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Background

Prostate cancer (PCa), a prevalent malignant cancer in males worldwide, screening for patients might benefit more from immuno-/chemo-therapy remained inadequate and challenging due to the heterogeneity of PCa patients. Thus, the study aimed to explore the metabolic (Meta) characteristics and develop a metabolism-based signature to predict the prognosis and immuno-/chemo-therapy response for PCa patients.



Methods

Differentially expressed genes were screened among 2577 metabolism-associated genes. Univariate Cox analysis and random forest algorithms was used for features screening. Multivariate Cox regression analysis was conducted to construct a prognostic Meta-model based on all combinations of metabolism-related features. Then the correlation between MetaScore and tumor was deeply explored from prognostic, genomic variant, functional and immunological perspectives, and chemo-/immuno-therapy response. Multiple algorithms were applied to estimate the immunotherapeutic responses of two MeteScore groups. Further in vitro functional experiments were performed using PCa cells to validate the association between the expression of hub gene SLC17A4 which is one of the model component genes and tumor progression. GDSC database was employed to determine the sensitivity of chemotherapy drugs.



Results

Two metabolism-related clusters presented different features in overall survival (OS). A metabolic model was developed weighted by the estimated regression coefficients in the multivariate Cox regression analysis (0.5154*GAS2 + 0.395*SLC17A4 - 0.1211*NTM + 0.2939*GC). This Meta-scoring system highlights the relationship between the metabolic profiles and genomic alterations, gene pathways, functional annotation, and tumor microenvironment including stromal, immune cells, and immune checkpoint in PCa. Low MetaScore is correlated with increased mutation burden and microsatellite instability, indicating a superior response to immunotherapy. Several medications that might improve patients` prognosis in the MetaScore group were identified. Additionally, our cellular experiments suggested knock-down of SLC17A4 contributes to inhibiting invasion, colony formation, and proliferation in PCa cells in vitro.



Conclusions

Our study supports the metabolism-based four-gene signature as a novel and robust model for predicting prognosis, and chemo-/immuno-therapy response in PCa patients. The potential mechanisms for metabolism-associated genes in PCa oncogenesis and progression were further determined.
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Introduction

Prostate cancer (PCa) accounts for one of the most prevalent malignancies among males worldwide and ranks the second highest cause of elderly male tumor-related deaths (1, 2). Most patients with localized PCa receive standard therapy including androgen deprivation therapy, radical prostatectomy or radiotherapy, which leads to favorable cancer control (3, 4). However, approximately 20-30% of patients will develop a castration-resistant or biochemical recurrence (BCR), and such patients are more likely to suffer metastases and cancer-specific mortality (5). Therefore, exploring the tumor biomarker model that can classify the subtypes of PCa and predictively determines efficacious risk signatures remains crucial. Over the past few decades, clinical-stage, prostate-specific antigens (PSA) and Gleason scores were mainly employed to diagnose and monitor the prognosis of PCa patients (6, 7). These clinic pathological parameters do not possess favorable specificity and sensitivity in assessing the prognosis of PCa patients (8, 9). Particularly, PSA has undergone some discredit for it might bring overdiagnosis and overtreatment in adequately treated patients through active surveillance (9). In this aspect, better informative biomarkers are desperately required to evaluate the increased risk of overall survival (OS).

PCa exhibits distinct statuses of metabolism from normal tissues thereby supplying a novel approach to distinguish tumors via metabolic differences. Recent research interpreted that specific metabolisms are closely associated with PCa, for instance, citrate, lipid and choline (10). A study reported urea cycle metabolites increased in PCa utilizing capillary electrophoresis and mass spectrometry (11). Studies demonstrated that PCa cells consume large amounts of glucose during the metastatic stage (12, 13) and highly glycolytic metabolism PCa patients showed a poor prognosis (14). In addition, activation of glycolysis leads to increased generation of lactic acid that facilitates several tumor-accelerating procedures, such as stemness properties, cancer invasion and metastasis, angiogenesis, inhibition of antitumor immune response, and hypoxia resistance (15, 16). However, the correlation between the metabolism gene signature and OS of PCa is yet poorly defined. An understanding of the cellular metabolism of PCa is essential in the prediction of prognosis and development of potential metabolically targeted treatments.

Here, we developed a metabolism-based four-gene model for predicting prognosis and chemo-/immuno-therapy response utilizing The Cancer Genome Atlas (TCGA-PRAD) and Gene Expression Omnibus (GEO) dataset (GSE16560). Furthermore, we performed cellular experiments to explore the correlation between the SLC17A4 expression and the in vitro proliferation and invasion phenotype of PCa cells.



Materials and methods


Data collection and preprocessing

We collected PCa gene expression data from several publicly available databases. A total of 777 samples from PCa patients were enrolled in the study: 496 from TCGA-PRAD (training cohort) and 281 from GSE16560 (validation cohort). The clinical and RNA-sequencing (RNA-seq) data were obtained from The Cancer Genome Atlas (TCGA, http://cancergenome.nih.gov). The GSE16560 datasets were derived from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/).



Identification of PCa MetaCluster

A published list of 2577 metabolism-associated genes was acquired for subsequent clustering (17). Univariate Cox was employed to filter the candidate genes (p< 0.01) and 46 candidate metabolic genes were screened for clustering in the TCGA-PRAD cohort. PCa patients with distinct metabolic gene profiles were stratified utilizing k-means algorithm, which confirmed metabolic-associated patterns and classified patients for further evaluation using the R “ConsensusClusterPlus” package (18). Afterward, the correlation between the MetaCluster and the collected 114 metabolic pathways was calculated (19).



Establishment of metabolic gene signature

The R “limma” package was adopted to identify differentially expressed genes |(log FC)| > log2(1.5) & P < 0.05 was selected for analysis (20). Subsequently, univariate Cox regression was performed to determine prognostic MetaGenes (P< 0.01). We then applied random survival forest algorithm through the R “randomForestSRC” package to screen out the more valuable MetaGenes with prognostic potential (variable relative importance> 0.3) (21). The metabolic gene signature was constructed based on all different combinations of prognostic MetaGenes and weighted by their estimated regression coefficients in multivariate Cox regression analysis. The final metabolic gene signature named MetaScore was identified with the highest 5 years-area under the curve (AUC). The classification was conducted with model-based hierarchical agglomerative clustering based on the Gaussian finite mixture model (GMM) (22).



Validating the accuracy of the MetaScore

The MetaScore of the 496 PCa patients in the TCGA-PRAD dataset was estimated, and then we stratified the PCa patients into high- and low-MetaScore groups according to the best cutoff. The Kaplan-Meier curve analyzed the associations between OS and MetaScore. TimeROC was employed to verify the efficiency and accuracy of the prognosis predictions of MetaScore for 1-, 3- and 5-year. Univariate and multivariate cox regression analysis was employed on the MetaScore and individual clinical variables including age and tumor stage of patients (T and N).



Analysis of pathway enrichment and functional annotation

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) related gene sets were obtained from the MSigDB (23). Gene set enrichment analysis (GSEA) was conducted using the R “clusterProfiler” package (24) and gene set variation analysis (GSVA) was performed through the R “GSVA” package (25).



Genomic alteration characteristics

We utilized GISTIC 2.0 (http://www.broadinstitute.org/cancer/software/genepattern) to explore the somatic copy number alternations (SCNAs) in PCa based on TCGA-PRAD. Patients were categorized into low- and high-MetaScore groups. The specific genomic enrichment, copy number alternations (CNAs), and the threshold copy number (CN) at alteration peaks related to MetaScore were detected. We used “maftools” R package for the analysis of somatic mutations. Subsequently, tumor mutation burden (TMB) (26) was calculated based on the TGCA-cohort somatic mutations to evaluate the mutation status between different MetaScore groups.



Estimation of immune infiltration and immune checkpoint

R “IOBR” package was used for immune infiltration assessment (27). CIBERSORT algorithm (28), MCPcounter algorithm (29), ssGSEA algorithm (30), and TIMER algorithm (31) were employed to evaluate the relative fraction of the immune cell in the TCGA-PRAD cohort. ESTIMATE algorithm was applied for calculating the ESTIMATE score and tumor purity (32). The correlations between MetaScore groups and immune checkpoint expression were analyzed.



Prediction of immunotherapy for PCa patients

The IMvigor dataset was downloaded from a freely available database, which included installed software and R “IMvigor210CoreBiologies” package (http://research-pub.gene.com/IMvigor210CoreBiologies). Immunotherapy predictive value of the four-gene model was verified in multi-datasets [GSE35640 (anti-recMAGE A3, metastatic melanoma and non-small-cell lung cancer), GSE78220 (anti-PD-1, melanomas), and GSE91061 (anti-CTLA4 and ant-PD1, advanced melanoma)]. Survival probability for PCa patients with high- and low-MetaScore in the IMvigor and GSE78220 cohort was investigated. Wilcoxon test was performed in Microsatellite instability (MSI) (33) to describe the differences in immunotherapeutic response between MetaScore groups.



Prediction of chemotherapy response

The chemotherapeutic response in PCa patients was assessed using the Genomics of Drug Sensitivity in Cancer database (GDSC, https://www.cancerrxgene.org) by R “oncoPredict” package (34). PCa patients’ drug sensitivity in PRISM and CTRP2.0 was measured by R “pRRophetic” package (35).



Cell culture and transfection

The prostate cancer cell lines PC3 and DU145 were employed to explore the effect of SLC17A4 on PCa. PC3 cells and DU145 cells were cultured in RPMI 1640 medium (Biological Industries) with 10% fetal bovine serum (FBS) and 1% penicillin-streptomycin (Beyotime Biotechnology, China). Cultures were done in a 37°C humidified incubator with 5% CO2. The cells were digested and passed with a ratio of 1:6 upon attaining 80% density. Each experiment was performed in triplicate. Specific siRNAs targeting SLC17A4 were designed and synthesized from Sangon Biotech (Shanghai, China). The transfection was conducted using Lipofectamine 2000 (Invitrogen, USA) according to the manufacturer’s instructions. Briefly, cells were transfected in 24-well plate in a total amount of 5 μl (20 μM) siRNA-NC or siRNA-SLC17A4 (si-RNA-626 or si-RNA-1080) with 5 μl of lipofectamine 2000. Then, the medium was changed after 6 h of transfection and samples were collected for subsequent assays after 48 h incubation.



RNA isolation and RT-qPCR

The total mRNA was extracted from transfected cells by the TRIzol solution (Thermo Fisher, USA). The mRNA reverse transcription kit was purchased from Cwbio (China) for reverse-transcription of mRNA to cDNA. The primers sequences of GAPDH were ACAGCCTCAAGATCATCAGC (Forward), GGTCATGAGTCCTTCCACGAT (Reverse). The primers of SLC17A4 were GCACTCTTCCTCCCTCAGTA (Forward), ATTCATCCACTATCCCTTTCCTG (Reverse). The cycling conditions were as follows: 95° for 10 min, followed by 40 cycles at 95° C for 15 s and 60° C for 30 s. GAPDH was employed as an internal control to normalize the relative mRNA expression levels.



Antibodies and western blot

The total protein concentration was quantified by the BCA method. Proteins were separated by 10% SDS-PAGE and then they were transferred from the gel to an NC membrane. The membrane was incubated overnight at 4 °C with primary antibody SLC17A4 (0.5µg/ml, Thermo Fisher, USA) and β-actin (1: 5000, ProteinTech, USA) after being blocked for 1.5 h. Signals were detected by ECL reagent after incubation with the corresponding secondary antibody.



CCK-8 assay

The Cell Counting Kit-8 (DOJINDO, Japan) was employed to evaluate cell proliferation. The transfected PC3 and DU145 cells with 1000 cells/well were inoculated in 96-well plates. CCK-8 solution (10 μl) was added to each well, and cell proliferation was measured at 24, 48, and 72 h.



5-ethynyl-2’-deoxyuridine assays

The transfected PC3 and DU145 cells were plated into a 20 mm round coverslip. The operations were performed following the instruction manual using the EdU Cell Proliferation Assay Kit (Ribobio, China).



Transwell assay

The upper chambers of the Transwell contain a membrane (8-μm pore; Corning, USA) that was placed into 6-well plates. Next, the upper chamber was inoculated with 100 μl cell suspensions (2*106 cells/ml) maintained in a serum-free medium, and the lower chamber was filled with a 500 μl culture medium supplemented with 10% FBS. After 48 h of culture, the invasion cells were fixed (4% Paraformaldehyde) and stained (0.1% Crystal Violet).



Colony formation assay

The transfected PC3 and DU145 cells were seeded into 6-well plates (200 cells/well) and then incubated for 2 weeks. The colonies were then fixed for 15 min with 4% Paraformaldehyde solution (1 ml/well) and stained for 30 min with crystal violet reagent (Solarbio, China). The stained colonies were photographed and computed.



Statistical analysis

The Shapiro–Wilk test was employed to detect whether the variables were normally distributed. The Wilcoxon test and Kruskal-Wallis test was utilized to compare the non-normally distributed data between the two groups and multiple groups, respectively. Unpaired Student’s t-test and one-way analysis of variance (ANOVA) was used to compare normally distributed variables between the two groups and multiple groups, respectively. The Kaplan-Meier survival plots were used to estimate OS between two groups using the R package “survminer”. The Cox regression for survival analysis was performed by R package “survival”. Time-dependent receiver operating characteristic (ROC) curves were plotted using the R package “timeROC”. All heatmaps were conducted through R “ComplexHeatmap” package. The data were mainly visualized using ggplot2 R software. All the tests were two-sided, and P< 0.05 was considered statistically significant.




Results


K-means algorithm identifies two metaClusters in PCa

Flowchart Figure 1A comprehensively described our study. In order to characterize metabolic heterogeneity within PCa, 46 candidate metabolic genes were confirmed for clustering using univariate cox regression. By conducting consensus clustering on the gene expression pattern of candidate genes, two resulting clusters were defined, MetaCluster 1 and MetaCluster 2. The heatmap for the expression of the 46 metabolic identified hub genes of the 496 patients is shown in Figure 1B. Notably, significant prognostic differences were observed between the two subclusters, with shorter OS for MetaCluster 2 than MetaCluster 1 (P < 0.001, Figure 1C). Furthermore, the correlation analyses between MetaCluster and the activity of 114 identified metabolic pathways were presented in Figure S1 and Table S1. Results revealed distinct metabolic patterns between MetaCluster 1 and MetaCluster 2.




Figure 1 | Characteristics of MetaCluster in PCa. (A) Flow chart of the study. (B) Heatmap of the candidate genes associated with MetaCluster. (C) Kaplan–Meier curves showing the correlation between MetaCluster and OS (log-rank test, P< 0.001).





The model constructed by multivariate cox regression analysis

The identified candidate metabolic genes (absolute (log fold change) > log2(1.5) & P < 0.05) were showed by Volcano plot (Figure 2A). After analyzing the selected gene with univariate cox regression, 48 prognostic genes were achieved: 32 increased in Hazard Ratio and 16 reduced in Hazard Ratio (Figure 2B). We constructed a prognostic model containing nine genes. The development of a random survival forest model and the importance of nine variables are exhibited in Figures 2C, D Subsequently, the Gaussian mixture model (GMM) combined with ROC curves was established to evaluate the predictive ability of the signatures by calculating the AUCs, the highest AUC as our model to predict the OS of PCa patients was selected from the eight clusters (Figure 2E). Hence, we finally established a prediction signature comprising four genes (NTM, GAS2, SLC17A4, GC), heatmap for the four-gene signature is shown in Figure 2F. MetaScore = 0.5154*GAS2 + 0.395*SLC17A4 + (- 0.1211*NTM) + 0.2939*GC.




Figure 2 | Establishment and verification of MetaScore signature. (A) The volcano plot of mRNA levels expression of metabolism genes. The abscissa is the log2 value of the screening condition, the ordinate is the log10 transformed p-value. The red-colored dots represent the DEGs (|logFC|> log2(1.5) and P< 0.05). (B) Univariate Cox analysis of 48 selected genes. (C, D) The error rate of the random trees and variable relative importance for the 9 metabolism-related genes. (E) The pattern of the logistic regression model is related to the AUC scores and is verified by a Gaussian mixture, including 8 clusters of 511 combinations. (F) The heat map revealed the relationship between the four-gene signature and distribution of MetaScore ****P < 0.0001.



Patients were classified into the high- and low-MetaScore groups according to the best cutoff value of the metabolic score, termed as MetaScore, which was calculated by the four-gene signature. We then ranked the samples using MetaScore in the training cohort and internal validation cohort. The relevance between survival probability and MetaScore of patients was explored (Figure 3A). The survival analysis revealed that patients with low-MetaScore related to a better OS. What`s more, the predictive ability of MetaScore signature was validated in the GSE16560 cohort (Figure S2). The 1-, 3-, and 5-year ROC curves demonstrated a promising AUC of 0.959, 0.887 and 0.910, respectively (Figure 3B). The AUC suggested excellent clinical value in predicting the short- and long-term survival probability in PCa. Afterward, univariate and multivariate cox regression identified MetaScore as an OS-related factor (Figure 3C).




Figure 3 | Functional annotation of low- and high-MetaSore groups. (A) Kaplan–Meier curves showing the correlation between MetaScore and OS (log-rank test, p < 0.001). (B) ROC curves exhibited the predictive capability of the MetaScore signature on the clinical value including 1-, 3- and 5-year. (C) Clinical variables related to OS by univariate cox and multivariate cox analysis in the TCGA-PRAD cohort. (D) GO and KEGG plots for enrichments based on the high- and low-MetaScore group. (E) GSEA plots for enrichments based on the high- and low-MetaScore group.





Biological behaviors of the metabolic genes

The potential functions and pathways in involved differentially expressed metabolic genes in PCa were determined using GSEA analysis. Fifteen metabolic-, immune-related signaling and tumorigenic pathways in KEGG, and 30 GO annotations were determined (Figure 3D). Enrich GO analyses revealed that the upregulation was mainly annotated to humoral immune response, cation transmembrane transporter activity, inorganic cation transmembrane transporter activity, alcohol metabolic process, fatty acid metabolic process, and monocarboxylic acid biosynthetic process (Figure 3D and Table S2). Enrich KEGG analyses demonstrated that the specific metabolic pathways were mainly gathered in arachidonic acid metabolism, drug metabolism-cytochrome P450, complement and coagulation cascades, estrogen signaling pathway, TGF-beta signaling pathway, choline metabolism in cancer, and retinol metabolism (Figure 3D and Table S3). Moreover, GSEA was also performed to determine the functional enrichments of each subtype (Tables S4, S5). We found that regulation of DNA repair and steroid hormone biosynthesis were activated, while  organellar large ribosomal subunit and valine leucine and isoleucine degradation were relatively suppressed in it (Figure 3E). The association between MetaScore and the activity of 114 identified metabolic pathways was explored and the most significant pathways was presented (Figure 4)




Figure 4 | The heatmap was employed to visualize the most significant pathways among 114 identified metabolic-related pathways correlation to MetaScore. ***p < 0.001, ****P < 0.0001.





MetaScore is related to distinct profiling of genomic alterations

To explore the relationship between MetaScore and genomic patterns in PCa, CNAs and somatic mutation analyses were performed. We next assembled copy number variation regions (CNVRs) by merging overlapping CNVs of the type (loss or gain) (Figure 5A). What`s more, analysis of somatic mutation patterns demonstrated a high incidence of mutations in TP53 (20%), SPOP (15%), TTN (14%), SPTA1 (8%), SYNE1 (8%), CDK12(7%) and KMT2C (6%) in the high MetaScore group (Figure 5B), while SPOP (10%), TP53 (9%), TTN (9%), FOXA1(7%), MUC16 (6%) and KMT2D (6%) presented higher-incidence mutations in the low MetaScore group (Figure 5C).




Figure 5 | Distinct genomic pattern related to MetaScore. (A) Amplifications and deletions in PCa with high- and low-MetaScore. Chromosomal regions of peaks correspond to the relevant recurring focal amplification (red) and deletions (blue). (B, C) The overall somatic mutation profile with the highest frequency in high- and low-MetaScore groups. P< 0.05 indicates statistical significance.





Immune infiltration of metabolic subtypes in PCa

The immune cell infiltration in the tumor microenvironment of the TCGA-PRAD between high- and low-MetaScore groups was presented through a heatmap (Figure S3). Monocytes, Macrophages M0, Dendritic cells activated, CD56bright.natural.killer.cell, CD56dim.natural.killer.cell, Eosinophil, Immature.dendritic.cell Plasmacytoid.dendritic.cell, and Type.17.T.helper.cell, were enriched in the low-MetaScore group. B cells naive, Monocytic lineage, Endothelial cells, Activated.CD4.T.cell, Central.memory.CD8.T.cell, Type.2.T.helper.cell, and B cell were enriched in high-MetaScore group. What`s more, we also demonstrated the correlation between infiltration of immune cells and MetaScore with a heatmap (Figure S4). The expression of the immune checkpoint is the trigger of tumor-intrinsic immune escape, and the involved molecules include antigen-presenting cells, co-stimulators, co-inhibitors, receptors, ligands, cell adhesions, etc (36, 37). Therefore, we investigated the correlation between the immune checkpoint and MetaScore (Figure S5).



The role of MetaScore in the prediction of immunotherapeutic benefits

Emerging immune checkpoint blockade therapies blocking the programmed death 1 (PD-1) or its ligand PD-L1 molecules have exhibited satisfactory outcomes, with the potential to prevent the progress of advanced cancer. Therefore, we evaluated the utility of the MetaScore in estimating the therapeutic benefit in patients. For this purpose, the patients who adopted anti-PD-L1 immunotherapy in the IMvigor210 cohort were assigned high- and low-MetaScore groups according to our four-gene signature. Notably, MetaScore is related to objective response to anti-PD-L1 therapy in the IMvigor210 cohort (Kruskal-Wallis, p = 0.00039; Figure 6A). Patients with low MetaScore significantly outlived patients with high MetaScore in the IMvigor210 cohort (log-rank test, p = 0.001; Figure 6C). A similar outcome was observed in the GSE78220 cohort, which was also undergoing anti-PD-1 checkpoint inhibition therapy (Wilcoxon, p =0.0038, Figure 6B; log-rank test, p < 0.001, Figure 6D). Further, we verified the immunotherapeutic response in GSE35640 and GSE91061 cohorts, which received distinct immunotherapies (Wilcoxon, p =0.0016; Figure S6A; Wilcoxon, p =0.0024; Figure S6B). TMB and MSI were emerging biomarkers associated with immunotherapy response. Thus, the correlation between MetaScore and TMB/MSI in TCGA-PRAD was further investigated (Figures 6E, F). Collectively, these data demonstrated that MetaScore might serve as hazardous prognostic markers and predict immunotherapy response.




Figure 6 | The Role of MetaScore in the prediction of immunotherapeutic benefits. MetaScore in groups with a different anti-PD-1 clinical response status (complete response [CR]/partial response [PR] and stable disease [SD]/progressive disease [PD]) in the IMvigor210 cohort (A) and GSE78220 cohort (B). Kaplan-Meier curves for patients with high- and low-MetaScore in the IMvigor210 cohort (C) and GSE78220 cohort (D). (E) The differences of TMB between MetaScore groups in the training set. (F) The differences of MSI between MetaScore groups in the training set. TMB, tumor mutation burden; MSI, microsatellite instability.





Prognostic metaScore and sensitivity to chemotherapy

To improve the therapeutic outcomes of PCa patients, we further investigated the correlation between our MetaScore and the predicting sensitivity to 16 common chemotherapy drugs (Figure 7). The analysis revealed that increased MetaScore was related to increased drug sensitivity of cancer cells to Cisplatin, Cyclophosphamide, Gemcitabine, Camptothecin, Irinotecan, Vorinostat, Fulvestrant, Topotecan, Cytarabine, Venetoclax, Carmustine, Entinostat, Nutlin-3a, Crizotinib, Fludarabine, Nilotinib. The correlation coefficient and corresponding estimated AUC value of another 15 chemotherapy drugs were shown in Figure 8. What`s more, in order to evaluate the broad applicability of the four-gene signature, pan-cancer analysis (33 tumors) was conducted based on TCGA and the Harzard Ratios suggested that the four-gene signature can be an increased risk predictor for 7 tumors (Figure 9A).




Figure 7 | The sensitivity of 16 common chemotherapy drugs between MetaScore groups in PCa cells.






Figure 8 | (A)The correlation coefficient of 15 chemotherapy drugs. (B) The estimated AUC value of 15 chemotherapy drugs between MetaScore groups. **p < 0.01, ***p < 0.001, ****P < 0.0001.






Figure 9 | (A) Pan-cancer analysis of the 4-gene signature based on TCGA. (B) Correlation between the expression of SLC17A4 and overall survival in multiple tumor types based on TCGA. (C) Survival curves of OS between low-SLC17A4 patients and high-SLC17A4 based on TCGA-PRAD. (D)The differential in GO and Enrich analysis between low- and high-SLC17A4 groups. ****P < 0.0001.





Bioinformatic analysis of molecular mechanisms underlying SLC17A4

Inspired by the satisfactory prognosis predicting ability of the four-gene model in the training and validation cohort, we further applied bioinformatic analyses to explore the potential underlying mechanisms of SLC17A4. To our knowledge, the role of SLC17A4 in PCa has not been explored. The correlation between the expression of SLC17A4 and prognosis was evaluated in 33 tumor types (Figure 9B). Based on the cox analysis, we suggested that SLC17A4 might be an oncogene for the 3 evaluated types of tumor. Kaplan-Meier analysis indicated that low expression of SLC17A4 is associated with better survival in PCa (P < 0.01, Figure 9C). Furthermore, GSVA revealed that three GO category negative regulation of interferon gamma secretion, uronic acid metabolic process, heterochromatin assembly were highly enriched in the high-SLC17A4 group, three KEGG category ascorbate and aldarate metabolism, maturity onset diabetes of the young, homologous recombination were mainly gathered in the high-SLC17A4 group (Figure 9D). The correlation analyses between SLC17A4 expression and the most significant identified metabolic pathways among 114 are shown in Figure 10. To determine the potential therapeutic drugs in high- and low-SLC17A4 PCa patients, the IC50 of 34 drugs in PCa cells was estimated utilizing the GDSC database. Remarkably, the drug sensitivity (IC50) of 34 chemotherapy compounds was significantly lower in the high-SLC17A4 group as compared to the low-SLC17A4 group, which revealed that the patients with high-SLC17A4 could be more beneficial to the application of these drugs (Figure 11).




Figure 10 | The correlation analysis between the 114 identified metabolic-related pathways and SLC17A4 (the most significant pathways was presented). ***p < 0.001, ****P < 0.0001.






Figure 11 | The IC50 of 38 chemotherapy drugs in PCa cells was estimated in SLC17A4 groups utilizing the GDSC database.





SLC17A4 regulates the invasion, viability, and proliferation of PCa

Various in vitro experiments were performed to validate the pathogenic role of SLC17A4 in PCa cells. Transfection in DU145 and PC3 cells was performed using three siRNAs to prohibit the expression of SLC17A4, in which si-RNA-626 and si-RNA-1080 exhibited relatively high efficiency (Figure S7). Western blot was employed to verify the silence of SLC17A4 by siRNA (Figure 12A). The CCK8 assay interpreted that the cell proliferation ability is inhibited by silencing SLC17A4 (Figure 12B). The colony formation experiment revealed that the inhibition of SLC17A4 remarkably reduced the colony number in DU145 cell line and PC3 cell line (Figure 12C). Dramatically, the dysfunction of SLC17A4 inhibited the invasion ability of DU145 and PC3 cells (Figures 12D, S8A). What`s more, the EdU assay indicated that the proliferation ability of PCa cells was inhibited by the silence of SLC17A4 (Figures 12E, S8B). Therefore, the prognostic gene SLC17A4 was associated with the proliferation and invasion of PCa cells and may be a potential therapeutic target for PCa.




Figure 12 | (A) Measurement of siRNA transfection efficiency in DU145 and PC3 cells at the protein level. (B) CCK-8 assays revealed that silence of SLC17A4 suppressed the proliferation of DU145 and PC3 cells. (C) Colony formation assay of DU145 and PC3 cells after the knockdown of SLC17A4. (D) Knock-down of SLC17A4 affected the invasion ability of DU145 cells and PC3 cells (Crystal Violet Staining). (E) EdU assay of PC3 and DU145 cells after the knockdown of SLC17A4 (siRNA-NC: siRNA negative control). **p < 0.01, ***p < 0.001.






Discussion

Metabolic reprogramming has emerged as a prominent hallmark of tumors (38). Tumor cells alter their dominant oxidative phosphorylation ATP-producing procedure to aerobic glycolysis even if there is sufficient oxygen (described as the Warburg effect) (39). The metabolic characteristics of cancer cells might influence varying cells in the TME. Among them are tumor-associated fibroblasts, endothelial cells and immunocytes, which eventually facilitate the invasion, proliferation and no response to antitumor therapy of cancer cells (40). A study reported that upregulation of glycolytic metabolism might accelerate prostate cancer progression and radioresistance via circular RNA (41). Thereby, targeting the metabolic state of cancers with drugs would be a promising therapeutic approach for better outcomes. In this study, PCa patients were stratified into MetaCluster 1 and MetaCluster 2 according to metabolic genes to investigate the correlation between tumor metabolic profile and tumor phenotype. Differentially expressed metabolic-associated pathways were verified between the two MetaClusters. Subsequently, to further investigate the correlation between the cluster model and cancer progression pattern, we establish a scoring system, MetaScore, to qualify the gene model. In summary, we focus on analyzing the possible biological behavior of metabolism-associated genes in the prognosis and development of PCa by bioinformatics analysis and functional cell assays.

Integrating multiple biomarkers into one aggregate signature via bioinformatics might enhance the prediction compared with a single biomarker (42, 43). Here, we applied a multi-step bioinformatics analysis to establish a metabolic genes model to predict OS in PCa patients. We identified four metabolism-associated genes (GAS2, SLC17A4, NTM, and GC) related to OS in PCa. Among the four genes, the NTM gene showed negative coefficients, and the expression was upregulated in promising OS patients. What`s more, the expression of GAS2, SLC17A4, and GC was increased in patients with unfavorable outcomes, which have positive coefficients. Studies showed that some of the 4 genes are involved in tumors, including PCa. It has been reported that the 1,25(OH)2 D/25(OH)D (metabolites of GC) molar proportion was related to a reduced risk of high aggressive PCa in African-American men (44), vitamin D binding protein (the protein encoded by GC) regulates the correlation between total 25(OH)D expressions and risk of advanced and fatal PCa (45). However, the study interpreted that NTM may promote biochemical recurrence of PCa after radical prostatectomy via affecting regulatory T cells and M2 macrophages (46) and decreased expression of NTM in transformants is associated with hypermethylation close to the transcription start point in arsenic- or cadmium-transformed malignant prostate epithelial cells (47).

SLC17A4 is an organic anion transporter (belonging to the solute carrier 17 families) that is particularly maintained phosphate homeostasis. The study reported that phosphate transporters gene SLC17A4 is linked to Ca and P metabolism and homeostasis in pig models (48). Interestingly, a metabolizing enzyme colocalized with the SLC17A4 gene is closely related to thyroid hormone pathway, insulin signaling, and glucose metabolism (49, 50). Our analysis revealed that the upregulation of SLC17A4 increases MetaScore and is associated with poor prognosis in PCa patients. Our functional experiments further reveal that human SLC17A4 is capable of promoting progression and invasion in PCa cells (Figure 12). Herein, for the first time, we recognized the roles of SLC17A4 in the development and progression of PCa. Further exploration is needed to verify the biological function and underlying mechanism of SLC174A in PCa biogenesis and progression. Further characterization of molecules from the signature will supply novel insights into the tumor etiology and may reveal potential metabolic therapeutic targets.

The tumor cell metabolism affects TME and immune infiltration patterns, thereby altering the efficiency of checkpoint-based immunotherapy. The metabolic status is different between normal tissue and PCa, so it provides a new way to identify cancers through metabolic differences. It has been interpreted that PCa cells show high consumption of glucose during the metastatic stage (12, 13), and PCa patients with highly glycolytic metabolism may promote tumor progression and aggressiveness (14). The accumulation of lactic acid, the metabolic product of glycolysis, in the extracellular matrix is conducive to the acidic TME and further influences immune cell infiltration. A study demonstrated that acidic TME might restrict T cell-mediated immunity and promote hyporesponsiveness of immune cells (51). Consistently, immunocytes including B cells naive, Monocytic lineage, Endothelial cells, Activated.CD4.T.cell, Central.memory.CD8.T.cell, Type.2.T.helper.cell, and B cell in the high-MetaScore group presented more disordered than low-MetaScore group (Figure S3).

Immune checkpoint inhibitors have presented promising outcomes in treating patients with various cancers, providing new frontiers in cancer treatment strategies (52, 53). PCa has been stratified into an immune-desert pattern and is moderately responsive to immunotherapy (54, 55). Therefore, only partial and specific patients might benefit from the immunotherapy. Although biomarkers have been extensively explored to predict PCa prognosis, metabolic signatures for predicting the response of immuno-/chemo-therapy have not been developed. In the present study, we developed a novel system according to metabolic genes to predict the efficacy of immunotherapy. TMB and MSI were emerging biomarkers associated with immunotherapy response (56). Patients with higher TMB and MSI may benefit more from the treatment of immunotherapy (57), which is consistent with our findings (Figure 6).

Given the complexity and diversity of PCa cell lines, the selected PC3 and DU145 cell lines (less differentiated and androgen-independent) may not represent the full spectrum of the disease, a wider variety of PCa cell lines should be used in subsequent studies.

Our study is the first to comprehensively elucidate the chemo-/immuno-therapy response of PCa patients based on MetaGene-signature. A recent study reported only chemotherapy response based on MetaGene-signature but lacked immunotherapy response results (58). Interestingly, studies have shown that signature based on MetaGenes are associated with PCa recurrence undergoing radical prostatectomy (59). Two other researches also revealed that the model established by MetaGenes can predict the prognosis of PCa, which is consistent with our study (60, 61). In summary, we conducted an integrated analysis to develop a metabolism-based four-gene signature for predicting the OS and chemo-/immuno-therapy response of PCa patients. This study investigated the expression patterns, prognostic value, and potential mechanisms of metabolic genes in PCa. Future prospective clinical trials are required to assess the clinical utility of this signature.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.



Author contributions

JG and HL performed database analysis and drafted the manuscript. NZ and RJP contributed to all the designs and revise of the study. YQT, SYL, HZ, ZYD and ZYW, made contributions to the drafting of the manuscript. All authors reviewed and approved the final draft of the study.



Funding

This work was supported by National Natural Science Foundation of China (No. 81901268) and The Science and Technology Innovation Program of Hunan Province (2020RC2065), the Youth Natural Science Foundation of Hunan Province (2021JJ40321).



Acknowledgments

JG (CSC NO.201906370030) was supported by a scholarship from the China Scholarship Council Program. Thanks to Shan Jiang, Tianran Zhang and Zhen Yuan for their support and help.



Conflict of interest

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



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2022.982628/full#supplementary-material



References

1. Bray, F, Ferlay, J, Soerjomataram, I, Siegel, RL, Torre, LA, and Jemal, A. Global cancer statistics 2018: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin (2018) 68(6):394–424. doi: 10.3322/caac.21492

2. Siegel, RL, Miller, KD, and Jemal, A. Cancer statistics, 2019. CA Cancer J Clin (2019) 69(1):7–34. doi: 10.3322/caac.21551

3. Reichard, CA, Gregg, JR, Achim, MF, Aparicio, AM, Pettaway, CA, Pisters, LL, et al. Radical prostatectomy in metastatic castration-resistant prostate cancer: Feasibility, safety, and quality of life outcomes. Eur Urol (2018) 74(2):140–3. doi: 10.1016/j.eururo.2018.03.031

4. Rebello, RJ, Oing, C, Knudsen, KE, Loeb, S, Johnson, DC, Reiter, RE, et al. Prostate cancer. Nat Rev Dis Prim (2021) 7(1):9. doi: 10.1038/s41572-020-00243-0

5. Lalonde, E, Ishkanian, AS, Sykes, J, Fraser, M, Ross-Adams, H, Erho, N, et al. Tumour genomic and microenvironmental heterogeneity for integrated prediction of 5-year biochemical recurrence of prostate cancer: A retrospective cohort study. Lancet Oncol (2014) 15(13):1521–32. doi: 10.1016/S1470-2045(14)71021-6

6. Yin, Y, Zhang, Q, Zhang, H, He, Y, and Huang, J. Molecular signature to risk-stratify prostate cancer of intermediate risk. Clin Cancer Res (2017) 23(1):6–8. doi: 10.1158/1078-0432.CCR-16-2400

7. Pernar, CH, Ebot, EM, Wilson, KM, and Mucci, LA. The epidemiology of prostate cancer. Cold Spring Harb Perspect Med (2018) 8(12):a030361. doi: 10.1101/CSHPERSPECT.A030361

8. Peng, D, Ge, G, Xu, Z, Ma, Q, Shi, Y, Zhou, Y, et al. Diagnostic and prognostic biomarkers of common urological cancers based on aberrant DNA methylation. Epigenomics (2018) 10(9):1189–99. doi: 10.2217/epi-2018-0017

9. Mottet, N, Bellmunt, J, Bolla, M, Briers, E, Cumberbatch, MG, De Santis, M, et al. EAU-ESTRO-SIOG guidelines on prostate cancer. part 1: Screening, diagnosis, and local treatment with curative intent. Eur Urol (2017) 71(4):618–29. doi: 10.1016/j.eururo.2016.08.003

10. Nassar, ZD, Mah, CY, Dehairs, J, Burvenich, IJG, Irani, S, Centenera, MM, et al. Human decr1 is an androgen-repressed survival factor that regulates pufa oxidation to protect prostate tumor cells from ferroptosis. Elife (2020) 9:e54166. doi: 10.7554/eLife.54166

11. Shao, Y, Franko, A, Heni, M, Hennenlotter, J, Hoene, M, Hu, C, et al. Human prostate cancer is characterized by an increase in urea cycle metabolites. Cancers (Basel) (2020) 12(7):1814. doi: 10.3390/cancers12071814

12. Cutruzzolà, F, Giardina, G, Marani, M, Macone, A, Paiardini, A, Rinaldo, S, et al. Glucose metabolism in the progression of prostate cancer. Front Physiol (2017) 8:97. doi: 10.3389/fphys.2017.00097

13. Schoors, S, De Bock, K, Cantelmo, AR, Georgiadou, M, Ghesquière, B, Cauwenberghs, S, et al. Partial and transient reduction of glycolysis by PFKFB3 blockade reduces pathological angiogenesis. Cell Metab (2014) 19(1):37–48. doi: 10.1016/j.cmet.2013.11.008

14. Pertega-Gomes, N, Felisbino, S, Massie, CE, Vizcaino, JR, Coelho, R, Sandi, C, et al. A glycolytic phenotype is associated with prostate cancer progression and aggressiveness: A role for monocarboxylate transporters as metabolic targets for therapy. J Pathol (2015) 236(4):517–30. doi: 10.1002/path.4547

15. Mimeault, M, and Batra, SK. Hypoxia-inducing factors as master regulators of stemness properties and altered metabolism of cancer- and metastasis-initiating cells. J Cell Mol Med (2013) 17(1):30–54. doi: 10.1111/jcmm.12004

16. Bénéteau, M, Zunino, B, Jacquin, MA, Meynet, O, Chiche, J, Pradelli, LA, et al. Combination of glycolysis inhibition with chemotherapy results in an antitumor immune response. Proc Natl Acad Sci USA (2012) 109(49):20071–6. doi: 10.1073/pnas.1206360109

17. Possemato, R, Marks, KM, Shaul, YD, Pacold, ME, Kim, D, Birsoy, K, et al. Functional genomics reveal that the serine synthesis pathway is essential in breast cancer. Nature (2011) 476(7360):346–50. doi: 10.1038/nature10350

18. Monti, S, Tamayo, P, Mesirov, J, and Golub, T. Consensus clustering: A resampling-based method for class discovery and visualization of gene expression microarray data. Mach Learn (2003) 52(1):91–118. doi: 10.1023/A:1023949509487

19. Rosario, SR, Long, MD, Affronti, HC, Rowsam, AM, Eng, KH, and Smiraglia, DJ. Pan-cancer analysis of transcriptional metabolic dysregulation using the cancer genome atlas. Nat Commun (2018) 9(1):5330. doi: 10.1038/s41467-018-07232-8

20. Ritchie, ME, Phipson, B, Wu, D, Hu, Y, Law, CW, Shi, W, et al. Limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res (2015) 43(7):e47. doi: 10.1093/nar/gkv007

21. Yuan, Y, Chen, J, Wang, J, Xu, M, Zhang, Y, Sun, P, et al. Development and clinical validation of a novel 4-gene prognostic signature predicting survival in colorectal cancer. Front Oncol (2020) 10:595. doi: 10.3389/fonc.2020.00595

22. Hong, HC, Chuang, CH, Huang, WC, Weng, SL, Chen, CH, Chang, KH, et al. A panel of eight microRNAs is a good predictive parameter for triple-negative breast cancer relapse. Theranostics (2020) 10(19):8771–89. doi: 10.7150/thno.46142

23. Subramanian, A, Tamayo, P, Mootha, VK, Mukherjee, S, Ebert, BL, Gillette, MA, et al. Gene set enrichment analysis: A knowledge-based approach for interpreting genome-wide expression profiles. Proc Natl Acad Sci USA (2005) 102(43):15545–50. doi: 10.1073/pnas.0506580102

24. Ghasemi, A, and Zahediasl, S. Normality tests for statistical analysis: A guide for non-statisticians. Int J Endocrinol Metab (2012) 10(2):486–9. doi: 10.5812/ijem.3505

25. Hänzelmann, S, Castelo, R, and Guinney, J. GSVA: Gene set variation analysis for microarray and RNA-seq data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

26. Goodman, AM, Kato, S, Bazhenova, L, Patel, SP, Frampton, GM, Miller, V, et al. Tumor mutational burden as an independent predictor of response to immunotherapy in diverse cancers. Mol Cancer Ther (2017) 16(11):2598–608. doi: 10.1158/1535-7163.MCT-17-0386

27. Zeng, D, Ye, Z, Shen, R, Yu, G, Wu, J, Xiong, Y, et al. IOBR: Multi-omics immuno-oncology biological research to decode tumor microenvironment and signatures. Front Immunol (2021) 12:687975. doi: 10.3389/fimmu.2021.687975

28. Newman, AM, Steen, CB, Liu, CL, Gentles, AJ, Chaudhuri, AA, Scherer, F, et al. Determining cell type abundance and expression from bulk tissues with digital cytometry. Nat Biotechnol (2019) 37(7):773–82. doi: 10.1038/s41587-019-0114-2

29. Becht, E, Giraldo, NA, Lacroix, L, Buttard, B, Elarouci, N, Petitprez, F, et al. Estimating the population abundance of tissue-infiltrating immune and stromal cell populations using gene expression. Genome Biol (2016) 17(1):218. doi: 10.1186/s13059-016-1070-5

30. 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

31. 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):W509–14. doi: 10.1093/nar/gkaa407

32. 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

33. Li, K, Luo, H, Huang, L, Luo, H, and Zhu, X. Microsatellite instability: A review of what the oncologist should know. Cancer Cell Int (2020) 20:16. doi: 10.1186/s12935-019-1091-8

34. Maeser, D, Gruener, RF, and Huang, RS. oncoPredict: an r package for predicting in vivo or cancer patient drug response and biomarkers from cell line screening data. Brief Bioinform (2021) 22(6):bbab260. doi: 10.1093/bib/bbab260

35. Yang, C, Huang, X, Li, Y, Chen, J, Lv, Y, and Dai, S. Prognosis and personalized treatment prediction in TP53-mutant hepatocellular carcinoma: An in silico strategy towards precision oncology. Brief Bioinform (2021) 22(3):bbaa164. doi: 10.1093/bib/bbaa164

36. Wang, S, Zhang, Q, Yu, C, Cao, Y, Zuo, Y, and Yang, L. Immune cell infiltration-based signature for prognosis and immunogenomic analysis in breast cancer. Brief Bioinform (2021) 22(2):2020–31. doi: 10.1093/bib/bbaa026

37. Schreiber, RD, Old, LJ, and Smyth, MJ. Cancer immunoediting: Integrating immunity’s roles in cancer suppression and promotion. Science (80-) (2011) 331(6024):1565–70. doi: 10.1126/science.1203486

38. Hanahan, D, and Weinberg, RA. Hallmarks of cancer: The next generation. Cell (2011) 144(5):646–74. doi: 10.1016/j.cell.2011.02.013

39. Koppenol, WH, Bounds, PL, and Dang, CV. Otto Warburg’s contributions to current concepts of cancer metabolism. Nat Rev Cancer (2011) 11(5):325–37. doi: 10.1038/nrc3038

40. Pavlova, NN, and Thompson, CB. The emerging hallmarks of cancer metabolism. Cell Metab (2016) 23(1):27–47. doi: 10.1016/j.cmet.2015.12.006

41. Du, S, Zhang, P, Ren, W, Yang, F, and Du, C. Circ-ZNF609 accelerates the radioresistance of prostate cancer cells by promoting the glycolytic metabolism through MiR-501-3p/hk2 axis. Cancer Manag Res (2020) 12:7487–99. doi: 10.2147/CMAR.S257441

42. Wu, XN, Su, D, De, MY, MQ, X, Zhang, H, ZY, W, et al. Identified lung adenocarcinoma metabolic phenotypes and their association with tumor immune microenvironment. Cancer Immunol Immunother (2021) 70(10):2835–50. doi: 10.1007/s00262-021-02896-6

43. Xu, S, Tang, L, Liu, Z, Yang, K, and Cheng, Q. Bioinformatic analyses identify a prognostic autophagy-related long non-coding RNA signature associated with immune microenvironment in diffuse gliomas. Front Cell Dev Biol (2021) 9:694633. doi: 10.3389/fcell.2021.694633

44. Ramakrishnan, S, Steck, SE, Arab, L, Zhang, H, Bensen, JT, Fontham, ETH, et al. Association among plasma 1,25(OH)2D, ratio of 1,25(OH)2D to 25(OH)D, and prostate cancer aggressiveness. Prostate (2019) 79(10):1117–24. doi: 10.1002/pros.23824

45. Yuan, C, Shui, IM, Wilson, KM, Stampfer, MJ, Mucci, LA, and Giovannucci, EL. Circulating 25-hydroxyvitamin d, vitamin d binding protein and risk of advanced and lethal prostate cancer. Int J Cancer (2019) 144(10):2401–7. doi: 10.1002/ijc.31966

46. Lv, D, Wu, X, Chen, X, Yang, S, Chen, W, Wang, M, et al. A novel immune-related gene-based prognostic signature to predict biochemical recurrence in patients with prostate cancer after radical prostatectomy. Cancer Immunol Immunother (2021) 70(12):3587–602. doi: 10.1007/s00262-021-02923-6

47. Pelch, KE, Tokar, EJ, Merrick, BA, and Waalkes, MP. Differential DNA methylation profile of key genes in malignant prostate epithelial cells transformed by inorganic arsenic or cadmium. Toxicol Appl Pharmacol (2015) 286(3):159–67. doi: 10.1016/j.taap.2015.04.011

48. Reyer, H, Oster, M, Wittenburg, D, Murani, E, Ponsuksili, S, and Wimmers, K. Genetic contribution to variation in blood calcium, phosphorus, and alkaline phosphatase activity in pigs. Front Genet (2019) 10:590. doi: 10.3389/fgene.2019.00590

49. Somogyi, V, Gyorffy, A, Scalise, TJ, Kiss, DS, Goszleth, G, Bartha, T, et al. Endocrine factors in the hypothalamic regulation of food intake in females: A review of the physiological roles and interactions of ghrelin, leptin, thyroid hormones, oestrogen and insulin. Nutr Res Rev (2011) 24(1):132–54. doi: 10.1017/S0954422411000035

50. Teumer, A, Chaker, L, Groeneweg, S, Li, Y, Di Munno, C, Barbieri, C, et al. Genome-wide analyses identify a role for SLC17A4 and AADAT in thyroid hormone regulation. Nat Commun (2018) 9(1):4455. doi: 10.1038/s41467-018-06356-1

51. Chang, CH, Qiu, J, O’Sullivan, D, Buck, MD, Noguchi, T, Curtis, JD, et al. Metabolic competition in the tumor microenvironment is a driver of cancer progression. Cell (2015) 162(6):1229–41. doi: 10.1016/j.cell.2015.08.016

52. Wang, Y, Wang, Y, Ren, Y, Zhang, Q, Yi, P, and Cheng, C. Metabolic modulation of immune checkpoints and novel therapeutic strategies in cancer. Semin Cancer Biol (2022) S1044-579X(22)00031-1. doi: 10.1016/j.semcancer.2022.02.010

53. Doroshow, DB, Sanmamed, MF, Hastings, K, Politi, K, Rimm, DL, Chen, L, et al. Immunotherapy in non-small cell lung cancer: Facts and hopes. Clin Cancer Res (2019). doi: 10.1158/1078-0432.CCR-18-1538

54. Thienger, P, and Rubin, MA. Prostate cancer hijacks the microenvironment. Nat Cell Biol (2021). doi: 10.1038/s41556-020-00616-3

55. Pala, L, De, PT, and Conforti, F. Spotlight boosting anticancer immunotherapy through androgen receptor blockade. Cancer Cell (2022) 40:455–7. doi: 10.1016/j.ccell.2022.04.007

56. Cristescu, R, Aurora-Garg, D, Albright, A, Xu, L, Liu, XQ, Loboda, A, et al. Tumor mutational burden predicts the efficacy of pembrolizumab monotherapy: A pan-tumor retrospective analysis of participants with advanced solid tumors. J Immunother Cancer (2022). doi: 10.1136/jitc-2021-003091

57. Carbone, DP, Reck, M, Paz-Ares, L, Creelan, B, Horn, L, Steins, M, et al. First-line nivolumab in stage IV or recurrent non–Small-Cell lung cancer. N Engl J Med (2017). doi: 10.1056/nejmoa1613493

58. Zhou, L, Fan, R, Luo, Y, Zhang, C, Jia, D, Wang, R, et al. A metabolism-related gene landscape predicts prostate cancer recurrence and treatment response. Front Immunol (2022) 13:837991. doi: 10.3389/fimmu.2022.837991

59. Feng, D, Shi, X, Zhang, F, Xiong, Q, Wei, Q, and Yang, L. Energy metabolism-related gene prognostic index predicts biochemical recurrence for patients with prostate cancer undergoing radical prostatectomy. Front Immunol (2022) 13:839362. doi: 10.3389/fimmu.2022.839362

60. Yu, G, Liang, B, Yin, K, Zhan, M, Gu, X, Wang, J, et al. Identification of metabolism-related gene-based subgroup in prostate cancer. Front Oncol (2022) 12:909066. doi: 10.3389/fonc.2022.909066

61. Zou, Z, Liu, R, Liang, Y, Zhou, R, Dai, Q, Han, Z, et al. Identification and validation of a PPP1R12A-related five-gene signature associated with metabolism to predict the prognosis of patients with prostate cancer. Front Genet (2021) 12:703210. doi: 10.3389/fgene.2021.703210



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 Li, Gu, Tian, Li, Zhang, Dai, Wang, Zhang and Peng. 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-13-982628-g007.jpg
Drug sensitivity

Drug sensitivity Drug sensitivity

Drug sensitivity

a
3

150

50

@
=]

A
S

N
S

@
3

100

Cisplatin
Wilcoxon, p = 050013

N

High-Risk Low-Risk

Nilotinib
Wilcoxon, p = 00027

@

High-Risk

Low-Risk

Topotecan
Wilcoxon, p =0.015

4

High-Risk Low-Risk

Entinostat
Wilcoxon, p = 0.041

A

High—Risk

Low-Risk

Cyclophosphamide
Wilgoxon, p = 0;027
2300
2
%
3
200
2
a
100
High-Risk Low-Risk
Irinotecan
Wilcoxon, p = 0;022
100
Z
2 75
2
2
> 50
2
a
25
o
High-Risk Low-Risk
Cytarabine
Wilcoxon, p = 0.015
30
2z
2
@20
3
> ,
2
S 10
o
High-Risk Low-Risk
Nutlin-3a (-)
Wilcoxon, p = 0:036

High-Risk

Low-Risk

(o]
Gemcitabine_1190
30| Wilcoxon, p = 0.023
z
220
2
2
2
g1

High-Risk Low-Risk

Vorinostat
Wilcoxon, p = 0.0016

Drug sensitivity

High-Risk Low-Risk

Venetoclax

%1 Wilcoxon, p=0015

)
S

Drug sensitivity

=)

High-Risk Low-Risk
Crizotinib

801 wilcoxon, p = 0031

@
S

40

Drug sensitivity

N
S

High—Risk

Low-Risk

Camptothecin
Wilcoxon, p = 0.00082

Drug sensitivity
5 @

o
o

0.0

High-Risk Low-Risk

Fulvestrant
Wilcoxon, p = 0,0045

200
2z
>
£ 150
]
2
Q
3
100
a

50

High-Risk Low-Risk
Carmustine
12501 Wilcoxon, p = 0;0062

2z
2
£
2
[
3
o
2
a

High-Risk

Low-Risk

Fludarabine
Wilcoxon, p = 00039

&

High-Risk

IS
S
3

Drug sensitivity
g

Low-Risk





OEBPS/Images/fimmu-13-982628-g011.jpg
AGI-6730_1634
150{ Wilgoxon, p =0.016

90

Drug sensitivity

@
=)

0
High-SLC17A4 Low-SLC17A4
Carmustine_1807

Drug sensitivity

High-SLC17A4Low-SLC17A4
GSK2578215A_1927

bd

High-SLC17A4 Low-SLC17A4

LGK974_1598
Wilcoxon, p = 0:013

Drug sensitivity
8
=]

Drug sensitivity
[o]
o

40

High-SLC17A4 Low-SLC17A4
Nilotinib_1013

Drug sensitivity

High-SLC17A4 Low-SLC17A4
Sabutoclax_1849
20{ Wilgoxon, p =0.009

o

Drug sensitivity
>

o
o

High-SLC17A4 Low-SLC17A4

AZ960_1250

W;xon p = 0.0053

High-SLC17A4 Low-SLC17A4
Crizotinib_1083

40

30

20

Drug sensitivity

o

40
rema

Drug sensitivity

20

High-SLC17A4 Low-SLC17A4
I-BET-762_1624

Wilgoxon, p = 0,021
75
2
=
2 g
Q 50 A
12
o
2
a
25 ;

High-SLC17A4 Low-SLC17A4
MIM1_1996
00

W£xon p =0.034

High-SLC17A4 Low-SLC17A4
Nutlin—3a (-)_1047
Wilcoxon, p =

High-SLC17A4Low-SLC17A4
Vorinostat_1012
Wilcoxon, p = 0017

o @
=] =)

Drug sensitivity

@
=)

0016
1500

1000

Drug sensitivity

500

>

= 10 ]
c

[

7]

f e
o5 W

High-SLC17A4 Low-SLC17A4

AZ6102_2109
Wilgoxon, p = 0.02

Drug sensitivity

High-SLC17A4 Low-SLC17A4
Fludarabine_1813

Wil

Drug sensitivity

High-SLC17A4 Low-SLC17A4

I-BRD9_1928
Wilcoxon, p = 05033

Drug sensitivity

0 High-SLC17A4 Low-SLC17A4
MIRA-1_1931

s00{ Wilgoxon, p = 0.029
=
2 400
(7]
F ~4
Q
2]
o
=
& 200

High-SLC17A4 Low-SLC17A4
OTX015_1626

Wilcoxon, p = 0£22

High-SLC17A4 Low-SLC17A4
WIKI4_1940

Wilcoxon, p = 0,011
rezl
B dd

High-SLC17A4 Low-SLC17A4

Drug sensitivity

Drug sensitivity
H
o

AZDS5153_1706
Wilcoxon, p = 0026

Drug sensitivity
S (2] o3
=3 =3 =3

N
=)

High-SLC17A4 Low-SLC17A4
Fulvestrant_1816

Wilcoxon, p = 05042
200 I

Drug sensitivity

High-SLC17A4 Low-SLC17A4

IGF1R_3801_1738

5] wilgoxon, p = 0.034
40
z
>
I‘g 30
[ =4
2
220 r .
g :
[=] >

High-SLC17A4 Low-SLC17A4
ML323_1629

200]  Wilgoxon, p = 0;023

2

2 150 A

[}

[ =

[

2

o

2 100

o

50
High-SLC17A4 Low-SLC17A4
Palbociclib_1054
Wilgoxon, p = 0:04

Drug sensitivity

High-SLC17A4 Low-SLC17A4
XAV939_1268
Wileoxon, p = 0.021

Drug sensitivity

High-SLC17A4 Low-SLC17A4

BMS-536924_1091
"*1 " Wilcoxon, p = 0.0032

Drug sensitivity
o 3

[

High-SLC17A4 Low-SLC17A4

Gallibiscoquinazole_1830
%01 wilgoxon, p = 0.016

Drug sensitivity

High-SLC17A4 Low-SLC17A4

JAK _8517_1739
1001 Wilgoxon, p = 0.0045

Drug sensitivity
n ~
o n

N
o

0
High-SLC17A4 Low-SLC17A4
MN-64_1854

N N
@ =3
=] S

Drug sensitivity
2

50
High-SLC17A4 Low-SLC17A4
PRIMA-1MET_1131

High-SLC17A4 Low-SLC17A4

BPD-00008900_1998
Wilcoxon, p = 0.00061

w
S
=]

Drug sensitivity
N
8

o
=3

High-SLC17A4 Low-SLC17A4
GSK1904529A_1093
Wilcoxon, p = 00028

)
o
=]

150

Drug sensitivity
3

o
=)

High-SLC17A4 Low-SLC17A4
Leflunomide_1578
Wilgoxon, p = 0:046

Drug sensitivity

High-SLC17A4 Low-SLC17A4
Nelarabine_1814

Wileoxon, p = 0.024
=9
4. |

Drug sensitivity

0
High—-SLC17A4Low-SLC17A4
RVX-208_1625

Wileoxon, p = 0.035
A
\
o
(& 5%

High-SLC17A4 Low-SLC17A4

Drug sensitivity





OEBPS/Images/fimmu-13-982628-g010.jpg
- NO
N1

T

Hm
[ RE
W4

Age

80
l?O
e 60

50

40

Status

Alive
Il Dead

SLC17A4 |

4

-1

=

ARIATALNRS AT AR AR
J AT [

' |Steroid Hormone Metabolism

||| Propanoate Metabolism
' [ Steroid Hormone Biosynthesis

| Caffiene Metabolism
_J Drug Metabolism by other enzymes

Citric Acid Cycle***
Dopamine Biosynthesis
Norepinephrine Biosynthesis
Fatty Acid Degradation***
Folate biosynthesis****
Gluconeogenesis****
Glycolysis****
Polyamine Biosynthesis
Pyruvate Metabolism****

*kkk

*kKk

Kk kK

Kk Kk

*kk

Aldosterone Biosynthesis
Cortisol Biosynthesis***

Fructose and Mannose Metabolism***
Ascorbate and Aldrate Metabolism****

Starch and Suctose Metabolism
Amino Sugar and Nucleotide Sugar Metabolism***

% K kK
*kkk

*kkKk

Arachidonic Acid Metabolism
alpha—Linoleic Acid Metabolism
Biosynthesis of Unsaturated Fatty Acids
Glycine, Serine and Threonine Metabolism
Valine, Leucine and Isoleucine Degradation
Arginine and Proline Metabolism™****
Phenylalanine Metabolism****

Tryptophan Metabolism****

Beta—Alanine Metabolism
Glutathione Metabolism™****
Glycosaminoglycan Degradation
Glycosphingolipid Biosynthesis****
Other Glycan Degradation™***
Riboflavin Metabolism***
Pantothenate and CoA Biosynthesis
Porphyrin and Chlorophyll Metabolism

%k kK

Kk k Kk

*kkk

Kk K

K kkKk

kKK

*hkkk

*kKk

KKK

Kkkk





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A prognostic signature consisting of metabolism-related genes and SLC17A4 serves as a potential biomarker of immunotherapeutic prediction in prostate cancer

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Data collection and preprocessing

          



          		

            Identification of PCa MetaCluster

          



          		

            Establishment of metabolic gene signature

          



          		

            Validating the accuracy of the MetaScore

          



          		

            Analysis of pathway enrichment and functional annotation

          



          		

            Genomic alteration characteristics

          



          		

            Estimation of immune infiltration and immune checkpoint

          



          		

            Prediction of immunotherapy for PCa patients

          



          		

            Prediction of chemotherapy response

          



          		

            Cell culture and transfection

          



          		

            RNA isolation and RT-qPCR

          



          		

            Antibodies and western blot

          



          		

            CCK-8 assay

          



          		

            5-ethynyl-2’-deoxyuridine assays

          



          		

            Transwell assay

          



          		

            Colony formation assay

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            K-means algorithm identifies two metaClusters in PCa

          



          		

            The model constructed by multivariate cox regression analysis

          



          		

            Biological behaviors of the metabolic genes

          



          		

            MetaScore is related to distinct profiling of genomic alterations

          



          		

            Immune infiltration of metabolic subtypes in PCa

          



          		

            The role of MetaScore in the prediction of immunotherapeutic benefits

          



          		

            Prognostic metaScore and sensitivity to chemotherapy

          



          		

            Bioinformatic analysis of molecular mechanisms underlying SLC17A4

          



          		

            SLC17A4 regulates the invasion, viability, and proliferation of PCa

          



        



        



        		

          Discussion

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-13-982628-g009.jpg
A

Pancancer n=9637 (p<0.001)

Survival probability

ACC n=77 (p=0.001)
BLCA n=405 (p=0.007)
BRCA n=1084 (p=0.008)
CESC n=293 (p=0.
CHOL n=36 (p=0.209)
COAD n=284 (p=0.291)
DLBC n=46 (p=0.003)
ESCA n=182 (
GBM n=165 (p=0.
HNSC n=519 (p=0.141)
KICH n=65 (p=0.065)
KIRC n=529 (p<0.001)
KIRP 6 (p=0.122)
LAML n=149 (p=0.109)
LGG n=518 (p=0.004)
LIHC n=365 (p=0.027)
LUAD n=502 (p=0.018)
LUSC n=491 (p=0.235)
MESO n=85 (p=0.005)
OV n=425 (p=0.155)
PAAD n=178 (p<0.001)
PCPG n=182 (p=0.08)
PRAD n=496 (p<0.001)
READ n=92 (p=0.401)
SARC n=262 (p=0.001)
SKCM n=453 (p=0.308)
STAD n=388 (p=0.267)
TGCT 7 (p=0.156){
THCA 1 (p<0.001)
THYM 8 (p=0.094)
UCEC n=179 (p=0.062)
UCS n=56 (p=0.009)
UVM n=79 (p=0.495)

[ ]

-
-

+ *-+
L

'i*-*+

+'-¢ "

R
— .

— .

—
—m—
.

m—.—

— .

.

1.00

0.75:

0.50

0.25:

0.00¢

120

0.51.02.0

Hazard Ratios

p <0.001
0 40 80 120 160
Months
= High-Score ®m Low-Score
= |eo 31 8 2 1
= ko7 146 6 3 0

160

D

ACC n=77 (p=0.56)
BLCA n=405
BRCA n=1084
CESC n=293
CHOL n=36
COAD n=284
DLBC n=46
ESCA n=182
GBM n=165
HNSC n=519
KIRC n=529
KIRP n=286
LAML n=149
LGG n=518
LIHC n=365 (
LUAD n=502 (p=0.55
LUSC n=491 (
MESO n=85 (

PAAD n=178
PCPG n=182
PRAD n=496
READ n=92
SARC n=262
SKCM n=453
STAD n=388
TGCT n=137
UCEC n=179

UCS n=56

rL‘ .

.

=z
zz

T o

a0
mn
L
=

sLC17ae 4

8
:
;.
K -1
f

*.+¢-++-..-Tu%u++.'nm+

0.51.02.0
Hazard Ratios

KEGG_ARGININE_AND_PROLINE_METABOLISM****
KEGG_PROPANOATE_METABOLISM****
GO_POTASSIUM_ION_BINDING****
GO_NEUROFIBRILLARY_TANGLE****
GO_NEGATIVE_REGULATION_OF_INTERFERON_GAMMA_SECRETION****
GO_HETEROCHROMATIN_ASSEMBLY****
KEGG_HOMOLOGOUS_RECOMBINATION****
KEGG_MATURITY_ONSET_DIABETES_OF_THE_YOUNG****
GO_URONIC_ACID_METABOLIC_PROCESS****
KEGG_ASCORBATE_AND_ALDARATE_METABOLISM****






OEBPS/Images/fimmu-13-982628-g005.jpg
Frequency
A b b L =~

P<0.01 P<0.05

sPOP.
vl
spiat
SYNE?
cokiz
K20
BRAF
NTNAPS
KMT2D
PIK3CA
SaLLt
ABCA13
mucis
NaLon
osscn
PYHINt
usza
2FHx3
Atcr
aa-ACY1
ADCY8
DGR3
asvax Ll |
ASHIL

SN
SACNATE
K13
coLitat
Lt

rame_Sfi_Del
= Spiice_Site

sonn

muce |11
k2o 1111
1RP1B
Ay
RYRZ
csmD3 ]
Kurze [
PrEN 1
et
SYNET
Komea ||
RYRI |
Fars 1
RPY 1
SACNATE
osscn |
ocHs2
usH2A
APC I
FLo
ey |11
2uvma |
csmpz
aacs 1111 ]
PcLo

:HIIIIIIIII]IIIIIIIIIIIIIIIII

= Missense_Mutation = Nonsense_Mutation
= Frame_SHift_ins
- Mui_Fit

MetaScore high group

MetaScore low group

Altered in 79 (79%) of 100 samples.

JLI.lll.:-d..ll.lhllllLlnln..ll

7ps: ANNENNNNNENNNENRREEE
NNENNEEEEEENNER
.lllll EEEEEE

Metascore
= high
= low

Altered in 262 (66.84%) of 392 samples.

B T

iy

iy
] T,
n FIIIIIIII

i
LU}
1 1 Lty

Sy 2 oo
o 3 ee

RYR3

' Nonsense Mutation ® Mol Hit

I

« Splice_Site MetaScore.
. _Shif| = nigh
In_Frame_ins ik

10%

%
%
%
6%
6%
5%
%
%
%
%
%
%
%
4%
%
%
%
3%
3%
3%
3%
%
%
3%
3%
2%
2%
2%

2%

-

§ord Gz chr

enr17  onrt@ chrat

Grt chrat

HET TTOF FTW WOTAF - /INRE: |

I |1 Y NN N RN I NN N NN || N E

3

IIIII,,,..|||||n||||III||“|I





OEBPS/Images/fimmu-13-982628-g003.jpg
1.00
Z 075
=
[
Qo
[
5 050
K]
2
2
3 025 i
« p <0.001 1
1
0.00 !
0 40 80 120 160
Months

MetaScore == High-Score == |ow-Score

101 35 8 1 0
395

142 26 4 1
120

0 40 80
Months

MetaScore

Overall TCGA Set

o
-
0
Lo
o
©
23
2o
3 o
é o 1-year(s) AUC=0.959
S} == 3-year(s) AUC=0.887
o === 5-year(s) AUC=0.910
IS
00 02 04 06 08 1.0
c False positive rate
Characteristics _______ _ _ __ __pvalue
Uni-cox _
MetaScore
Age 0.304508 1.05(0.95-1.16)
T 0.16588 3.29(0.61-17.7)
N
M=o -
MetaScore
Age 0.366406 1.05(0.95-1.16)
T 0.470972  2(0.3-13.23)

0.278002 2.45(0.49-12.31

012345678910
Hazard Ratio

Reguiation

g\

241

KEGG VALINE LEUCINE AND ISOLEUCINE DEGRADATION

NES=-1888
PValue=0.0028

Running Enrichment Score

ITETITEI] LI

70000 20000 30000
Rank in Ordered Dataset

GO ORGANELLAR LARGE RIBOSOMAL SUBUNIT

Ranked list metric

g NES=-1.7858
8 PValue=00051
801

502

2

€-03

2

2

-

T oe

Z o3

2 oo

& -03

70000 20000 30000
Rank in Ovdered Detasst

- R un‘“‘““’.". S,
Down-requated ol 0,
= “5‘ 618 12 1k~/ i

A s
I et

[T —
repit s vt ey e

[~ e
g ettt - cpocome 50
Conetener s cooppion et
e ——
[ero—

TGF-tes cring oy

PP g

KEGG STEROID HORMONE BIOSYNTHESIS
06

NES=16504
PValue=0.00051
04

02;

Running Enrichment Score

00;

Ranked list metric

70000 20000 30000
Rank in Ordered Dataset

GO REGULATION OF DNA REPAIR

NES=1.7016
PValue=0.0001
04

02

Running Enrichment Score

Ranked list metric

10000 20000
Rank in Ordersd Detaset






OEBPS/Images/fimmu.2022.982628_cover.jpg
’ frontiers | Frontiersin Immunology

A prognostic signature
consisting of metabolism-
related genes and SLC17A4
serves as a potential biomarker
of immunotherapeutic
prediction in prostate cancer





OEBPS/Images/fimmu-13-982628-g001.jpg
wm_—---?-l {8 NTTICONT V0 Ty w7 CITT oy TN i A 1 TTTIOT T WHWWWNT of 1 Wil
LTRRTREIIETTIR IR I IR ]
T T T T ST TR T T T T AT T T ITT lll IIlllH [T 1] Ill-IlIIlIIII_III-I BT N

| [
il | "|"I’m LI T '} i

TR T o
| {‘W ‘(WM il J

—a_,;——;_
"5:—"‘_—'“1_
{_

——
e W

2]
M NN E=
88338° Fd3 23

llllllll

|
1L
| \ E Gr\ll.AB Status
I | LC23A Alive
| 1 wiy | PLCXD1 M Dead
| I ABCC5
| HCN3 Acluster
| |

I
H"“
|

illl II;I 1l H \‘ IH ll.lll | “ | I |
%ﬁﬂ e .“5Mmﬁuf nﬂ%%wﬂq“ﬂm.wﬁhw.,

d i LLL| ‘I
I h” l HII llllli \ i II lI| 1 JHII JII "1' lll% Il | V | l

- mEmE
co- o0 O
o o






OEBPS/Images/fimmu-13-982628-g006.jpg
10.01Kruskal-Wallis, p = 0.00039

. :
o
[&]
A n
© ol
- -
2 =
o
b s
= ' *
CR PD PR sD
Anti-PD-1-Response B
1.00
2 075 £
o o
- K
[ °
8 050 o
2 2
> c
3 025 ]
0.00
0 5 10 15 20 25
Months
MetaScore == High—Score == |ow-Score
Q o
6 8 —
S pso 187 126 91 50 0 @
[ J— —
© 38 31 26 24 15 0 @
= =
0 5 10 15 20 25
Months
F
0.5
=
+
m po—
g Zos
S
-
o))
o
0.3

High—-MetaScore Low-MetaScore

Wileoxon, p = 0.038

CR/PR SD/PD
Response

Months

MetaScore == High-Score == |ow-Score

16 10 4 2 0
11 10 6 4 0
0 10 20 30 40
Months
P =0.019,

T T
High—MetaScore Low-MetaScore






OEBPS/Images/fimmu-13-982628-g012.jpg
DU145 PC3
DU 145 PC3 £ _10
£ E aral
SLCI7A4 [ S - - e - iy g 08 *:I:
2, / g
) Sos
Actin > =
51 - siNC 3% - Si-NC
> si-SLC17A4-626 > 02 si-SLC17A4-626
3 -+ s-SLC17A4-1080 3 -+ si-SLC17A4-1080
0.0
24h 48h 72h 24h 48h 72h
D

si-RNA-626 si-RNA-1080 si-RNA-1080

~ si-RNA-626

si-RNA-NC

si-RNA-626

si-RNA-1080





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-13-982628-g008.jpg
indisulam= = = = = = = = = e e - e e m e s s — e — - ®
itraconazole = == =i=imimE=in Simimimisimie S e = ®
bortezomib=== == = = = m m m cc e cc s c e s e s e - ®
%)
=
FIGOSOEID =7 = i om i o s e s s L ] ©
>
O
2
SRT-1720=+ = == = = == = = == e e e m e e mmmm o - oo ° =
2o
£
NPC-26= === == == memeeemeeeeeem——en ° =
w
nakiterpiosin= = == == == = = c m m - m e m—m— - ————-——- )
BMS-195614= = = = = = = = = === = e e m e e mmm————- °
BIRB-796== === === === == ---em-—ooo -
S o
0.0 -03
Correlation coefficient
—logig(P-value) ® 80 ® 85 ® 90 ® 95 BB High Metascore [l Low MetaScore
ABT-737 = === e e e e e e e e e e mm— - [ ]
0.225
Navitoclax = = = = = = = = = - - .- - - - - [ ]
)
=
g
eptifivatide= = = === - == cc e e e ccc— e [ J G 0.200
=
<
°
2
FERD-033 == = == = === = == = === — ===~ ° g
ou’ 0.175
PRT062607 == = === = = === = = == == = = = -
0.150
estramustine—phosphate== = = = = = = = = = = = = = = = = = = -

Correlation coefficient

—logio (P-value) ® 10 ® 12 ® 14 B High MetaScore [l Low MetaScore





OEBPS/Images/fimmu-13-982628-g002.jpg
0.5
0.4
Q 0.3
o
—
(2] 0.2
3 0 250 500 750 1000
| D Number of Trees
Sl [ S ——
sior7ac-| ]
Clpilly | S— |
Sty [ —
LY [ S——
CRACRoA-] ]
HNF1A-AsT = ]
Seiely I m—
=D -1 0 1 2 TvEM79~| [
0.00 0.25 0.50 0.75 1.00
LOQZ fOId Change Variable Relative Importance
E
Tenes pvalue  Hazard Ratio
Increase in Hazard
ELOVLE 0.008018 2.5t .
SLC17A4 0.001472 2,45 e 0.90
PBLD 0.003415 2.4 B —
SLC12A5 0.001802 2,35 -
AMH <0.001 2.3 —_—— »
RNF128 0.006661 2,26 —_— ?
HNF1A-AS1 0.001309 2.2 e i
AKR1C2 0.002649 21 - S 0.85
GAS2 <0.001 2,15 e £
ASBY <0001 2.1 —_— 5
BIRCS 0.022917 1.9 e <4
SGK2 0,001495 1.94 —_— I}
c5 0.01294 1.89 e 2
MYBL2 0.023908 1.86| - % 0.80
BAIAP2L2 0.001753 1.79, - B
HNF1A 0.010094 1.7, e °
TMPRSS4 0023258 1.7 - =
NTM 0.015636 1.74 —_—— “
AKR1C3 0.001986 1.7 - S
UBE2C 0.037363 1.68 b O 0.75
AKR1C1 0.011639 165 - S
CYP4F62P 0.02146 1. - <
GC 0.002388 1 —.—
CYP4F30P 0.01996 1 e
FAR2P4 0.032057 b
UGT2B4 0.010441 1 e 0.70
UGT2B15 0.013934 - :
ACY3 0.008717 e
FARGES *083e01
TMED6 0.029528 g 0 100 200 300 400 500
1 M e <
Negigionin the Hazard 6406 Sorted MetaScore models
DES 0.039978 oal
PAGE4 0,022098 ] F
ACPP 0.02275 e
PCAT4 0.025746 -
KLK3 0.037933
IL20RA 0039657 E R0 181 81 188 1 51 1
IMEMSS 0040304 - T N M T .
SLC52A3 0.049542 |
PIFO 0.025617 —_— TN T
LINC00920 0.043265 | ‘ casz
WNT5B 0.035708 .
FZD10-AS1 0.032676 i Il |
SLC2A10 0.025559 —_— (L0 e "
e

0051152 253354455
Hazard Ratio





OEBPS/Images/fimmu-13-982628-g004.jpg
I 70
60
50
40
Status

Alive
B Dead

MetaScore

1 0 0 A 1 [
(LA LT N O NN 0 YA RO M AR 0000

(N NTAE O AR ORI

i
\

IIIH}I.
il

[

T

VTR O

(i
Il

,Ihl |

Il

Fekk

Folate biosynthesis
Gluconeogenesis****
Glycolysis™**

Polyamine Biosynthesis***
Steroid Hormone Metabolism
Aldosterone Biosynthesis****
Cortisol Biosynthesis****
Testosterone Biosynthesis***
Pentose and Glucuronate Interconversions***
Fructose and Mannose Metabolism***
Galactose Metabolism***

Ascorbate and Aldrate Metabolism****
Steroid Hormone Biosynthesis****
Arachidonic Acid Metabolism****

% %k

lalpha-Linoleic Acid Metabolism****
Valine, Leucine and Isoleucine Biosynthesis****

Arginine and Proline Metabolism****
Phenylalanine Metabolism****
Tryptophan Metabolism™***
Beta—Alanine Metabolism****
Glutathione Metabolism™***
Glycosaminoglycan Degradation**
Glycosphingolipid Biosynthesis****
Other Glycan Degradation™***
Riboflavin Metabolism™****

|Porphyrin and Chlorophyll Metabolism****

Fe%k %k ke

Caffiene Metabolism
Drug Metabolism by other enzymes****





