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Immune checkpoint blockade holds promise in hepatocellular carcinoma (HCC) treatment, but its efficacy remains limited. Dysregulated polyamine metabolism and its interaction with oncogenic pathways promote tumor progression. However, the heterogeneity of polyamine metabolism and its effects on the immune microenvironment and response to immunotherapy in HCC remain unclear. Here, we aimed to investigate the prognostic and immunotherapeutic implications of polyamine metabolism in HCC. Based on polyamine-related genes, HCC patients were categorized into two clusters with distinct survival outcomes. We developed a polyamine-related signature, termed PAscore, which was found to be a strong predictor of both poor prognosis and reduced immunocyte infiltration. Notably, a high PAscore was also associated with decreased sensitivity to immunotherapy. Within the HCC microenvironment, malignant cells exhibited polyamine metabolic heterogeneity, those with high polyamine metabolic activity showed altered hallmark pathway signatures and increased communication with myeloid cells. In vitro experiments suggested that FIRRE, the gene with the greatest impact on the PAscore, significantly contributed to HCC proliferation and metastasis. This study underscores the potential of our polyamine-related signature in predicting the prognosis and immunotherapy response in HCC patients, and also reveals the polyamine metabolic heterogeneity among HCC cells that influences their crosstalk with infiltrating myeloid cells.
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1 Introduction

Primary liver cancer is one of the most prevalent malignant tumors in the digestive system, ranking sixth in incidence among all malignancies. It has the third highest mortality rate, following lung and colorectal cancers, and this rate has increased over the past decade (1, 2). It includes hepatocellular carcinoma (HCC), intrahepatic cholangiocarcinoma (ICC), and mixed hepatocellular-cholangiocarcinoma. HCC, which originates from liver cells, is the most prevalent histological type, accounting for approximately 90% of all primary cases (3). The primary treatment strategies for liver cancer include surgical resection, interventional therapy, radiotherapy, and chemotherapy. In recent years, immunotherapy that blocks PD-1/PD-L1 and CTLA-4 signals have emerged as a promising approach that can bring survival benefits for HCC patients, which makes it a key area of research (4, 5). However, despite these treatment options, the overall therapeutic outcomes remain limited, with a five-year survival rate of only about 20%. The challenges in treating HCC are primarily due to tumor heterogeneity, low drug response rates or resistance, and the limited availability of effective drugs targeting key driver mutations (6–8). There is an urgent need for reliable predictive models to identify high-risk HCC patients for timely and effective treatment.

The polyamines (putrescine, spermidine and spermine) present in mammalian cells are essential for cell function and growth. They are involved in many cellular activities, such as chromatin structuring, gene regulation, protein and nucleic acid synthesis, cell differentiation and apoptosis, and intercellular communication (9). Metabolic reprogramming is a hallmark of cancer, and dysregulated polyamine metabolism is prevalent in many cancer types. The rate-limiting enzymes of polyamine biosynthesis, ODC and AMD1, are direct transcriptional targets of the oncogene MYC (10, 11). The upregulation of MYC expression, which occurs in nearly all tumor types due to gene mutations, is closely associated with increased polyamine biosynthesis (9, 12). Aberrant polyamine metabolism, whether driving or resulting from oncogenic pathways, impacts cancer cell survival, contributes to acquired drug resistance, and alters the tumor microenvironment (13, 14). Targeting tumor polyamine metabolism is therefore considered a rational strategy for therapeutic intervention. In HCC, Liu et al. proposed that polyamines regulate mitochondrial metabolism to influence the differentiation of macrophages and T cells, thereby promoting the formation of an immunosuppressive microenvironment (15). To date, whether HCC exhibits heterogeneity in polyamine metabolism and the prognostic significance of polyamine metabolism remain to be elucidated.

In this study, single-cell RNA sequencing data of HCC were utilized to examine polyamine metabolism activity at the single-cell level, and bulk transcriptome sequencing data were used to explore the expression patterns of polyamine-related genes in HCC. Polyamine-related genes correlated with the overall survival of HCC patients were identified, and a polyamine metabolism-related prognostic model, termed PAscore, was established to predict the tumor microenvironment, clinical outcomes, and responses to therapies in HCC. This study presents a prognostic signature based on polyamine homeostasis and highlights the potential of targeting polyamine metabolism as a therapeutic strategy for HCC patients.




2 Materials and methods



2.1 Bulk RNA−seq and clinical data acquisition

Transcriptomic data in counts and TPM formats, somatic mutation data in the mutation annotation format, and associated clinical information for HCC were retrieved from The Cancer Genome Atlas (TCGA) using the R package ‘TCGAbiolinks’ (16). This cohort includes 374 tumor samples and 50 normal samples. Samples with overall survival less than 30 days or lacking complete survival data were excluded. Gene expression data and clinical information from an independent HCC cohort, GSE14520, were downloaded from the Gene Expression Omnibus (GEO) database to serve as a validation set. This cohort includes 225 tumor samples and 220 normal samples. Similarly, only patients with corresponding survival data and survival greater than 30 days were included in the analysis. For duplicated gene symbols, the gene with the highest average expression value was retained. The LICA-FR dataset containing 160 HCC samples was downloaded from the International Cancer Genome Consortium (ICGC). A curated list of polyamine-related genes was derived from the GeneCards database using a relevance score threshold greater than 1 (Supplementary Table 1).




2.2 Single−cell RNA sequencing analysis

The GSE166635 single-cell transcriptome data for HCC were collected from Tumor Immune Single-cell Hub (TISCH) database. Data processing was conducted using the ‘Seurat’ R package, following the procedures described in the package tutorial. Briefly, cells with < 500 or > 7,500 expressed genes, as well as those with mitochondrial gene expression > 15%, were excluded. After cell quality control, the raw counts were log-normalized and scaled, and principal component analysis (PCA) was performed using highly variable genes. Cell clustering was performed by selecting the first 15 components and employing the Louvain algorithm, followed by dimensionality reduction and visualization using unified manifold approximation and projection (UMAP). We then annotated each cell cluster using the annotations provided with the downloaded dataset. For the sub-clustering of malignant cells, the raw data of malignant cells were extracted and the procedures mentioned above were repeated.




2.3 GSVA analysis of pathway activity and cell–cell communication analysis

For pathway activity analysis, the ‘GSVA’ R package was employed to evaluate the enrichment of relevant gene sets using normalized gene expression data from each sub-cluster of malignant cells. The gene sets used for Gene Set Variation Analysis (GSVA), including the reactome metabolism of polyamines gene set and the hallmark gene sets, were retrieved from the Molecular Signatures Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb). Cell-cell communications were analyzed using the ‘CellChat’ package, with the number of ligand-receptor pairs and communication intensity evaluated based on normalized gene expression data.




2.4 Identification of differentially expressed genes and prognostic genes

The counts format of the bulk RNA-seq expression matrix was used to identify differentially expressed genes (DEGs) between HCC and normal liver tissues using the ‘limma’ R package. Unless otherwise indicated, the threshold for DEGs was set at an absolute log2FC > 1 and a false discovery rate < 0.05. These DEGs and polyamine-related genes were intersected to obtain polyamine-related DEGs. Univariate Cox regression was utilized to identify polyamine-related DEGs associated with overall survival.




2.5 Consensus clustering based on polyamine-related prognostic genes

According to the univariate Cox regression analysis, the top 12 ranked genes based on hazard ratio were used as features for clustering of HCC patients. Consensus clustering was performed by using the ‘ConsensusClusterPlus’ R package. The optimal number of clusters was determined by cumulative distribution function curve and consensus matrix heatmap.




2.6 Functional enrichment analysis

Genes differentially expressed between HCC and normal liver tissues were functionally annotated using the ‘clusterProfiler’ R package by evaluating the enrichment of Gene Ontology (GO) terms, including biological processes, cellular components, and molecular functions. GO terms with an adjusted P value < 0.05 were considered significantly enriched.




2.7 Construction and validation of a polyamine-related signature

To establish a polyamine metabolism-based signature, univariate Cox regression analysis was first performed for feature gene selection (univariate P < 0.05). The Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis with 10-fold cross-validation was then conducted to eliminate overfitting genes. Subsequently, multivariate Cox regression analysis using the stepwise method (with both forward and backward steps) was performed, and then a polyamine scoring signature termed PAscore was constructed. The PAscore was calculated as the sum of the product of each feature gene’s expression and its corresponding regression coefficient. The TCGA HCC dataset was randomly divided into training and validation cohorts in a 1:1 ratio for model development and validation. Patients were categorized into PAscore-high and PAscore-low groups based on the median PAscore. To assess the independent prognostic significance of PAscore, Cox proportional hazards regression analysis was performed, adjusting for potential confounding factors, including age, gender, tumor stage, and grade. Samples with missing data for any of these clinical covariates were excluded from the analysis.




2.8 Immune infiltration analysis

For quantification of immune cell infiltration, three different algorithms were employed: the Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) algorithm, the Cell-type Identification by Estimating Relative Subsets of RNA Transcripts (CIBERSORT) algorithm, and single-sample gene set enrichment analysis (ssGSEA).




2.9 Prediction of response to immunotherapy and traditional drugs

The Tumor Immune Dysfunction and Exclusion (TIDE) computational method was utilized to predict the response of HCC patients with different PAscores to immune checkpoint inhibitors, including anti-PD-1 and anti-CTLA4. A higher TIDE score indicates reduced responsiveness to immunotherapy (17). Additionally, the stemness score file named “StemnessScores_RNAexp_20170127.2.tsv” was downloaded to analyze cancer stem cell index involved in therapy resistance. The ‘oncoPredict’ R package was employed for drug sensitivity prediction. The necessary training sets were obtained from the Genomics of Drug Sensitivity in Cancer (GDSC) database via oncoPredict’s Open Science Framework (18). Drug sensitivity scores were calculated using the calcPhenotype function.




2.10 Cell culture and RNA interference

The human HCC cell lines HepG2 and Huh7 was originally from ATCC and stocked in our laboratory. Cell line authentication was performed before use via short tandem repeats sequencing. Cells were maintained in Dulbecco’s modified Eagle’s medium (DMEM) supplemented with 10% fetal bovine serum, under a humidified atmosphere of 5% CO2 at 37 °C. Small interfering RNA (siRNA) against FIRRE was purchased from GenePharma (Shanghai, China), and sequences were as follows: si-FIRRE-1, 5’-CCAUGUACACCAUCAUCAATT-3’; si-FIRRE-2, 5’- GCCUAGGACCUUUGUG-GUATT-3’.




2.11 RNA extraction and quantitative real-time PCR

Total RNA was extracted using RNAiso Plus (TaKaRa) following the manufacturer’s instructions. Complementary DNA (cDNA) was synthesized via reverse transcription with the PrimeScript™ RT reagent Kit (RR047A, TaKaRa). For quantification of gene expression, real-time quantitative PCR was performed on the Roche LightCycler 480 System using TB Green Premix Ex Taq II reagent (RR820A, TaKaRa). Relative gene expression was analyzed by the 2−ΔΔCT formula. Primer sequences for FIRRE were as follows: forward, 5’-CTGTGACCTCGCTTCACTTCT-3’; reverse, 5’- GTGGCAAAGAGCAGAAGATAG-3’.




2.12 Cell proliferation and migration assays

HepG2 cells with FIRRE knockdown were seeded into 96-well plates at a density of 2,000 cells per well and incubated overnight. Cell proliferation was evaluated using CCK-8 (Apexbio, USA), measuring absorbance at 450 nm every 24 hours. To evaluate migration ability, 24-well transwell chambers with 8 μm pores (Corning, USA) were utilized. Serum-free medium was added to the upper wells, and medium containing 10% fetal bovine serum was placed in the lower wells. Ten thousand HepG2 cells were seeded in the upper wells and incubated for 48 hours. Migrated cells were then fixed with 4% paraformaldehyde (Beyotime, China) and stained using crystal violet (Beyotime, China).




2.13 Statistical analysis

All statistical analyses were performed using R software (version 4.3.1). Group comparisons were conducted using either the two-tailed Student’s t-test or the Wilcoxon test. Survival analysis was carried out using the Kaplan-Meier estimator and the log-rank test. Pearson correlation analysis was used to assess relationships between variables. Differences were considered statistically significant at P < 0.05, unless otherwise indicated.





3 Results



3.1 Genetic and transcriptional landscape of polyamine-related genes in HCC

We collected a comprehensive set of 348 polyamine-related genes and analyzed their mutation landscape in HCC patients. Notably, among the top 20 most frequently mutated genes shown in Figure 1A, three are polyamine-related genes (TP53, CTNNB1, ALB), each exhibiting a mutation frequency greater than 10%. Copy number variation (CNV) is a common event in polyamine-related genes, with gain CNVs generally occurring at a higher frequency than loss CNVs. For instance, the gain CNV frequency in MCL1 is as high as 20%, while the loss CNV frequency is less than 5% (Figure 1B). Furthermore, a polyamine gene network was constructed to depict the comprehensive interactions and associations of polyamine-related genes, as well as their prognostic significance for HCC. Notably, the majority of these polyamine-related genes act as risk factors for the survival of HCC patients (Figure 1C).




Figure 1 | Genetic and transcriptional alterations of polyamine-related genes in HCC. (A) Mutation frequency and types of the top 20 most frequently mutated genes in HCC patients from the TCGA cohort. (B) The CNV frequency of top 30 polyamine-related genes. The orange circles represent gain-of-function mutations, the blue circles represent loss-of-function mutations. (C) Correlation among the polyamine-related genes in HCC. (D) Volcano plot showing differentially expressed polyamine-related genes between HCC and normal liver tissues, with normal liver tissues as control. (E, F) Gene Ontology (GO) analysis showing the enriched biological processes (BP), cellular components (CC), and molecular functions (MF) of upregulated (E) and downregulated (F) polyamine-related genes in HCC.



To gain insights into the role of polyamine metabolism in HCC, we analyzed the expression differences of polyamine-related genes between HCC and normal liver tissues using TCGA cohort. We identified 103 differentially expressed polyamine-related genes in HCC, with 30 genes significantly upregulated and 73 downregulated (Figure 1D; Supplementary Table 2). Gene Ontology (GO) functional analysis revealed that the upregulated genes are primarily involved in DNA ligation, organelle fission, and protein kinase regulator activity (Figure 1E; Supplementary Table 3). In contrast, the downregulated genes are associated with amino acid metabolic processes, response to nutrient levels, and pyridoxal phosphate binding (Figure 1F; Supplementary Table 4). These results indicate an altered polyamine metabolism profile in HCC.




3.2 Identification of HCC subtypes based on polyamine metabolism

To identify the polyamine-related risk genes in HCC, we performed a univariate Cox regression analysis, and the top-ranked genes based on hazard ratios were presented in Figure 2A. Given the inter-tumor heterogeneity, we hypothesized that variations in polyamine metabolism activity among patients could, to some extent, account for the differences in prognosis. These top-ranked genes were used as feature genes for consensus clustering, which effectively stratified HCC patients into two distinct clusters (Figures 2B, C). The Kaplan–Meier survival analysis revealed significant differences in survival between the two clusters, with Cluster A exhibiting a markedly shorter overall survival time (Figure 2D). We next used another HCC cohort to evaluate the utility of these top-ranked polyamine-related risk genes for patient clustering and high-risk patient identification. We next utilized an additional HCC cohort, GSE14520, to assess the effectiveness of these top-ranked polyamine-related risk genes in patient stratification and the identification of high-risk individuals. Consistent with our previous findings, patients were successfully grouped into two clusters (Supplementary Figures 1A, B), and Cluster A had a significantly poorer prognosis (Figure 2E). These results suggest that the polyamine-related risk genes we selected are potent in identifying high-risk HCC patients.




Figure 2 | Consensus Clustering in HCC based on specific prognostic polyamine-related genes. (A) Forest plot of the top ranked polyamine-related risk genes according to univariate Cox regression analysis. (B) Consensus matrix heatmap reflecting the optimal categorization of HCC into two clusters in the TCGA cohort. (C) Plot of the cumulative distribution function of the consensus matrix for different k values. (D) Kaplan-Meier curves for overall survival in the two clusters of the TCGA cohort. n = 27 for Cluster A, and n = 271 for Cluster (B, E) Kaplan-Meier curves for overall survival in the two clusters of the GSE14520 cohort. n = 70 for Cluster A, and n = 151 for Cluster (B, F) Violin plots showing the stromal and immune scores of the two clusters of the TCGA cohort. Two-tailed t test was used for two-way comparisons. (G) Heatmap displaying the GSVA enrichment analysis results between the two TCGA HCC clusters. (F) Differences in pathway activities between the two clusters of the GSE14520 cohort according to the GSVA analysis. *P < 0.05.



Next, the ESTIMATE algorithm was employed to gain insights into the differences in the tumor immune microenvironment between the stratified patient groups. The stromal score and ESTIMATE score showed no significant differences between Cluster A and Cluster B, while the immune score was lower in Cluster B (Figure 2F). Additionally, GSVA was conducted to assess KEGG pathways activity in each patient within the TCGA cohort. Our analysis revealed that patients in Cluster A exhibited increased pathway activity in cell cycle, DNA replication, and major DNA damage repair mechanisms, including homologous recombination, non-homologous end joining, base excision repair, mismatch repair, and nucleotide excision repair (Figure 2G). These biological processes are intimately linked to cancer progression and resistance to chemotherapies. Consistently in the GSE14520 cohort, patients in Cluster B showed enrichment of DNA repair and classical oncogenic signaling pathways, such as glycolysis, PI3K-AKT-mTOR signaling, and WNT-β-catenin signaling. Consistently in the GSE14520 cohort, patients in Cluster B showed enrichment in DNA repair. Classical oncogenic signaling pathways, such as glycolysis, PI3K-AKT-mTOR signaling, and WNT-β-catenin signaling, were also enriched in Cluster B (Figure 2H). Taken together, these findings indicate that the polyamine-related risk genes we identified can serve as feature genes for identifying high-risk HCC patients, who exhibit increased oncogenic activities within their tumor niche.




3.3 Establishment and validation of a polyamine metabolism-based prognostic signature

Given the impact of polyamine-related genes on oncogenic signaling pathways and the survival of HCC patients, a prognostic model was developed based on the differential expression profiles between patient clusters stratified by polyamine metabolism. For model construction and validation, the TCGA-LIHC cohort was randomly divided into a training set and a test set. We identified 821 DEGs (absolute log2(FC) > 2, adjust P value < 0.05) between the two clusters in the TCGA cohort, of which 165 were found to be correlated with patient survival through univariate Cox regression analysis. These survival-related genes were narrowed down to 5 through LASSO regression analysis (Figures 3A, B). Further multivariate Cox regression analysis gave rise to the development of a polyamine-related prognostic signature, termed PAscore, which was derived from the expression of four genes: FIRRE, CLEC3B, BACE2, and ADH1C. The weight coefficients for these genes are shown in Figure 3C. Genes with a negative coefficient, thereby contributing negatively to the PAscore, are labeled as protective. According to the CIBERSORT algorithm, the expression of the hazardous gene FIRRE is negatively associated with the infiltration of gamma delta T cells (γδ T cells) and naive B cells, while BACE2 expression shows a negative correlation with the infiltration of CD8 T cells and γδ T cells. In contrast, the protective gene CLEC3B is positively associated with the abundance of multiple immune cells, including resting memory CD4 T cells, γδ T cells, M1 macrophages, and naive B cells (Figure 3D).




Figure 3 | Construction of PAscore prognostic signature. (A) LASSO coefficient profiles of the prognostic DEGs in the LASSO-COX regression. (B) Cross-validation and the optimal log(λ) value selection of LASSO regression. (C) Multivariate Cox coefficients of the four genes in the prognostic signature. (D) Heatmap showing the correlation between feature gene expression and immune cell infiltration degrees based on the CIBERSORT algorithm. (E) Sankey diagram showing the relationship between clusters, PAscore groups, and survival status in HCC patients of the TCGA cohort. (F) Negative correlation of PAscore with M1 macrophage infiltration. (G) Boxplot reflecting differences in the infiltration levels of 23 immune cell types within the HCC microenvironment between high- and low-PAscore groups in the TCGA LIHC cohort. Two-tailed t test was used for two-way comparisons. (H) Heatmap of tumor-infiltrating immune cell populations in high- and low-PAscore groups, based on CIBERSORT, ESTIMATE, and ssGSEA algorithms. *P < 0.05; **P < 0.01; ***P < 0.001. n = 141 for the low-PAscore group, n = 157 for the high-PAscore group.



To visualize the relationship between clusters and PAscore subgroups, a Sankey diagram was used, showing that all patients in Cluster A were classified into the high PAscore group (Figure 3E). PAscore is negatively correlated with infiltrated M1-polarized macrophages (Figure 3F), which possess tumor-killing effects, in contrast to M2-polarized macrophages that promote polyamine production and support tumor growth (19). Furthermore, a comparison between the high PAscore group and the low PAscore group revealed that the infiltration levels of activated B cells, activated CD8 T cells, neutrophils, natural killer cells, and type 1 T helper cells were all significantly lower in the high PAscore group (Figures 3G, H). Consistent with the results observed in the TCGA LIHC dataset, high-PAscore patients in the LICA-FR dataset also exhibited reduced infiltration of activated CD8 T cells, eosinophils, and type 1 T helper cells (Supplementary Figure 2). These results indicate that the tumor microenvironment in the high PAscore group exhibits lower immune activity.




3.4 The association of PAscore with patient prognosis and clinicopathologic characteristics

Kaplan-Meier survival analysis in the training set revealed that patients with higher PAscore had significantly worse overall survival, and similar results were observed in the test set (Figures 4A, B). When the training and test sets were combined for analysis, a high PA score effectively predicts poor prognosis (HR = 3.09, logrank P < 0.001) (Figure 4C). The ROC curves and their AUC values for 1-year, 3-year, and 5-year survival in the training, test, and combined sets are presented in Figures 4D–F. The AUC values for 1-, 3-, and 5-year survival were 0.778, 0.805, and 0.806 in the training set, and 0.640, 0.607, and 0.586 in the test set, respectively. These results demonstrate the reliable predictive ability of our prognostic signature. In addition, the expression patterns of the four genes used in the prognostic signature were shown in the heatmaps (Figures 4G–I). Patients in the high PAscore group exhibited increased expression of the hazardous genes FIRRE and BACE2, but lower expression of the protective genes ADH1C and CLEC3B.




Figure 4 | High PAscore indicates poor prognosis. (A–C) Kaplan-Meier curves for overall survival in TCGA HCC patients with high- and low-PAscore in the training (A), test (B), and combined (C) sets. (D–F) Time-dependent receiver operating characteristic curves of the PAscore signature for predicting 1-, 3-, and 5-year survival of HCC patients across the training (D), test (E), and combined (F) sets. (G-I) PAscore distribution and expression heatmap of the four signature genes in high and low PAscore groups across the training (G), test (H), and combined (I) sets.



The relationship between PAscore and the clinicopathologic features of HCC patients was then evaluated. The tumor stage, grade, and TNM classification for patients stratified by PAscore were presented in Figure 5A. Among the clinicopathologic characteristics analyzed, PAscore emerged as an independent factor associated with poor prognosis (Figure 5B). Furthermore, the proportion of patients with a T3 or T4 pathologic stage was significantly higher in the high PAscore group compared to the low PAscore group, while the proportion of patients with stage III-IV was slightly lower in the high PAscore group (Figures 5C, D). There was no significant difference in the proportion of patients with high tumor grades between the two PAscore groups, and fewer male patients were in the high PAscore group (Figures 5E, F).




Figure 5 | Relationship between PAscore and the clinicopathologic features of HCC patients. (A) A band chart of PAscore and clinical features of HCC patients. (B) Forest plot showing prognostic significance of age, gender, tumor stage, T and PAscore based on Cox regression analysis. (C) The proportion of patients with different T classifications (T1 + T2 vs. T3 + T4) in the high- and low-PAscore groups. (D) The proportion of male and female patients in the high- and low-PAscore groups. (E) The distribution of patients with distinct tumor grades in different PAscore groups. (F) The distribution of patients with distinct tumor stages in different PAscore groups.






3.5 Heterogeneity in polyamine metabolism within the tumor cells of the HCC microenvironment

Intratumor heterogeneity, an essential property of cancers, is crucial to malignant phenotypes and significantly influences treatment response (20). We analyzed the polyamine metabolic activity of malignant cells using single-cell RNA sequencing data from two HCC patients. A total of 22,330 cells, including immune cells, malignant cells, and stromal cells, were annotated into eleven distinct cell types that represent the composition of the HCC ecosystem, consisting of fibroblasts, endothelial cells, epithelial cells, malignant cells, macrophages, monocytes, DCs, mast cells, B cells, T cells (Figures 6A, B). Specific markers for each cell type were shown in Figure 6C. Reclustering the 4,205 malignant cells revealed 6 clusters (Figure 6D). GSVA analysis of the hallmark pathway gene signatures revealed that these 6 clusters could be further clustered into two subgroups. Remarkably, Subgroup 2 (Clusters 0, 2, 3, 4) exhibited significantly higher polyamine metabolism activity compared to Subgroup 1 (Clusters 1, 5) (Figures 6E–G). Furthermore, cells in Subgroup 2 exhibited increased activity in oxidative phosphorylation, glycolysis, DNA repair, angiogenesis, and MYC targets, while showing reduced activity in the interferon alpha response, apoptosis, and p53 pathway (Figure 6E). These findings underscore the polyamine metabolic heterogeneity among malignant cells and the positive correlation between polyamine metabolic activity and oncogenic signaling pathway activity at the single-cell level.




Figure 6 | Single-cell RNA sequencing analysis reveals the heterogeneity of polyamine metabolism in HCC cells and varying interactions with tumor-infiltrating immune cells. (A) t-SNE plot showing immune cells, stromal cells, and malignant cells within the HCC microenvironment. (B) t-SNE plot of the eleven cell types. (C) Dot plot of the expression levels of marker genes in the major cell types. (D) t-SNE plot of 4,205 malignant cells grouped into six distinct clusters. (E) Heatmap of the GSVA scores of the hallmark pathway gene signatures in the six clusters of malignant cells. (F) t-SNE plot color-coded for polyamine metabolic activity in different malignant cell clusters that are categorized into two subgroups based on polyamine metabolic activity levels. (G) Ridge plot showing the distribution of GSVA scores for polyamine metabolism in Subgroup 1 and Subgroup 2. (H) Overall ligand-receptor-based communication strength among different cell types. (I) Ligand-receptor communications from Subgroup 2 malignant cells to other cell types. (J) Signal identification through comparative analysis of ligand-receptor pair-mediated communication probabilities between malignant cell subgroups and non-malignant cell types. Mal_Sub_1, Subgroup 1 malignant cells; Mal_Sub_2, Subgroup 2 malignant cells.



Ligand-receptor-mediated intercellular communication landscape was shown in Figure 6H. Compared to Subgroup 1, Subgroup 2 cells showed increased crosstalk with myeloid cells. Notably, the communication between Subgroup 2 cells and myeloid cells was stronger than that with other cell types (Figures 6I, J). The PROS1-AXL, EDA-EDA2R, C3-(ITGAX+ITGB2), IL17A-(IL17RA+IL17RC), TGFA-EGFR, and NPPC-NPR2 ligand-receptor interactions primarily mediate the increased crosstalk between Subgroup 2 cells and myeloid cells. Meanwhile, MDK-NCL, MIF-(CD74+CXCR4), and NPPC-NPR2 contribute to the enhanced communication between Subgroup 2 cells and T cells (Supplementary Figure 3). These distinct ligand-receptor interaction profiles may underlie the varying immune evasion capacities of Subgroup 1 and Subgroup 2 cells. For example, the PROS1-AXL pathway mediates the interaction between MICA+ tumor cells and MMP9+ macrophages, to facilitate tumor immune escape in advanced HCC (21). The MDK-NCL signal is associated with suppressed immune activity in endometrial carcinoma (22). Further investigation is needed to determine whether the communication between tumor cells and myeloid cells affects polyamine metabolism and malignant phenotypes in tumor cells.




3.6 Higher PAscore is associated with reduced sensitivity to immunotherapy and other antitumor drugs

To explore the clinical application of our polyamine-related signature in predicting drug response, we analyzed the relationship between the PAscore and sensitivity to immune checkpoint inhibitors and other commonly used antitumor drugs. Our analysis revealed that patients with higher PAscores exhibited elevated TIDE scores (Figure 7A), suggesting that immune checkpoint inhibitors are likely less effective in these individuals. Accumulating evidence demonstrates that cancer stem cells contribute to therapy resistance (23, 24), and a significant positive association (R = 0.3, P < 0.001) was observed between the PAscore and CSC index (Figure 7B). We utilized the oncoPredict package to estimate the differences in drug sensitivity between high and low PAscore groups. Patients with a higher PAscore exhibited greater resistance to drugs such as 5-fluorouracil, lapatinib, and crizotinib (Figure 7C). However, a higher PAscore was associated with increased sensitivity to sorafenib, oxaliplatin, and gemcitabine (Figure 7D), suggesting that patients with a higher PAscore might derive greater benefit from these drugs. These results suggest that the polyamine-related signature has the potential to predict response to immunotherapy and other antitumor drugs in HCC patients.




Figure 7 | PAscore signature is positively associated with reduced sensitivity to immunotherapy in HCC. (A) Comparison of TIDE scores between high- and low-PAscore patients. (B) Correlation between PAscore and cancer stem cell index. (C) Reduced sensitivity to 5-fluorouracil, lapatinib, and crizotinib in patients with higher PAscore. (D) Increased sensitivity to sorafenib, oxaliplatin, and gemcitabine in patients with higher PAscore. ***, P < 0.001. (A, C, D) Two-tailed t test was used for two-way comparisons.






3.7 Knockdown of FIRRE, a constitutive gene of polyamine-related signature, impairs HCC cell proliferation and migration

Given the significant influence of FIRRE on the PAscore, as indicated by its high coefficient within the PAscore signature, FIRRE was selected for further analysis. Knockdown of FIRRE was achieved using small interfering RNA (Figure 8A). The CCK8 assay demonstrated that FIRRE knockdown significantly reduced the proliferation of HepG2 cells (Figure 8B). Additionally, silencing FIRRE markedly diminished the migration capacity of HCC cells, as revealed by the transwell assay (Figures 8C, D). These findings suggest that polyamine-related signature plays a critical role in the regulation of HCC cell proliferation and migration.




Figure 8 | Polyamine-related signature impairs HCC cell proliferation and migration. (A) qRT-PCR analysis of FIRRE expression, a key gene in the polyamine-related signature, in HepG2 cells following siRNA transfection. (B) CCK8 assay assessing the proliferation capacity of HepG2 (left) and Huh7 (right) cells after FIRRE knockdown. (C) Transwell assay evaluating the migration ability of HepG2 cells after FIRRE knockdown. (D) Relative quantification of the number of migrated cells in the transwell assay. **P < 0.01, ***P < 0.001, scale bar, 200 µm. Two-tailed t test was used for two-way comparisons.







4 Discussion

Dysregulated polyamine metabolism is common in cancers, increased intracellular polyamine pools contribute to tumor proliferation and immune evasion (14, 25). Therefore, targeting polyamine metabolism has been identified as a promising therapeutic strategy. Studies have increasingly highlighted the significant role of polyamines in the progression of HCC. For instance, spermine has been shown to promote HCC progression by establishing immune privilege, achieved through the maintenance of N-glycosylation and stability of PD-L1 (26). Hitherto in HCC, the effect of polyamine metabolism on regulating the immune landscape within the tumor microenvironment and its influence on the response to immunotherapy have remained largely unknown, and the predictive significance of polyamine metabolic activity in patients’ prognosis requires further assessment.

In this study, we identified polyamine-related genes correlated with overall survival in HCC patients. Based on the top-ranked polyamine-related prognostic genes, HCC patients could be categorized into two distinct clusters, each differing in specific cellular signaling activity. Cluster A was characterized by a worse prognosis and elevated activities in DNA damage repair, DNA replication, and cell cycle processes. These findings were corroborated by analyses of an independent HCC cohort, where Cluster A also exhibited shorter overall survival and heightened DNA repair capacities. The rapid proliferation of tumor cells relies on efficient DNA replication and fluent cell cycle progression, which are, in part, dependent on polyamine abundance (27, 28). Studies have revealed the biological function of polyamines in protecting DNA from single-strand breaks and promoting homology-directed repair of DNA double-strand break (29, 30). In HCC patients, enhanced DNA repair capability is correlated with worse survival (31). Consistent with these findings, our results here further underscore the involvement of polyamines in single- and double-strand DNA break repair. Oncogenic signaling pathways, such as Wnt/β-catenin and PI3K/AKT/mTOR, were enriched in Cluster A, supporting the notion of crosstalk between polyamine metabolism and oncogenic signaling (32).

Based on DEGs between Cluster A and Cluster B, we developed a polyamine-related signature, termed PAscore, comprising four genes: FIRRE, CLEC3B, BACE2, and ADH1C. The PAscore signature effectively serves as a prognostic marker that indicates poor overall survival and reduced responsiveness to immune checkpoint blockade. It also reflects lower infiltration of specific immune cell types, including activated CD8 T cells, natural killer cells, activated B cells, and neutrophils. The reduced presence of tumor-infiltrating lymphocytes aligns with previous findings that polyamines are involved in suppressing clonal deletion of B cells and that optimal induction of cytolytic T lymphocytes depends on elevated polyamine levels (33, 34).

Among the four genes in the PAscore signature, the long non-coding RNA FIRRE has the highest coefficient, indicating its significant impact on the PAscore. Like ornithine decarboxylase (ODC), the rate-limiting enzyme in polyamine biosynthesis, FIRRE is also transcriptionally activated by MYC (10, 35). Although there is no direct evidence indicating that FIRRE regulates polyamine metabolism, inhibition of tumor glycolysis has been shown to reduce both ODC expression and polyamine levels (36), and FIRRE has been found to enhance glycolytic activity by promoting the transcription of the glycolytic enzyme PFKFB4 (37). These findings suggest that FIRRE may indirectly influence polyamine metabolism. Additionally, FIRRE has been shown to regulate the expression of immunomodulatory genes, such as VCAM1 and TNF-α (38), indicating its role in modulating the tumor immune microenvironment. Our in vitro experiments showed that FIRRE knockdown significantly inhibited the proliferation and metastasis of HCC cells, corroborating the previously reported pro-tumor effects of FIRRE (37, 39). BACE2 is a β-secretase protein that is overexpressed in cancers. In ocular melanoma, BACE2 has been found to mediate intracellular calcium release from the endoplasmic reticulum and support tumor progression by regulating the expression of TMEM38B, a cation channel protein in the endoplasmic reticulum membrane (40). Our prognostic signature indicates that BACE2 has an adverse effect on the prognosis of HCC patients. Notably, intracellular calcium content regulates polyamine transport (41), suggesting that BACE2 may be involved in polyamine metabolism, although further experimental investigations are needed. CLEC3B and ADH1C are indicators of a better prognosis for HCC patients according to the PAscore signature, which is consistent with previous studies (42, 43). CLEC3B is a secreted protein that can suppress angiogenesis through exosome-mediated inhibition of VEGF (44).

HCC is characterized by metabolic heterogeneity, which can be used to stratify patients (45). Our analysis of single-cell RNA sequencing data of HCC revealed polyamine metabolic heterogeneity among malignant cells, which could be categorized into two subgroups based on polyamine metabolic activity, with each subgroup exhibiting distinct hallmark pathway activities. For instance, the subgroup with increased polyamine metabolic flux showed enhanced activity in angiogenesis, DNA repair, MYC targets, PI3K/AKT/mTOR signaling, and glycolysis. These single-cell-based analyses of crosstalk between polyamine metabolism and oncogenic signaling are supported by previous research (12, 30, 46–48). High polyamine pools in tumors trigger an immunosuppressive microenvironment. Studies in melanoma and breast cancer mouse models revealed that reduced tumor polyamine abundance partially mitigated immunosuppression by decreasing the survival of tumor-associated myeloid cells (49). Our analysis indicated increased communication between HCC cells with high polyamine metabolic activity and myeloid cells, which reflects a similar scenario within the HCC environment where polyamines facilitate the interaction between malignant cells and myeloid cells to contribute to the development of a tumor-permissive niche.

Polyamines function as crucial regulators not only in fundamental cellular metabolism but also in immune regulation within the tumor microenvironment. Polyamines influence the differentiation of CD4+ T cells and the cytotoxic function of CD8+ T cells. For example, in glioblastoma, cancer cell-derived spermidine has been shown to decrease the tumor-infiltrating number of CD8+ T cells and impair their cytotoxic activity through altering their cytokine profile (50). Tumor-derived polyamines also favor M2 macrophages to support tumor growth, paracrine secretion of polyamines by M2 macrophages has been found to suppress the activity of T cells and dendritic cells in the tumor microenvironment (51, 52). Targeting polyamine synthesis with difluoromethylornithine (DFMO), an irreversible ODC inhibitor, has demonstrated significant improvements in overall survival in high-risk neuroblastoma patients (53). In addition to DFMO, AMXT-1501 dicaprate, a polyamine transport inhibitor that prevents uptake of extracellular polyamines, is also being investigated as a therapeutic approach targeting the polyamine pathway. A clinical trial has been initiated to assess the intra-tumoral extracellular metabolic impact of DFMO and AMXT 1501 in patients with diffuse or high-grade glioma (NCT05717153). These collectively highlight the potential of polyamine-blocking therapies as a promising therapeutic strategy for cancer treatment.

There are certain limitations in our study. Firstly, while the prognostic significance of the polyamine-related signature was validated, further validation of its predictive value for survival and immunotherapy efficacy in a larger HCC cohort would enhance the reliability of this signature. Secondly, while we identified four signature genes and experimentally investigated the role of FIRRE in regulating the proliferation and migration of HCC cells, further research is necessary to elucidate the potential functions and underlying mechanisms of these four genes in HCC progression. Lastly, although our study revealed increased crosstalk between HCC cells with enhanced polyamine metabolic activity and myeloid cells, additional studies are required to uncover the molecular mechanisms driving this crosstalk and its consequences.

In summary, we present a polyamine-related signature that predicts prognosis, immune landscape, and immunotherapy response in HCC. We highlight polyamine metabolic heterogeneity among HCC cells, which is associated with distinct hallmark pathway signatures. Additionally, we demonstrate that, compared to other cell types within the HCC microenvironment, communication between malignant cells with high polyamine metabolic activity and myeloid cells is more active. Targeting polyamine metabolism and this enhanced crosstalk may offer more effective combination immunotherapy strategies.
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Supplementary Figure 1 | Consensus Clustering in HCC GSE14520 dataset based on specific prognostic polyamine-related genes. (A) Consensus matrix heatmap reflecting the optimal categorization of HCC into two clusters in GSE14520 cohort. (B) Plot of the cumulative distribution function of the consensus matrix for different k values in GSE14520 cohort.

Supplementary Figure 2 | Boxplot illustrating the differences in the infiltration levels of 23 immune cell types within the HCC microenvironment between the high- and low-PAscore groups in the ICGC LICA-FR cohort. *, P < 0.05; **, P < 0.01; ***, P < 0.001. n = 80 for both groups. Two-tailed t test was used for two-way comparisons.

Supplementary Figure 3 | Ligand-receptor interactions that mediate the distinct crosstalk between malignant cells (Subgroup 1 and Subgroup 2) and other cell types within the tumor microenvironment.




References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin. (2021) 71:209–49. doi: 10.3322/caac.21660

2. Siegel, RL, Miller, KD, Fuchs, HE, and Jemal, A. Cancer statistics, 2022. CA Cancer J Clin. (2022) 72:7–33. doi: 10.3322/caac.21708

3. Llovet, JM, Kelley, RK, Villanueva, A, Singal, AG, Pikarsky, E, Roayaie, S, et al. Hepatocellular carcinoma. Nat Rev Dis Primers. (2021) 7:6. doi: 10.1038/s41572-020-00240-3

4. Rimassa, L, Finn, RS, and Sangro, B. Combination immunotherapy for hepatocellular carcinoma. J Hepatol. (2023) 79:506–15. doi: 10.1016/j.jhep.2023.03.003

5. Patel, TH, Brewer, JR, Fan, J, Cheng, J, Shen, YL, Xiang, Y, et al. FDA approval summary: tremelimumab in combination with durvalumab for the treatment of patients with unresectable hepatocellular carcinoma. Clin Cancer Res. (2024) 30:269–73. doi: 10.1158/1078-0432.CCR-23-2124

6. Dhanasekaran, R. Deciphering tumor heterogeneity in hepatocellular carcinoma (HCC)-multi-omic and singulomic approaches. Semin Liver Dis. (2021) 41:9–18. doi: 10.1055/s-0040-1722261

7. Yang, C, Zhang, H, Zhang, L, Zhu, AX, Bernards, R, Qin, W, et al. Evolving therapeutic landscape of advanced hepatocellular carcinoma. Nat Rev Gastroenterol Hepatol. (2023) 20:203–22. doi: 10.1038/s41575-022-00704-9

8. Schulze, K, Nault, JC, and Villanueva, A. Genetic profiling of hepatocellular carcinoma using next-generation sequencing. J Hepatol. (2016) 65:1031–42. doi: 10.1016/j.jhep.2016.05.035

9. Casero, RA Jr., Murray Stewart, T, and Pegg, AE. Polyamine metabolism and cancer: treatments, challenges and opportunities. Nat Rev Cancer. (2018) 18:681–95. doi: 10.1038/s41568-018-0050-3

10. Bello-Fernandez, C, Packham, G, and Cleveland, JL. The ornithine decarboxylase gene is a transcriptional target of c-Myc. Proc Natl Acad Sci U S A. (1993) 90:7804–8. doi: 10.1073/pnas.90.16.7804

11. Snezhkina, AV, Krasnov, GS, Lipatova, AV, Sadritdinova, AF, Kardymon, OL, Fedorova, MS, et al. The Dysregulation of Polyamine Metabolism in Colorectal Cancer Is Associated with Overexpression of c-Myc and C/EBPbeta rather than Enterotoxigenic Bacteroides fragilis Infection. Oxid Med Cell Longev. (2016) 2016:2353560. doi: 10.1155/2016/2353560

12. Bachmann, AS, and Geerts, D. Polyamine synthesis as a target of MYC oncogenes. J Biol Chem. (2018) 293:18757–69. doi: 10.1074/jbc.TM118.003336

13. Jang, WJ, Choi, B, Song, SH, Lee, N, Kim, DJ, Lee, S, et al. Multi-omics analysis reveals that ornithine decarboxylase contributes to erlotinib resistance in pancreatic cancer cells. Oncotarget. (2017) 8:92727–42. doi: 10.18632/oncotarget.21572

14. Holbert, CE, Cullen, MT, Casero, RA Jr., and Stewart, TM. Polyamines in cancer: integrating organismal metabolism and antitumour immunity. Nat Rev Cancer. (2022) 22:467–80. doi: 10.1038/s41568-022-00473-2

15. Liu, Q, Yan, X, Li, R, Yuan, Y, Wang, J, Zhao, Y, et al. Polyamine signal through HCC microenvironment: A key regulator of mitochondrial preservation and turnover in TAMs. Int J Mol Sci. (2024) 25(2):996. doi: 10.3390/ijms25020996

16. Colaprico, A, Silva, TC, Olsen, C, Garofano, L, Cava, C, Garolini, D, et al. TCGAbiolinks: an R/Bioconductor package for integrative analysis of TCGA data. Nucleic Acids Res. (2016) 44:e71. doi: 10.1093/nar/gkv1507

17. Jiang, P, Gu, S, Pan, D, Fu, J, Sahu, A, Hu, X, et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat Med. (2018) 24:1550–8. doi: 10.1038/s41591-018-0136-1

18. 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

19. Mehla, K, and Singh, PK. Metabolic regulation of macrophage polarization in cancer. Trends Cancer. (2019) 5:822–34. doi: 10.1016/j.trecan.2019.10.007

20. Gavish, A, Tyler, M, Greenwald, AC, Hoefflin, R, Simkin, D, Tschernichovsky, R, et al. Hallmarks of transcriptional intratumour heterogeneity across a thousand tumours. Nature. (2023) 618:598–606. doi: 10.1038/s41586-023-06130-4

21. Wu, Q, Li, X, Yang, Y, Huang, J, Yao, M, Li, J, et al. MICA+ Tumor cell upregulated macrophage-secreted MMP9 via PROS1-AXL axis to induce tumor immune escape in advanced hepatocellular carcinoma (HCC). Cancers (Basel). (2024) 16(2):269. doi: 10.3390/cancers16020269

22. Yu, X, Xie, L, Ge, J, Li, H, Zhong, S, and Liu, X. Integrating single-cell RNA-seq and spatial transcriptomics reveals MDK-NCL dependent immunosuppressive environment in endometrial carcinoma. Front Immunol. (2023) 14:1145300. doi: 10.3389/fimmu.2023.1145300

23. Zhou, HM, Zhang, JG, Zhang, X, and Li, Q. Targeting cancer stem cells for reversing therapy resistance: mechanism, signaling, and prospective agents. Signal Transduct Target Ther. (2021) 6:62. doi: 10.1038/s41392-020-00430-1

24. Zhu, T, Zheng, J, Zhuo, W, Pan, P, Li, M, Zhang, W, et al. ETV4 promotes breast cancer cell stemness by activating glycolysis and CXCR4-mediated sonic Hedgehog signaling. Cell Death Discovery. (2021) 7:126. doi: 10.1038/s41420-021-00508-x

25. Zhang, H, Li, X, Liu, Z, Lin, Z, Huang, K, Wang, Y, et al. Elevated expression of HIGD1A drives hepatocellular carcinoma progression by regulating polyamine metabolism through c-Myc-ODC1 nexus. Cancer Metab. (2024) 12:7. doi: 10.1186/s40170-024-00334-6

26. Shi, HX, Liang, C, Yao, CY, Gao, ZX, Qin, J, Cao, JL, et al. Elevation of spermine remodels immunosuppressive microenvironment through driving the modification of PD-L1 in hepatocellular carcinoma. Cell Commun Signal. (2022) 20:175. doi: 10.1186/s12964-022-00981-6

27. Geiger, LE, and Morris, DR. Polyamine deficiency reduces the rate of DNA replication fork movement in Escherichia coli. Nature. (1978) 272:730–2. doi: 10.1038/272730a0

28. Koza, RA, and Herbst, EJ. Deficiencies in DNA replication and cell-cycle progression in polyamine-depleted HeLa cells. Biochem J. (1992) 281:87–93. doi: 10.1042/bj2810087

29. Khan, AU, Di Mascio, P, Medeiros, MH, and Wilson, T. Spermine and spermidine protection of plasmid DNA against single-strand breaks induced by singlet oxygen. Proc Natl Acad Sci U S A. (1992) 89:11428–30. doi: 10.1073/pnas.89.23.11428

30. Lee, CY, Su, GC, Huang, WY, Ko, MY, Yeh, HY, Chang, GD, et al. Promotion of homology-directed DNA repair by polyamines. Nat Commun. (2019) 10:65. doi: 10.1038/s41467-018-08011-1

31. Oshi, M, Kim, TH, Tokumaru, Y, Yan, L, Matsuyama, R, Endo, I, et al. Enhanced DNA repair pathway is associated with cell proliferation and worse survival in hepatocellular carcinoma (HCC). Cancers (Basel). (2021) 13(2):323. doi: 10.3390/cancers13020323

32. Arruabarrena-Aristorena, A, Zabala-Letona, A, and Carracedo, A. Oil for the cancer engine: The cross-talk between oncogenic signaling and polyamine metabolism. Sci Adv. (2018) 4:eaar2606. doi: 10.1126/sciadv.aar2606

33. Nitta, T, Igarashi, K, Yamashita, A, Yamamoto, M, and Yamamoto, N. Involvement of polyamines in B cell receptor-mediated apoptosis: spermine functions as a negative modulator. Exp Cell Res. (2001) 265:174–83. doi: 10.1006/excr.2001.5177

34. Bowlin, TL, McKown, BJ, and Sunkara, PS. Increased ornithine decarboxylase activity and polyamine biosynthesis are required for optimal cytolytic T lymphocyte induction. Cell Immunol. (1987) 105:110–7. doi: 10.1016/0008-8749(87)90060-8

35. Shi, X, Cui, Z, Liu, X, Wu, S, Wu, Y, Fang, F, et al. LncRNA FIRRE is activated by MYC and promotes the development of diffuse large B-cell lymphoma via Wnt/beta-catenin signaling pathway. Biochem Biophys Res Commun. (2019) 510:594–600. doi: 10.1016/j.bbrc.2019.01.105

36. Ruiz-Perez, MV, Medina, MA, Urdiales, JL, Keinanen, TA, and Sanchez-Jimenez, F. Polyamine metabolism is sensitive to glycolysis inhibition in human neuroblastoma cells. J Biol Chem. (2015) 290:6106–19. doi: 10.1074/jbc.M114.619197

37. Shen, C, Ding, L, Mo, H, Liu, R, Xu, Q, and Tu, K. Long noncoding RNA FIRRE contributes to the proliferation and glycolysis of hepatocellular carcinoma cells by enhancing PFKFB4 expression. J Cancer. (2021) 12:4099–108. doi: 10.7150/jca.58097

38. Lu, Y, Liu, X, Xie, M, Liu, M, Ye, M, Li, M, et al. The NF-kappaB-Responsive Long Noncoding RNA FIRRE Regulates Posttranscriptional Regulation of Inflammatory Gene Expression through Interacting with hnRNPU. J Immunol. (2017) 199:3571–82. doi: 10.4049/jimmunol.1700091

39. Haga, Y, Bandyopadhyay, D, Khatun, M, Tran, E, Steele, R, Banerjee, S, et al. Increased expression of long non-coding RNA FIRRE promotes hepatocellular carcinoma by HuR-CyclinD1 axis signaling. J Biol Chem. (2024) 300:107247. doi: 10.1016/j.jbc.2024.107247

40. He, F, Yu, J, Yang, J, Wang, S, Zhuang, A, Shi, H, et al. m(6)A RNA hypermethylation-induced BACE2 boosts intracellular calcium release and accelerates tumorigenesis of ocular melanoma. Mol Ther. (2021) 29:2121–33. doi: 10.1016/j.ymthe.2021.02.014

41. Khan, NA, Sezan, A, Quemener, V, and Moulinoux, JP. Polyamine transport regulation by calcium and calmodulin: role of Ca(2+)-ATPase. J Cell Physiol. (1993) 157:493–501. doi: 10.1002/jcp.1041570308

42. Xie, XW, Jiang, SS, and Li, X. CLEC3B as a potential prognostic biomarker in hepatocellular carcinoma. Front Mol Biosci. (2020) 7:614034. doi: 10.3389/fmolb.2020.614034

43. Liu, X, Li, T, Kong, D, You, H, Kong, F, and Tang, R. Prognostic implications of alcohol dehydrogenases in hepatocellular carcinoma. BMC Cancer. (2020) 20:1204. doi: 10.1186/s12885-020-07689-1

44. Dai, W, Wang, Y, Yang, T, Wang, J, Wu, W, and Gu, J. Downregulation of exosomal CLEC3B in hepatocellular carcinoma promotes metastasis and angiogenesis via AMPK and VEGF signals. Cell Commun Signal. (2019) 17:113. doi: 10.1186/s12964-019-0423-6

45. Bidkhori, G, Benfeitas, R, Klevstig, M, Zhang, C, Nielsen, J, Uhlen, M, et al. Metabolic network-based stratification of hepatocellular carcinoma reveals three distinct tumor subtypes. Proc Natl Acad Sci U S A. (2018) 115:E11874–E83. doi: 10.1073/pnas.1807305115

46. Jasnis, MA, Klein, S, Monte, M, Davel, L, Sacerdote de Lustig, E, and Algranati, ID. Polyamines prevent DFMO-mediated inhibition of angiogenesis. Cancer Lett. (1994) 79:39–43. doi: 10.1016/0304-3835(94)90060-4

47. Akinyele, O, and Wallace, HM. Understanding the polyamine and mTOR pathway interaction in breast cancer cell growth. Med Sci (Basel). (2022) 10(3):51. doi: 10.3390/medsci10030051

48. Novita Sari, I, Setiawan, T, Seock Kim, K, Toni Wijaya, Y, Won Cho, K, and Young Kwon, H. Metabolism and function of polyamines in cancer progression. Cancer Lett. (2021) 519:91–104. doi: 10.1016/j.canlet.2021.06.020

49. Alexander, ET, Mariner, K, Donnelly, J, Phanstiel, Ot, and Gilmour, SK. Polyamine blocking therapy decreases survival of tumor-infiltrating immunosuppressive myeloid cells and enhances the antitumor efficacy of PD-1 blockade. Mol Cancer Ther. (2020) 19:2012–22. doi: 10.1158/1535-7163.MCT-19-1116

50. Kay, KE, Lee, J, Hong, ES, Beilis, J, Dayal, S, Wesley, ER, et al. Tumor cell-derived spermidine promotes a protumorigenic immune microenvironment in glioblastoma via CD8+ T cell inhibition. J Clin Invest. (2024) 135(2):e177824. doi: 10.1172/JCI177824

51. Mahalingam, SS, and Pandiyan, P. Polyamines: key players in immunometabolism and immune regulation. J Cell Immunol. (2024) 6:196–208. doi: 10.33696/immunology

52. Van den Bossche, J, Lamers, WH, Koehler, ES, Geuns, JM, Alhonen, L, Uimari, A, et al. Pivotal Advance: Arginase-1-independent polyamine production stimulates the expression of IL-4-induced alternatively activated macrophage markers while inhibiting LPS-induced expression of inflammatory genes. J Leukoc Biol. (2012) 91:685–99. doi: 10.1189/jlb.0911453

53. Lewis, EC, Kraveka, JM, Ferguson, W, Eslin, D, Brown, VI, Bergendahl, G, et al. A subset analysis of a phase II trial evaluating the use of DFMO as maintenance therapy for high-risk neuroblastoma. Int J Cancer. (2020) 147:3152–9. doi: 10.1002/ijc.v147.11




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 © 2025 Pan, Lin, Pan and Zhu. 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-16-1516332-g007.jpg
TIDE

RNAss

0.4

0.2

0.0

-0.2

06

04

02

00

Low

High
PAscore

100

~
o

Drug sensitivity
o
S

25

Drug sensitivity

5-Fluorouracil Lapatinib Crizotinib
6.2e-08 2.2e-05 100 0.0015
75
>
?2: g 75
= =
o o
€50 c
g % 50
o o
5 5
25 25
Sorafenib Oxaliplatin Gemcitabine
0.0034 0.0041 0.00011
oo °% 8 .« 8"
9 s (@
>
= = DY
= -
g6 g
1z 1z 4
g g
£ 2
(=]
a 3 2
. 0

oo 25

50 75
PAscore






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Heterogeneity in polyamine metabolism dictates prognosis and immune checkpoint blockade response in hepatocellular carcinoma

      

        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Bulk RNA−seq and clinical data acquisition

          



          		

            2.2 Single−cell RNA sequencing analysis

          



          		

            2.3 GSVA analysis of pathway activity and cell–cell communication analysis

          



          		

            2.4 Identification of differentially expressed genes and prognostic genes

          



          		

            2.5 Consensus clustering based on polyamine-related prognostic genes

          



          		

            2.6 Functional enrichment analysis

          



          		

            2.7 Construction and validation of a polyamine-related signature

          



          		

            2.8 Immune infiltration analysis

          



          		

            2.9 Prediction of response to immunotherapy and traditional drugs

          



          		

            2.10 Cell culture and RNA interference

          



          		

            2.11 RNA extraction and quantitative real-time PCR

          



          		

            2.12 Cell proliferation and migration assays

          



          		

            2.13 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Genetic and transcriptional landscape of polyamine-related genes in HCC

          



          		

            3.2 Identification of HCC subtypes based on polyamine metabolism

          



          		

            3.3 Establishment and validation of a polyamine metabolism-based prognostic signature

          



          		

            3.4 The association of PAscore with patient prognosis and clinicopathologic characteristics

          



          		

            3.5 Heterogeneity in polyamine metabolism within the tumor cells of the HCC microenvironment

          



          		

            3.6 Higher PAscore is associated with reduced sensitivity to immunotherapy and other antitumor drugs

          



          		

            3.7 Knockdown of FIRRE, a constitutive gene of polyamine-related signature, impairs HCC cell proliferation and migration

          



        



        



        		

          4 Discussion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Generative AI statement

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-16-1516332-g005.jpg
Percentage

A
T YN M B T U N e
R IV N

Grade
N 0T 0 A AT AR DRI ARV Age
WOim TR i BIUCTE ]| ] || stage

|
N1 T 117 IIIIIIIL
0|11 1 o o T YN[

Gender Grade Age Stage T N M PAscore
W FEMALE B G1+G2 M <65 Stage I-11 T1+72 . N0 Bwm0 M low
MALE  MG3+G4 [>=65 MIStagell-Iv MT3+T4 HEN1 M1 M high
WNX [ Mx
Pvalue HR (95% CI) WTi+T2 Ml T3+T4

Percentage
@ ~
3 E

PR - ) E
N
o

Gender 0.056 0.651(0.419-1.012) ® 100
Grade 0.367 0.873(0.650-1.173) [ ]
Age 0.864 0.999(0.983-1.014)
Stage 0.140 0.819(0.628-1.068) |
T 0.086 0.790(0.604-1.033) -
PAscore 0.026 1.068(1.008-1.132) - 0

R P S

low

00 02 04 06 08 1.0

high
Hazard ratio PAscore
M stage 1-11 |l sStage IlI-IV/ Wci+c2Mcs+64 M FEMALE [l MALE
100 100 100
75 75 75
o o
50 g 50 § 50
g £
& &
25 25 25
0 o 0
low high low high low high

PAscore PAscore PAscore





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-16-1516332-g001.jpg
GeneRatio

FLG ||

ABCA13 |
ARIDIA
AXINT
HMCN1
ACNATE
CUBN
SPTA1

= Missense_Mutation
= Splice_Site

= Frame_Shift_Ins
= Frame_Shift_Del

B

20 4

-
@
1

CNV.frequency(%)
a
=]
|

Altered in 315 (84.91%) of 371 samples.

|
I
(I |
Y
|
I

A 'ﬁ I

= Nonsense_Mutation
- In_Frame_Del

= In_Frame_ins

® Multi_Hit

* GAIN * LOSS

©©©©©©©©©©

- D B @ P AT D O
o*;éﬁ_dgé" FSIS e

RRCA
Q\y'%z@

D

-log10(adj.P.Val)

60

40

20

L0205
®
// -

Postive correlation with P<0.0001
—— Negative correlation with P<0.0001

(Pvais

s ()

uEPs |
°
SLc22a1) o

® Risk factor
» Favorable factor

'1 e-04

Cox test, pvalue

-log10(adj.P.Val)
60
40
20

p.adjust

BP

cC MF

025

8
8

@

0.10 @ @

GeneRatio
&

3

BP cc

MF

3e-04
6e-04

9e-04






OEBPS/Images/fimmu-16-1516332-g003.jpg
Coefficient

0.0

10

05

B

18

13

B C

-05

5 52 45 38 32 30 24 19 19 177 16 13 11 7 6 3 1
I
FIRRE e
I
3 21 '
s
T 1114 CLEC3B @l
I
g =7 1 i @ Hazardous
2 1 BACE2 —0 @ Protective
2. | [
:I . : 4 |
: it ADH1C °
© 2T
® e Ittt T T '
A1t et -03 00 03 06 09
-20 -40 a5 -30 -25 -20
Log(A)

E F

T cells regulatory (Tregs)
T cells gamma delta
T cells follicular helper
Tecellscpe | R=4034,p=0023
T cells CD4 naive 02{ o
T cells CD4 memory resting Correlation
T cells CD4 memory activated I 04 .
Plasma cells 02 s
NK cells resting | 00 . 8.,
NK cells activated | 5 =
Neutrophils i -§
Monocytes o
Mast cells resting 8
Mast cells activated 2 .
Macrophages M2
Macrophages M1
Macrophages MO
Eosinophils Cluster PAscore Status ] H ) 15
Dendritic cells resting PAscore
Dendritic cells activated
B cells naive
B cells memory
G H 1 10 B cells naive
| Plasma cells
I T cells CD8
[l T cells CD4 memory resting
‘J ! ;ce“s follic;xlia; he(l er g
. ] cells regulatory (Tregs;
PAscore E3 high E3 low T cells gamma delta
1.00 - | NK cells resting PAscore
- o o o | JI MK c:¢|:|;t activated = I;szh
i [} onocytes
% Macrophages M0
5 0.75 % . . macwpn,ges M;
= lacrophages
g %é : % § 3 i Dendrr’:ic cells resting Algorithm
€050 . &% $ 11 | Mast cells resting = gg%":i%m
o % l | StromalScore H ssGSEA
-4
s | ImmuneScore
£ I ESTIMATEScore Score
E£025 & | TumorPurity 2
(I % Eosinophil 1
| H Natural killer cell 0
0.00 | ‘l | Type 1T helper cell l41
S c § B N & | Mast cell
& & §®° éﬁ’? F &8 e i Activated CD3 T cell 2
&8 lacrophage
& S TEISE S ; Gamma dalta T cell
N ¥ » L Neutrophil
v & 5 & Monocyte
& & R Natural killer T cell
v v T follicular helper cell
N Activated B cell
Q CD56dim natural killer cell
Re%télatory Tcell
CD56bright natural killer cell
Immature B cell

Type 17 T helper cell





OEBPS/Images/fimmu-16-1516332-g008.jpg
>

Relative FIRRE level

1.5

1.0

0.5

Kk

Hekk

e o o
kS o ©

OD value (450 nm)
o
N

—o— si-Ctrl
-= si-FIRRE-1
-+ si-FIRRE-2

*hk

ke

=
o

- si-Ctrl
g - -+ si-FIRRE-1
8 .| — siFIRRE2
3‘_ k.
o 04
=]
s
>
a 0.2
o
3 4 5
Days
150
o
[ ok
-
S 100
(=
3
o
S 50
®
T
['4
0
N N
£ & &
&L





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





OEBPS/Images/fimmu-16-1516332-g006.jpg
Cc

T e Percent Expressed
Myeloid . [ ] -0
e 25
Mast [ ] ® 50
Malignant [ ] ° ° ® 75
Fibroblasts s @ = Average Expression
Epithelial Y i @ 2
~ 1
s, Endothelial { [ ]
e 0
sl @ -
" . &
® B  Endothelial ® Malignant ~ Tprolif '\‘BY. Ys“ /\’@ ,\‘?:\ QS&
® Immune cells @ Stromal cells ® Malignantcells e CD8T e Epithelial » Mast e Treg 00 Q,o ‘(g' 00
@ DC  ® Fibroblasts ® Mono/Macro <
Features
D F METABOLISM_OF_POLYAMINES H Epithelial
100
075
050
® 0 025
e 1
e 2
e 3 ™~ Subgroup 2
® 4
® 5 Epithelial
Fibroblasts
G ’ Endothelial
)
Subgroup 1 MaI_SLr_1
Subgroup 2 ( —eB
‘Subgroup 2
‘Subgroup 1 X ‘
00 03 06 09 GSVAscore Mast
eloid
E J TGFB1 - (ACVR1B+TGFBR2) B
KRAS_SIGNALING_DN 1L15 - (IL15RA+IL2RB) o
NOTCH_SIGNALING BTLP%;A%?'} .
WNT_BETA_CATENIN_SIGNALING '
| APICAL_SURFACE 1 GRN - SORT! {
] ESTROGEN_RESPONSE_EARLY LTA - TNFRSF1A °
ESTROGEN_RESPONSE_LATE 1L4 - (IL4R+IL2RG) LI )
INTERFERON_ALPHA_RESPONSE 0 IL1B - (IL1R1+IL1RAP)
| UV_RESPONSE_DN GAS6-AXL] ® e < e .
HEDGEHOG_SIGNALING LTA - TNFRSF14 L °
APICAL_JUNCTION TGFB1 - (ACVR1+TGFBR1) ° .
TGF_BETA_SIGNALING A TGFB3 - (TGFBR1+TGFBR2) ° .
1 |APGPTOSIS IL7 - (L7R+L2RG) .
| P53_PATHWAY PGF - VEGFR1 D) 0
|1L2_STAT5_SIGNALING IGF2 - (ITGAG+TGB4) o e
|| INTERFERON_GAMMA_RESPONSE CSF1-CSFIR o
TNFA_SIGNALING_VIA_NFKB Ghse MERTK © .
| ALLOGRAFT_REJECTION - ° Col A
I EPITHELIAL_MESENCHYMAL_TRANSITION IL6 - (ILBR+ILGST) ° . "r‘t;;nun Fob;
' INFLAMMATORY_RESPONSE VEGFA - VEGFR2 ° - .
|KRAS_SIGNALING_UP LTA - TNFRSF18 o e o e
MITOTIC_SPINDLE IFNG - (IFNGR1+/FNGR2) .
| SPERMATOGENESIS VEGFA - VEGFR1R2 o 0
| E2F_TARGETS TGFB1 - (TGFBR1+TGFBR2)
G2M_CHECKPOINT CCL16 - CCR1 . .
. ANDROGEN_RESPONSE VEGFA - VEGFR1 . -
= ANGIOGENESIS LGALS9 - HAVCR2
|| COMPLEMENT VEGFB - VEGFR1 * o
| HEME_METABOLISM LGALS9-CD44{ © @ . p-value
MYC_TARGETS_V2 PROST - AXL ° .
DNA REPAIR CCL15 - CCR1 ° . * 001<p<005
. MYC_TARGETS_V1 C3 - (ITGAM+ITGB2) . ® p<001
| PI3K_AKT_MTOR_SIGNALING SPP1 - (ITGAVHTGBS)
|| UV_RESPONSE_UP HC - C5AR1
_ MTORC1_SIGNALING GDF15 - TGFBR2 e o o o
REACTIVE_OXYGEN_SPECIES_PATHWAY LGALS9 -CD45{ e o
BILE_ACID_METABOLISM SPP1 - (ITGAS+TGB1) °
XENOBIOTIC_METABOLISM MDK - (ITGA6+TGB1) DO ° o
i OXIDATIVE_PHOSPHORYLATION SPP1 - (ITGAV+TGB1) .
] FATTY_ACID_METABOLISM C3 - (ITGAX+TGB2) . e o o
PEROXISOME MDK - (ITGA4+ITGB1) o o ° o
~ GLYCOLYSIS C3 - C3AR1 . °
~ ADIPOGENESIS MDK - LRP1 ° °
| UNFOLDED_PROTEIN_RESPONSE SPP1 - (ITGA+TGB1) o o
| COAGULATION SPP1 - (ITGAB+TGB1) °
= CHOLESTEROL_HOMEOSTASIS MIF - (CD74+CD44) . . . . .
= PROTEIN_SECRETION MIF - (CD74+CXCR4) e o o ° o
_ HYPOXIA MDK - NCL. . .
IL6_JAK_STAT3_SIGNALING SPP1-CDad ° .
) | MYOGERESIS Py
1 || PANCREAS_BETA_CELLS i~
152304 o
5)\)
>
>/





OEBPS/Images/fimmu.2025.1516332_cover.jpg
’ frontiers | Frontiersin Immunology

Heterogeneity in polyamine
metabolism dictates prognosis and
immune checkpoint blockade
response in hepatocellular carcinoma





OEBPS/Images/fimmu-16-1516332-g004.jpg
PAscore

>
o

(9]

5 100 .. 1.00 o 100
= HR=558(274-1136) £ HR =2.16 (1.10 - 4.23) H HR =3.09 (1.94 - 4.92)
a logrank P < 0.001 a logrank P = 0.025 s logrank P < 0.001
£ 075 8 075 S 075
2 2 £
a a o
B 080] cccecceoenas . 8 yeol omanaE
§ 0.50 ; 5 080 £ 050
3 ! 3 3 :
% 025 | 3 025 ? 0.25 |
g = PAscore-High [ | ~ PAscore-High |3 < PAscore-High i
o = PAscore-Low H [e) - PAscore-Low o = PAscore-Low H
0.00 . ' 0.00 0.00 . '
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100110 120 0 10 20 30 40 50 60 70 80 90 100110120
Time (months) Time (months) Time (months)
Number at risk Number at risk Number at risk
PAscore-High{ 75 63 37 18 10 5 2 2 0 0 0 PAscore-Hign{ 82 68 41 22 16 9 6 6 6 3 3 3 1 PAscore-High{ 157 131 78 40 26 14 8 8 6 3 3 3 1
PAscore-L %M 48 32 28 26 18 15 8 4 2 PAscore-Low{ 66 60 46 32 27 19 14 6 4 2 1 0 0 PAscore-Low{ 141 131 94 64 55 45 32 21 12 6 3 1 0
G 0 % 0 4 5 6 7 8 % 00 G fo 2 3% 40 5 6 70 8 % 10 10 120 G 10 7 % 4 5 6 70 8 % 100 1o 120
Time (months) Time (months) Time (months)
e o - e -
@ |
2 2 E
o |
2 = %
& I A & 24 pa
~ ~ 9 4
e —— AUC at 1 years: 0.778 s —— AUC at 1 years: 0.640 ~—— AUCat 1 years: 0.701
. — AUC at 3 years: 0.805 — AUC at 3 years: 0.607 e — AUCat 3years: 0.704
o | [ — AUC at 5 years: 0.806 s — AUC at 5 years: 0.586 W — AUC at 5 years: 0.697
e = T T T T T T
T % T T T T T T T T T T
00 02 04 06 08 10 0.0 02 04 06 08 10 00 02 04 06 08 10
G 1-Specificity H 1-Specificity I 1-Specificity
® 7 O 2 T - ER : -
® High PAscore : ® High PAscore H " ® High PAscore i 2
o | ® LowPAscore ; . © - ® Low PAscore i © - © Low PAscore : .
1 e e i § o 1
< A ] H
| i g - i S| & <o
1 ! ~ o
% ° T T T T ° T T T T T T T
o 50 100 150 o 50 100 150 200 250 300
s
ADHIC ADH1C ADH1C
4 4
2 2
a BACE2 | BACE2 BACE2
o o
2 -2 1
CLEC3B ‘ cLecsB | | ‘ ‘ CLEC3B

Patients (increasing PAscore)

Patients (increasing PAscore)

Patients (increasing PAscore)





OEBPS/Images/fimmu-16-1516332-g002.jpg
A

nisus matrix k=2 consensus CDF
Gene HR (95% CI) P value
AZIN2 1.56 (1.1, 2.18) —e————y 001 oA
EGF 1.18 (1.03, 1.35) e 0.017 =B
PHEX 117 (1.06, 1.3) o 0.002
NRG1 1.16 (1.01, 1.34) —e—i1 0.04
MAPT 1.14 (1.06, 1.22) o 0.001
TRPC1 143 (1.01,1.27) —e—t 0.029 8 s
LINC00205  1.12(1.01, 1.24) ——i 0.027 L7
PYY 1.12 (1.06, 1.19) e 0.940-05 $:
CSNK2A2 1.09 (1.2, 1.19) | 0.044 o
KRBOX4 1.08 (1.00, 1.17) Fo 0.043 oo
PTGS1 1.07 (1.04, 1.10) ol 2.09e-05 .
PLCB1 1.07 (1.00, 1.15) Fey 0.046 T T T T T T
w1z s s 2w = e s s = ¥
HR consensus index
Cluster = A =B Cluster +A+B
1.00
1.00
z logrank P < 0.001 &
§ 0.75 8
8 8075 4000
o '
Sos0| ----- 3 g
e E 2000
s £ 050 9
@ @« w
Bozs ! i T g oo
b i : o logrank P = 0.014
| ! 2000
kit i i 000
0 10 20 30 40 50 60 70 80 90 100110120 . o v v v
Time (months) 0 10 2 30 40 50 60 StromalScore  Immunecore  ESTIMATEScore
Time (months)
INTERFERON ALPHA RESPORGE
Cluster XENOBIOTIC METBOUSH
| LINOLEIC_ACID_METABOLISM i BLE ACID NETABOUSM
COMPLEMENT_AND_COAGULATION_CASCADES I FATY ACID METASOUISM
GLYCINE_SERINE_AND_THREONINE_METABOLISM 8 ERCERONGAMIA PO
PPAR_SIGNALING_PATHWAY COULATION

|‘ il H\‘

""“!l"“”“\‘

|
M

'nilu
fill
i

A

u

PRIMARY_BILE_ACID_BIOSYNTHESIS
LIMONENE_AND_PINENE_DEGRADATION
TRYPTOPHAN_METABOLISM

FATTY_ACID_METABOLISM

BUTANOATE_METABOLISM 2
BETA_ALANINE_METABOLISM

VALINE_LEUCINE_AND_ISOLEUCINE_DEGRADATION

PHENYLALANINE_METABOLISM i
RETINOL_METABOLISM
METABOLISM_OF_XENOBIOTICS_BY_CYTOCHROME_P450
DRUG_METABOLISM_CYTOCHROME_P450
PATHOGENIC_ESCHERICHIA_COLI_INFECTION o
FC_GAMMA_R_MEDIATED_PHAGOCYTOSIS -
NOD_LIKE_RECEPTOR_SIGNALING_PATHWAY

CELL_CYCLE -1
DNA_REPLICATION

HOMOLOGOUS_RECOMBINATION

BASE_EXCISION_REPAIR -2
MISMATCH_REPAIR

NUCLEOTIDE_EXCISION_REPAIR
AMINOACYL_TRNA_BIOSYNTHESIS
UBIQUITIN_MEDIATED_PROTEOLYSIS
BASAL_TRANSCRIPTION_FACTORS
NON_HOMOLOGOUS_END_JOINING

SPLICEOSOME

RNA_DEGRADATION

U ESTROGEN_RESPONSE_LATE
"PROTEIN_SECRETION
WNT_BETA_CATENIN_SIGNALING

MITOTIC_SPINDLE
MTORCT_SIGNALING
‘G2M_CHECKPOINT

SPERMATOGENESIS

; value of GSVA score, B versus A





