE4412, and (F) GSE43289. (G) Forest plot of the RRs for patients with high SLC11A1 expression compared to patients with low SLC11A1 expression.



Using the TCGA cohort, we performed subgroup analyses to determine if SLC11A1 is associated with positive prognosis in different subgroups of glioma patients. For high grade gliomas, a low expression level of SLC11A1 indicated a better prognosis (p < 0.05) (Figure 3A). Similarly, in isocitrate dehydrogenase (IDH)-mutant or wild-type glioma patients, longer survival times exist in the low SLC11A1 group (p < 0.05) (Figure 3B). Moreover, among those with 1p/19q codeletion and non-codeletion subtypes, the prognosis was extremely different (codel: p=0.12; non-codel: p<0.05) (Figure 3C), which was in accordance with the results in the young (age ≤40 years old) vs. old (age >40 years old) groups (Figure 3D).




Figure 3 | Stratification Analysis and Mutation landscape of high/low SLC11A1 subgroups. High SLC11A1 expression predicts poor prognosis in gliomas with different clinical characteristics. Patients were divided into high and low expressed group by the medium expression level. Kaplan-Meier plots of SLC11A1 were performed with a variety of clinical characteristics. (A) tumor grade, (B) IDH mutational status, (C) 1p/19q co-deletion, and (D) Age. (E) Oncoplots showed the top 20 genes of mutations in patients with high expression of SLC11A1. (F) Fishplot showed that with SLC11A1’s expression changing from high to low, IDH1 mutations progressively account for the dominant type of total mutations. (Q: quartile) (G) Violin plot showed higher tumor mutation burdens in patients with high SLC11A1 expression compared to those with low SLC11A1 expression.



IDH mutation usually indicates a good prognosis in glioma patients. We obtained mutation data from the TCGA dataset. According to the gene expression, patients were categorized into two subgroups, and the patients with a higher SLC11A1 expression had a lower rate of IDH mutation and higher rates of EGFR and PTEN mutations (Figures 3E, F and Supplementary Figure 1A), and which are considered to indicate a poor prognosis for glioma patients. Glioma patients with wild-type IDH1, mutant EGFR or mutant PTEN showed higher expression of SLC11A1 (Supplementary Figure 1B) than those with other phenotypes. Additionally, tumor mutation burden (TMB) analysis revealed that low SLC11A1 expression usually accompanied by a lower TMB, and a key role for TMB is considered in the generation of immunogenic neopeptides displayed on tumor cells is its role in driving the expression of MHC molecules on tumor cells (Figure 3G). The above results indicate that SLC11A1 is a potential novel biomarker for predicting survival of patients.



The level of SLC11A1 expression increased with the malignancy of gliomas

To further determine the clinical significance of SLC11A1 in glioma patients, the clinical study data of 1018 patients with glioma obtained from the CGGA dataset was included to analyzed. According to the expression of SLC11A1, patients were split into two different group (509 vs 509). Statistical analysis showed that high SLC11A1 expression related to older age, shorter survival time, higher tumor grade, GBM subtype, mesenchymal subtype, and wild type IDH, which further confirmed the findings from the TCGA analysis (Table 1).


Table 1 | Clinical characteristics of 1018 glioma patients in the CGGA dataset according to SLC11A1 expression levels.



We used the Cox regression model to perform univariate and multivariate Cox analyses for 1018 glioma patients on different clinical variables. According to the results of the univariate Cox regression analysis (Figure 3A), SLC11A1 was an independent variable [high vs. low, HR=2.78, 95% CI (2.25-3.11)] for patients outcomes. Using the multivariate Cox model, SLC11A1 was also an independent determinant [high vs. low HR=2.33, 95% CI (1.92-2.58)] of the outcomes of glioma patients after controlling for grade, IDH status, age, chemotherapy status and recurrence (Figure 4A).




Figure 4 | Expression of SLC11A1 increased with the progression of glioma. (A) Univariate and multivariate analysis for overall survival of glioma patients. (B) CGGA, (C) TCGA, (D) Rembrandt, (E) GSE16011, (F) GSE4412, and (G) GSE43289. (The X-axis represents the WHO grade while the Y-axis represents SLC11A1 expression value (log2). Based on Wilcoxon test.) (H) qRT-PCR of SLC11A1 of 20 patients with gliomas. (I) Representations and quantification of immunohistochemistry detection of SLC11A1 in LGG (low grade glioma) and HGG (high grade glioma). *,P < 0.05; **,P < 0.01; ***,P < 0.001, ns = no significance (Wilcoxon test). (J) Western blot of SLC11A1 in LGG (low grade glioma) and HGG (high grade glioma).



To determine the SLC11A1 expression in glioma patients with different tumor grades, we obtained data from a public database and our hospital, and we found that the expression of SLC11A1 was elevated in gliomas tissue with high malignant potential. In the CGGA dataset, the expression of SLC11A1 was notably higher in WHO grade III and IV tumors than in grade II tumors (Figure 4B). In TCGA dataset, an extremely increase in SLC11A1 expression was also noted in WHO grade IV and III tumors compared with grade II tumors (Figure 4C). In addition, a significant rising trend was observed in Rembrandt dataset: 98 patients with high SLC11A1 expression had grade II tumors, 85 had grade III tumors, and 130 had grade IV tumors (Figure 4D). Consistent with the above results, based on the analysis of GEO dataset analysis, the GSE16011 dataset showed an increasing trend in the number of patients with high-grade glioma (Figure 4E); similar results were observed for the GSE4412 dataset (Figure 4F) and the GSE43289 dataset (Figure 4G). qRT–PCR and immunohistochemistry (IHC) staining for SLC11A1 were used to evaluate SLC11A1 expression in tumor tissue samples and for further validation. Consistent with the above results, a dramatic increase in SLC11A1 was observed in HGG compared to LGG (Figures 4H–J). In conclusion, the SLC11A1 expression value was found to be a stable predictor of glioma patient survival. The expression value of SLC11A1 is a predictable predictor of prognosis for glioma patients.



SLC11A1 is correlated with immune activation and immune infiltration in gliomas

SLC11A1 (Nramp-1) is a strong candidate target for influencing autoimmune and infectious disease susceptibility (33). Researchers revealed that SLC11A1 regulates immune-inflammatory genes in macrophages when pristane induces arthritis in mice (34). An association was also found between functional SLC11A1 and enhanced generation of IFN-γ-producing T cells, which was related to phagosomal acidification and phagocytosis in dendritic cells (DCs) (35) (Figure 5A).




Figure 5 | SLC11A1 is associated with immune infiltration and immune activation in gliomas. (A) STRING database shows the PPI network of SLC11A1. (B) GO (Gene Ontology) results for differential expression genes (Cut-off criteria for DEGs significance was adj. p value< 0.05 and the absolute value of the log2FC≥ 1.5). The X-axis represents gene ratio and the Y-axis represents different enriched pathways (BP: biological progress; CC: cellular component; MF: molecular function). (C) Rank-based gene set enrichment analysis shows significantly activated hallmark pathways in SLC11A1 high subgroup compared with low subgroup. (D) Heatmap showing SLC11A1-associated relative abundance of 28 immune cells in gliomas (CGGA), annotations show corresponding clinical features of each sample. (E) Heatmap showing SLC11A1-associated relative abundance of 28 immune cells in gliomas (TCGA), annotations show corresponding clinical features of each sample.



Therefore, our study was aimed at discovering how SLC11A1 expression relates to immune infiltration in gliomas and examining the molecular mechanisms by which SLC11A1 plays a role. We analyzed the DEGs between the different SLC11A1 groups (based on the CGGA dataset). The result indicates that 179 genes were upregulated, while 136 genes were downregulated. Then, the GO terms and KEGG pathways were annotated. In terms of GO biological processes, the enrichment expression of DEGs were focused on neutrophil activation involved in immune response, neutrophil degranulation, collagen-containing extracellular matrix, and leukocyte migration (Figure 5B and Supplementary Figure 2B). Following on from the KEGG results, complement and coagulation cascades, ECM-receptor interactions and Staphylococcus aureus infection were significantly enriched (Supplementary Figure 2A and Supplementary Figure 2C). Additionally, we explored the mechanisms underlying SLC11A1 in gliomas through gene set enrichment analysis (GSEA). These results indicated that various tumor progression- and immune activation-associated pathways, particularly extracellular matrix organization, cytokine signaling in the immune system and interferon alpha/beta signaling, activated inflammation and reflecting relatively enhanced tumor progression, were enriched in the high SLC11A1 subgroup (Supplementary Figure 2D). We also performed enrichment analysis by using the “HALLMARK” gene set, and consistent with the above results, the results showed that the high SLC11A1 subgroup showed significant upregulation in the immune-related pathways and EMT pathway (Figure 5C).

An immune phenotype was quantified using gene sets. Spearman’s test (Supplementary Figure 3A) indicated a high correlation between SLC11A1 and positive regulation of the inflammatory response. Along with increased expression of SLC11A1, the immune phenotype showed a “hot” tendency. In line with the above findings, SLC11A1 is a critical factor in the activation of the immune response in gliomas.

Next, it was observed that SLC11A1 levels correlate with immune infiltration, resulting in the discovery of possible mechanisms and roles involved in glioma, as well as its potential use for prognosis assessment. The relative abundance of 28 immune cell types in the CGGA cohort was systematically assessed using the ssGSEA algorithm. The association of SLC11A1 expression with infiltrating immune cells level was estimated by the Spearman method, which showed a tight knit connection between SLC11A1 and macrophages, B cells and T cells (Figure 5D and Supplementary Figure 3B). The TCGA cohort was treated as a validation set, and the results were highly consistent with the above results, which revealed that the SLC11A1 expression was associated with immune infiltration and microenvironment remodeling within gliomas (Figure 5E and Supplementary Figure 3C).



SLC11A1 indicates the TME phenotype in gliomas

To deepen our understanding of SLC11A1’s function in glioma’s tumor immune microenvironment (TIME), we utilized glioma single-cell data derived from the GEO dataset (GSE131928) (9), unsupervised analyses of this data identified 7 cell states representing the stromal, immune, and neoplastic cells commonly observed in glioma. According to the marker genes in the study of Neftel et al, neoplastic cells were split across four pan-glioma cell states, AC-like (EGFR), MES-like (CHI3L1), NPC-like (ELAVL4) and OPC-like (PDGFRA) (9), that observed across many glioma single-cell studies (36, 37). We also identified macrophages/monocytes by C1QB, C1QC and FCER1G (38), CD8 Tex cells by CD3D and IFITM1 (39), and oligodendrocyte by ERMN and KLK6 (40). The top 10 marker genes corresponding to these cell clusters were shown in the Supplementary Figure 4A. As shown in Figure 6A, SLC11A1 was specifically expressed in macrophages. We calculated the correlation between SLC11A1 and myeloid cells using the MCP-counter algorithm. The results also indicated that Macrophage infiltration and SLC11A1 expression were positively correlated. Moreover, we validated the specific expression of SLC11A1 on macrophages using spatial transcriptomic data (Figures 6A–C).




Figure 6 | SLC11A1 expression implies TME in gliomas. (A) Analysis of immune cell infiltration and SLC11A1’s specific expression through single cell data of gliomas. (B) Correlation between the SLC11A1’s expression and Mono/Macro cells (C) Analysis of SLC11A1’s location in gliomas based on spatial transcriptome. (D) Correlation between the SLC11A1’s expression and T-cell inflammatory signature. (E) Representative immunofluorescence images of human glioma samples co-stained with PDCD1 or CD68 (red) and SLC11A1 (green) in LGG and HGG. (F) Kaplan-Meier plots were performed in context of monocytes/macrophages infiltration and SLC11A1 expression. ***,P < 0.001 (Wilcoxon test). (G) Rates of anti-PD1 responses of patients from the CGGA cohort in the high or low SLC11A1 subgroups based on ImmunCellAI.



ESTIMATE is a tool (41) used gene expression level data to exhibit the existence of stromal/immune cells infiltrating tumor tissue. We used this method to calculate ESTIMATE scores for glioma patients, and the results showed that SLC11A1 was highly positively associated with stromal scores, immune scores and ESTIMATE scores but significantly negatively associated with glioma tumor purity (Supplementary Figure 5A). Then, we calculated TIS scores in CGGA patients. The results showed that the expression of SLC11A1 was positively associated with the TIS score (R=0.66, p < 0.001), indicating that high SLC11A1 expression may respond well to the anti-PD-L1 checkpoint inhibitor pembrolizumab (Figure 6D).

Immunofluorescence experiments demonstrated that the increase in SLC11A1 expression was accompanied by increased malignant potential and increased macrophage and T cell infiltration. Consistent with the above results, as shown in Figure 6E, SLC11A1 and CD68 colocalized in macrophages but not in CD8+ T cells. The expression of SLC11A1 could indicate the state of the TIME and could be an indicator of the response to immunotherapy (Figure 6E). When analyzed in the context of high or low infiltration of monocytes/macrophages (Figure 6F), low expression of SLC11A1 could predict increased survival independent of the expression of monocyte/macrophage markers. Patients with low expression level of SLC11A1 had a longer survival time when monocytes/macrophages were highly infiltrated, indicating that targeting SLC11A1 may lead to favorable treatment outcomes for patients with high levels of infiltrating monocytes/macrophages. In addition, we also predicted the response to immunotherapy in subgroups of gliomas with high and low expression of SLC11A1, and the results showed that the subgroup with high expression of SLC11A1 had a higher proportion of response to immunotherapy compared to the low expression group(Figure 6G).

In the next step, the immune cells infiltration levels was calculated by using several independent algorithms with TIMER website (24) based on pancancer expression data. Consistent with previous research, SLC11A1 was positively associated with the levels of many types of infiltrating immune cells (Supplementary Figure 5B). Notably, SLC11A1 was positively associated with the infiltration of macrophages and monocytes. As tumor progression and immune activation were both enhanced in the high SLC11A1 group, SLC11A1 expression possibly be related to the high PD-1 and CTLA4 expression. Analysis of linear regression showed a significant relationship between SLC11A1 and PDCD1 and CTLA4 (Figure 7A). A similar conclusion was drawn from the TCGA dataset (Supplementary Figure 6A). High SLC11A1 subgroups exhibited both immunologic activation and immunologic suppression. The phenomenon exhibits the phenomenon that immune activation was enriched in the high SLC11A1 subgroup while tumor progression was not suppressed.




Figure 7 | Subgroup divided by SLC11A1 predict potential immunotherapy responses of gliomas and identification of candidate agents with higher drug sensitivity in glioma patients. (E) Comparison of estimated olaparib (up) and temozolomide’s (down) sensitivity (logAUC) between IDH mutant and wildtype groups. (F) Comparison of estimated temozolomide’s sensitivity (logAUC) between high-SLC11A1 and low-SLC11A1 groups. (G) Spearman’s correlation analysis of three CTRP-derived compounds (up) and ten PRISM-derived compounds (down).





SLC11A1 expression level predicts the immunotherapy response of glioma patients

To identify the transcriptome results from public datasets, 20 patients were included from Shanghai General Hospital, and the association between the expression levels of PDCD1, CTLA4 and SLC11A1 by quantitative real-time PCR were investigated. The results indicated that SLC11A1 was positively associated with PDCD1 and CTLA4 (Figure 7B). SLC11A1-expressing patients were found to have high expression of the therapeutic targets CTLA4 and PD-1/PD-L1, which indicated that ICB treatment may be effective.

To evaluate the effect of SLC11A1 in immunotherapy response, we utilized some tools. ImmunCellAI (26) suggested that glioma patients with a high expression levels of SLC11A1 are more inclined to respond to immunotherapy (79%, 406/509) than patients with low SLC11A1 levels (53%, 273/509) (Figure 6G), and TIDE (27) revealed a similar conclusion (High: 72%, 366/509; Low: 35%, 178/509) (Figure 7C). In order to make a comparison about the similarity of the expression profiles between previous melanoma patients with detailed immunotherapeutic information and the SLC11A1 subgroups of glioma patients, we also utilized the submap algorithm, which demonstrated that the patients in the SLC11A1-high subgroup were more reactive to anti-PD-1 and anti-CTLA4 treatment (Figure 7D) (28). These results were consistent with previous findings.

In conclusion, the SLC11A1 gene may be a useful indicator of the phenotype of the immune microenvironment within a tumor and may help to predict immunotherapy response in patients with gliomas.



Estimation of drug response and identification of potential therapeutic agents for glioma patients with high or low SLC11A1 expression

The PRISM and CTRP datasets include drug sensitivity profiles and gene expression profiles of hundreds of CCLs that can be used to develop a drug response prediction model. With the pRRophetic package, we can predict the drug-sensitive patients, and further obtain the AUC valuation of each compound in clinical sample.

Before further analysis, we first showed that estimation of drug response is an accurate and reliable method, and we followed a similar process as described in a previous study (42). Temozolomide (a first-line chemotherapeutic drug used in the treatment of glioblastoma multiforme and anaplastic astrocytoma) and olaparib (a PARP inhibitor) were employed to determine whether the estimated immunotherapeutic response matched the actual clinical response. Recent studies revealed that IDH-mutant gliomas could be vulnerable to PARP inhibitor and temozolomide treatment. Therefore, we divided patients from the CGGA cohort into two different groups based on the IDH alteration status. The difference in the AUC valuation of olaparib and temozolomide between the two groups was compared by the Wilcoxon rank-sum test, while the results showed that the estimated AUC values were extremely lower in patients with mutations in IDH (p < 0.001, Figure 7E). The results illustrated that patients with IDH mutations were more sensitive to chemotherapy drugs, which is consistent with the actual clinical response to olaparib and temozolomide.

Similarly, glioma patients were classified into two groups (high vs. low SLC11A1 expression group) based on the median SLC11A1 level. We utilized the same methodology to assess the sensitivity of different SLC11A1 subgroups to temozolomide. We demonstrated that patients with low expression of SLC11A1 showed significantly lower estimated AUC values of temozolomide (p < 0.0001, Figure 7F). This result suggested that the low SLC11A1 subgroup was more sensitive to temozolomide. Although temozolomide is the first-line drug for glioma treatment, because of the heterogeneity of glioma, patients are prone to develop drug resistance, so there is an urgent clinical need for novel drugs targeting new molecules. A variety of drug candidates with higher efficacy are required in clinical treatment.

CTRP and PRISM can be used to find drug candidates. Therefore, response analysis of differential drug between the high-SLC11A1 subgroup and the low-SLC11A1 subgroup was performed to identify compounds with low estimated AUC values (log2FC > 0.10). The Spearman correlation coefficient between expression of SLC11A1 and AUC value was tested to select compounds that are negatively correlated. Based on these analyses, we identified three CTRP-derived compounds (fluvastatin, clofarabine and birinapant) and ten PRISM-derived compounds (GDC-0152, everolimus, napabucasin, dasatinib, TAK-733, cobimetinib, dabrafenib, trametinib, AS-703026 and AZD8330). SLC11A1 was negatively correlated with all of these compounds, and the estimated AUC values were lower in the high-SLC11A1 group (p < 0.001); the most notable candidates included clofarabine (mean (IQR), low: 0.3850 (0.3694, 0.4017) vs. high: 0.3547 (0.3377, 0.3668)) in the CTRP-derived compound group and AZD8330 [mean (IQR), low: 0.1058 (0.0975, 0.1125) vs. high: 0.0960 (0.0884, 0.1038)] in the PRISM-derived compound group (Figure 7G and Supplementary Figure 7A). In previous study (43), fluvastatin inhibits the growth and alters the malignant phenotype of the glioma cell line. The inhibitory effects of fluvastatin on cell proliferation is associated with decreased p-ERK1/2 expression, upregulation of p-JNK1/2. Fluvastatin has high anticancer activity and lacks toxicity to normal cells, suggesting the potential use of this statin for the treatment of gliomas (43). Clofarabine is a purine nucleoside analog drug used in the treatment of hematological malignancies (44). Birinapant has extensive IAP antagonistic effects. Birinapant can cause rapid degradation of cIAP1, cleavage of PARP, activation of caspase, and inhibition of activation of NF-κB (45). The use of clofarabine and birinapant in gliomas has not been reported. AZD8330 inhibits growth factor-mediated cell signaling and tumor cell proliferation by inhibiting MEK1/2. Yi’s study showed that YAP/TAZ depletion with MEK inhibition results in a durable suppression of NF2 tumors (46), indicating MEK inhibitor like AZD8330 could be used in many tumors.

In conclusion, it is reasonable to assume that the level of SLC11A1 expression can also be used as an indicator to evaluate the sensitivity to temozolomide. Moreover, in our present study, new target drugs that may address the current situation of temozolomide resistance in the treatment of glioma were screened based on SLC11A1 expression, and clofarabine and AZD8830 may be potential options for further basic research and clinical strategy development in the future.




Discussion

Because gliomas are highly heterogeneous, each patient’s course and therapeutic effect may be unique (47). Thus, to manage gliomas in a comprehensive manner, the patient’s individual characteristics, clinical symptoms, and tumor progression need to be considered (48). Currently, genetic examination is widely used for the precise diagnosis and evaluation of therapeutic effects. For example, it has been illustrated that patients with IDH1 and IDH2 mutations tend to have favorable outcomes and are also more susceptible to radiotherapy and chemotherapy (49, 50). In addition, patients with the 1p19q codeletion are considered ineligible for radiotherapy (51, 52). Anti-SLC11A1 immunotherapy is a suitable treatment option for glioma, as shown in this study.

Generally, the appreciation for the TME as a determining factor of cancer outcome is growing. In the process of tumorigenesis, a protumor TME is formed that includes stromal cells, fibroblasts, macrophages, as well as vascular endothelial cells and their secretory chemokines. These cells interact tightly and dynamically, and the balance of cytokine production and metabolite production changes over time (53). At the beginning of the process, tumor cells can attract and activate infiltrating immune cells to exert antitumor functions and impede tumor progression. However, in the late period, immune cells can play both antitumor and protumor roles. When this balance is disrupted, immune evasion and tumor progression are further promoted (54, 55). As a hot topic in tumor research, recent decades have seen remarkable advances in tumor immunotherapy research (56). ICB treatment can block inhibitory signaling, directly activate cytotoxic T lymphocytes to achieve antitumor effects, and may serve as an effective therapeutic strategy in patients with solid tumors (57). Despite the immune system’s ability to detect malignant tumor cells, the tumor microenvironment upregulates suppressive immune checkpoints, leading to weak anti-cancer immunity (58).

SLC11A1 is a phagosomal membrane protein located in monocytes (59), that serves as a proinflammatory factor and is closely correlated with the occurrence and progression of various inflammatory diseases (60). Besides, it is also related to susceptibility to infectious disease (33). SLC11A1 modulates immune activation (34). Despite this, few studies have evaluated whether SLC11A1 contributes to tumor progression. According to our current study, SLC11A1 is overexpressed in several kinds of cancer, and especially in gliomas. To further investigate the relationship between SLC11A1 and glioma, the cohort was split into two different groups based on SLC11A1 levels. The high SLC11A1 expression group greater malignant potential and a poorer clinical prognosis when compared with the low SLC11A1 expression group. Additionally, SLC11A1 expression was correlated to age, IDH mutation status, tumor malignancy, 1p/19q codeletion and higher TMB. TMB is taken as a key driver in immunogenic neopeptides generation, which are displayed on MHC molecules on the tumor cell surface, and regulates the patient’s response to immune checkpoint inhibitors (ICIs). According to the above results, SLC11A1 could be considered a potential practical predictor for prognosis evaluation and clinical diagnosis in glioma patients. We also observed that various immune activators and tumor progression-associated genes were enriched in high SLC11A1 groups, especially those related to cytokine signal transduction and PD-1 signal transduction. The cytokine signaling pathway and PD-1 signaling pathway are critical regulatory pathways in glioma immunotherapy (61). Therefore, we hypothesized that SLC11A1 may serve as a potential target for glioma treatment. This is the first study to prove that the SLC11A1 gene is a novel therapeutic and diagnostic target. In addition, we revealed the role of SLC11A1 in the development of glioma and assessed the underlying mechanism in immunotherapeutic response. In our present study, we revealed the relationship between SLC11A1 and the immunotherapeutic response, providing a potential therapeutic target for clinical diagnosis and management.

Glioma is highly heterogeneous, so it is almost impossible to explore a strategy suitable for all glioma cases. There is lacking corresponding biomarkers in all current therapies for glioma and thus satisfactory clinical effects cannot be achieved. Hence, finding individualized treatment strategies for glioma patients is important to maximize the therapeutic effects. We divided patients into two groups according to IDH mutation status. The differences of olaparib and temozolomide between the two groups were compared, and the results suggested that patients with mutation of IDH presented significantly lower estimated AUC values for both drugs, consistent with how the chemotherapeutic drugs behave clinically. Moreover, the patients with high SLC11A1 expression showed higher estimated AUC values for temozolomide, which indicates that glioma

Taken together, our study illustrates that SLC11A1 can serve as a novel indicator for clinical diagnosis, prognostic prediction, and immunotherapeutic response evaluation in glioma patients. The suggestion that SLC11A1 can be a practical immunotherapeutic target in glioma patients is reasonable. Furthermore, exploration of novel potential drugs, such as AZD8330 and clofarabine, may present a more robust and comprehensive perspective regarding their utilization. The above results are of great significance in clinical management and will be conducive to precise treatment and prognosis evaluation.

Studies have shown that the regulation of macrophage iron metabolism by SLC11A1 plays an important role in early macrophage activation, and previous studies have also shown that SLC11A1 is expressed only in phagocytes [i.e., monocytes/macrophages and granulocytes (PMNs)], which we also demonstrated in the present study, so to some extent SLC11A1 can reflect the number of macrophages in glioma. Moreover, increased macrophage infiltration suggests a suppressive immune microenvironment, which usually implies a poorer prognosis. We hypothesize that high expression of SLC11A1 could reflect a tumor microenvironment tending to be “cold”, which also provides an explanation for the association of high SLC11A1 expression with poor prognosis. Additionally, we observed that glioma patients with high expression of SLC11A1 were more sensitive to immunotherapy, while glioma patients with low expression of SLC11A1 responded better to temozolomide. Therefore, SLC11A1 may serve as an indicting factor for whether patients be treated with different treatment approaches (chemotherapy or immunotherapy). We yielded three CTRP-derived compounds (fluvastatin, clofarabine, and birinapant) and ten PRISM-derived compounds (GDC-0152, everolimus, napabucasin, dasatinib, TAK-733, cobimetinib, dabrafenib, trametinib, AS-703026, and AZD8330). In previous study, fluvastatin inhibits the growth and alters the malignant phenotype of the glioma cell line, suggesting the potential use of this statin for the treatment of gliomas (7). Furthermore, fluvastatin could suppress mitochondrial respiration through the synthesis inhibition of coenzyme Q and normalized T-cell-relative immune microenvironment, thereby effectively sensitizing the potency of Anti-PD1 against colorectal cancer in the MC38 homograft mouse model (13). Interestingly, a previous study reported that birinapant upregulates MHC-I, sensitizes cancer cells to T cell-dependent killing, and increases ICB efficacy (14). We wondered whether these two drugs could also play similar role in activating the immune system in glioma and achieving a sensitizing immunotherapeutic effect. Clofarabine is the drug granted approval for treatment of pediatric acute leukemia. Recent clinical studies have established the efficacy of clofarabine in treating malignancies with a poor prognosis (15). All these compounds, especially clofarabine and AZD8330 indicated the negative correlation of AUC value with SLC11A1 expression level. Although these two drugs have been reported to function in various cancers, no existing study had investigated their potential role and underlying mechanism in glioma management. There is an urgent need for further validation to explore novel clinical strategies.
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OEBPS/Images/table1.jpg
Variable n Overall, n = 1,018" High, n = 509! Low, n = 509" p-value2

Age 1,017 43 (35, 51) 45 (37, 55) 41 (34, 48) <0.001
Gender 1,018 03
Female 422 (41%) 202 (40%) 220 (43%)

Male 596 (59%) 307 (60%) 289 (57%)

survival 983 39 (11, 59) 29 (8, 40) 48 (17, 76) <0.001
status 989 <0.001
Alive 388 (39%) 113 (23%) 275 (56%)

Dead 601 (61%) 382 (77%) 219 (44%)

Grade 1,013 <0.001
I 291 (29%) 92 (18%) 199 (39%)

jits 334 (33%) 143 (28%) 191 (38%)

v 388 (38%) 271 (54%) 117 (23%)

Histology 1,013

Oligodendroglioma 112 (11%) 11 (22%) 101 (20%)

Oligoastrocytoma 9 (0.9%) 3 (0.6%) 6 (1.2%)

Astrocytoma 175 (17%) 79 (16%) 96 (19%)

Anaplastic Oligodendrolgioma 94 (9.3%) 16 (3.2%) 78 (15%)

Anaplastic Oligoastrocytoma 21 (2.1%) 10 (2.0%) 11 (2.2%)

Anaplastic Astrocytoma 214 (21%) 116 (23%) 98 (19%)

GBM 388 (38%) 271 (54%) 117 (23%)

Subtype 435 <0.001
Classical 162 (37%) 122 (40%) 40 (31%)

Mesenchymal 116 (27%) 99 (32%) 17 (13%)

Proneural 157 (36%) 87 (28%) 70 (55%)

IDH-status 966 <0.001
Mutant 531 (55%) 173 (36%) 358 (74%)

Wildtype 435 (45%) 308 (64%) 127 (26%)

codel_1p19q 940 <0.001
Codel 212 (23%) 27 (5.5%) 185 (41%)

Non-codel 728 (77%) 462 (94%) 266 (59%)

Recurrence 1,014 0.054
Primary 651 (64%) 314 (62%) 337 (66%)

Recurrent 333 (33%) 171 (34%) 162 (32%)

Secondary 30 (3.0%) 21 (4.2%) 9 (1.8%)

"Mean (IQR); n (%).
*Welch Two Sample t-test; Pearson’s Chi-squared test.





