
TYPE Original Research 
PUBLISHED 21 July 2025 
DOI 10.3389/fonc.2025.1517557 

OPEN ACCESS 

EDITED BY 

Stergios Boussios,
 
Canterbury Christ Church University,
 
United Kingdom
 

REVIEWED BY 

Nimrat Chatterjee,
 
University of Vermont, United States
 
Xingjiang Yu,
 
Hust, China
 

*CORRESPONDENCE 

Lanxin Luo 

luolx999@163.com 

Yu Yao 

13572101611@163.com 

†These authors share first authorship 

RECEIVED 25 November 2024 
ACCEPTED 30 June 2025 
PUBLISHED 21 July 2025 

CITATION 

Zhao Y, Fu Z, Chen S, Li F, Zhang X, 
Setiwalidi K, Ruan Z, Yao Y and Luo L 
(2025) Integrative analysis of polyamine 
metabolism-related genes in gliomas: 
implications for prognosis and therapy. 
Front. Oncol. 15:1517557. 
doi: 10.3389/fonc.2025.1517557 

COPYRIGHT 

© 2025 Zhao, Fu, Chen, Li, Zhang, Setiwalidi, 
Ruan, Yao and Luo. 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. 

Frontiers in Oncology 
Integrative analysis of polyamine 
metabolism-related genes in 
gliomas: implications for 
prognosis and therapy 
Yujia Zhao1,2†, Zhenkai Fu3†, Sijie Chen2†, Fei Li4, Xiaoyu Zhang2, 
Kaidiriye Setiwalidi2, Zhiping Ruan2, Yu  Yao2* and Lanxin Luo5* 

1Department of Oncology, Tangdu Hospital, the Fourth Military Medical University, Xi’an, 
Shaanxi, China, 2Department of Medical Oncology, The First Affiliated Hospital of Xi’an Jiaotong 
University, Xi’an, China, 3Department of Thoracic Surgery, Peking University People's Hospital, 
Beijing, China, 4Department of Toxicology, School of Public Health, the Fourth Military Medical 
University, Xi’an, Shaanxi, China, 5Precision Pharmacy and Drug Development Center, Department of 
Pharmacy, Tangdu Hospital, the Fourth Military Medical University, Xi’an, Shaanxi, China 
Introduction: Tumor transformation and progression are accompanied by 
multiple carcinogenic pathways that dysregulate polyamine demand and 
metabolism. The importance of polyamines has demonstrated that their 
metabolism is a potential therapeutic strategy. Yet, few prognostic models 
based on polyamine metabolism-related gene risk have been developed 
for gliomas. 

Methods: The mRNA expression profiles and variations in 37 polyamine 
metabolism-related genes (PMRGs) were obtained from the Cancer Genome 
Atlas (TCGA) and Chinese Glioma Genome Atlas (CGGA) databases. PMRGs­

related risk model was constructed by least absolute shrinkage and selection 
operator (LASSO) Cox regression and tested for predictive ability across two 
independent datasets from the Gene Expression Omnibus (GEO). The landscape 
of the tumor immune microenvironment and drug sensitivity were investigated 
systematically using multiple methods based on PMRG-related risk subtypes. 
Weighted gene co-expression network analysis (WGCNA) was applied to identify 
the key prognostic genes of the PMRGs. In addition, key genes were validated 
with regard to their expression and prognostic significance in human glioma 
tissues. To verify the cell types, single-cell RNA sequencing was performed on 
the cohorts available at GEO. 

Results: Based on PMRG clusters, patients with glioma showed significant 
differences in PMRG expression, prognosis, and biological functions. A 11-gene 
risk model was constructed, and patients were categorized into high- and low-

risk subtype according to the risk score. The high-risk subtype exhibited a poorer 
prognosis due to its immunosuppressive microenvironment. Furthermore, there 
were striking differences between the distinct subtypes in terms of immune cell 
infiltration, anticancer immunity cycle, tumor mutation burden, immune 
checkpoints, and response to targeted inhibitors. Spermine synthase (SMS) was 
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identified as a key PMRG in patients with gliomas. A significant increase in SMS 
mRNA and protein expression was observed in tumors compared to normal 
controls. Single-cell sequencing analyses showed that SMS mRNA was highly 
expressed in all cell types, except oligodendrocytes. 

Conclusion: A PMRG-related risk model can be used as a reliable prognostic 
biomarker in glioma treatment. In addition, polyamine metabolism and function 
can be successfully targeted therapeutically. 
KEYWORDS 

polyamine, glioma, prognosis, immunosuppression, spermine synthase 
1 Introduction 

Gliomas are the most malignant tumors of the central nervous 
system (CNS) (1).  The 2021 WHO  classification of CNS tumors 
integrates molecular data for the typing, subtyping, and grading of 
major tumor groups (2, 3). Histological features have traditionally been 
used to grade CNS tumors, and certain molecular markers can provide 
powerful prognostic information (2, 3). Glioblastomas (grade IV, 
GBM) possess immensely aggressive features, with a median survival 
time of barely 12–15 months after detection, whereas patients with low-
grade gliomas (LGG) have a survival rate of approximately seven years 
(4). Despite advances in current treatment strategies, gliomas remain 
highly resistant to interventions. Immunotherapy is highly effective 
against most malignancies; however, its efficacy remains disappointing 
for brain tumors owing to their robust immunosuppressive 
microenvironment (5). Therefore, identification of novel biomarkers 
for predicting glioma outcomes is critical.  

Normal cell functions, including chromatin organization, gene 
expression regulation, cellular growth and differentiation, and 
immune processes, require polyamines (6, 7). Dysregulated 
polyamine metabolism is a hallmark of numerous cancers, with 
intracellular polyamine homeostasis tightly controlled through 
synthesis, catabolism, and uptake from the extracellular 
microenvironment (8, 9). Malignant development of brain 
tumors, including cell proliferation, growth, migration, and radio-
resistance, is inextricably related to polyamine metabolism level 
(10–13). Notably, Khan et al. demonstrated in preclinical models 
s; CNV, copy number 
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SVA, gene set variation 
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that dual inhibition of polyamine synthesis and uptake exerts potent 
cytotoxic effects in vitro and prolongs survival in tumor-bearing 
mice (14). Although experimental evidence is still limited, targeting 
polyamine metabolism may represent a potential therapeutic 
strategy for gliomas. 

The level of polyamine metabolism can affect immune response 
in tumor tissues, reduce or inactivate immune cells in the tumor 
microenvironment (TME), and promote the occurrence of 
immunologically “cold” tumors (6). Polyamine expression is 
upregulated in tumor-associated myeloid cells, thus promoting 
immunosuppression in GBM, whereas polyamine metabolism 
blockade enhances antitumor immunity and strengthens 
programmed death 1 (PD-1) immunotherapy efficacy (15). In a 
study using GBM mouse models, tumor-derived polyamine 
metabolite spermidine (SPD) was found to accumulate in the TME, 
promoting protumorigenic characteristics of the immune 
microenvironment primarily by suppressing the quantity and 
function of CD8+ T cells, thereby enhancing tumor invasiveness. 
Reducing expression of ornithine decarboxylase (ODC), the rate-
limiting enzyme in SPD biosynthesis, did not affect in vitro cell 
growth but significantly prolonged survival in tumor-bearing mice 
(16). However, the intrinsic relationship between polyamines and 
glioma immune regulation remains unclear. Herein, we integrated 
polyamine metabolism-related genes (PMRGs) and identified risk 
subtypes for the prediction of outcomes and immunotherapy efficacy 
in patients with glioma using public databases. 
2 Materials and methods 

2.1 Data processing 

Gene expression and clinical data from the TCGA (https:// 
portal.gdc.cancer.gov/) and CGGA (http://www.cgga.org.cn/) 
databases were used in the present study and processed further 
manually using TCGAbiolinks. A total of 1685 patients with glioma 
and 25 non-tumor cases from four eligible datasets (CGGA-693, 
CGGA-325, TCGA-LGG, and TCGA-GBM) were included. We 
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first integrated (CGGA-693 and CGGA-325) into a single dataset 
and (TCGA-LGG and TCGA-GBM) into another, using the R “sva” 
package. Next, the CGGA and TCGA datasets were integrated into 
a single dataset (TCGA+CGGA) using the same package and 
randomly divided equally into a training cohort and an internal 
validation cohort. We had access to each patient’s RNA-sequencing 
(RNA-seq) data and follow-up information. The clinicopathological 
features of the patients are presented in Supplementary Table S1. 
Additionally, two relevant datasets (GSE4412 and GSE43378) were 
retrieved from the GEO database for additional external validation. 
2.2 Patient tissue collection 

Glioma tissue microarray, including 180 adult glioma specimens 
(grades I to IV) and four non-tumor brain tissues were collected from 
Shanghai Zhuoli Biotechnology Co., Ltd. (Shanghai, China) for 
spermine synthase (SMS) protein expression detection (ZL­
XP201402). Six glioma patient tissues and three non-tumor brain 
tissues were also collected for SMS mRNA expression validation. 
Sample information is presented in Supplementary Table S2. 
2.3 Somatic mutations and evaluation of 
copy number variations 

Using the “maftools” package in R, differential analysis was 
performed on the mutations of PMRGs and all genes in different 
groups. The downloaded data were organized, analyzed and 
annotated. The “oncoplot” function was used to visualize the 
calculated gene mutation data, and a waterfall plot was drawn, 
sorted by gene mutation frequency (17). 
2.4 Unsupervised clustering of 37 PMRGs 

Thirty-seven PMRGs (Supplementary Table S3) involved in 
polyamine biosynthesis, transport, and catabolism were selected (6, 
18, 19) for unsupervised clustering using ConsensusClusterPlus on 
merged TCGA+CGGA RNA-seq data (n = 1,685), normalized to 
TPM and batch-corrected with ComBat. Clustering used PAM 
algorithm, 1,000 bootstrap resamples, and Spearman correlation for 
similarity, determining optimal k = 2 via consensus CDF analysis; 
cluster stability was validated with consensus matrices (20–22). 
 

 

2.5 Biological functions of 37 PMRGs 

Unsupervised non-parametric gene set variation analysis 
(GSVA) was used to estimate gene set enrichment variation based 
on 37 PMRG expression profiles. The R “GSVA” package was used 
to calculate the GSVA score for each sample to quantify the 
HALLMARK (h.all.v7.5.1.symbols.gmt),  Kyoto Encyclopedia of
Frontiers in Oncology 03 
Genes and Genomes (KEGG; c2.cp.kegg.v7.5.1.symbols.gmt), and 
Gene Ontology (GO; c5.go.v7.5.1.symbols.gmt)-related pathways 
that were enriched in the samples (23, 24). 
2.6 PMRG-related risk score construction 

Prognostic PMRGs were selected via univariate Cox regression 
(p < 0.05) and LASSO penalized regression, using 10-fold cross-
validation to optimize l, retaining 11 genes for the risk score 
formula (Risk score = S coefficient × expression) (25, 26). 
Survival analysis was performed using the Kaplan–Meier method. 
We compared the ability of the risk score and other clinical 
indicators to evaluate patient prognosis through receiver 
operating characteristic (ROC) curve analysis. After combining 
the risk score with other clinical indicators with good predictive 
ability, we constructed a nomogram to better reflect the clinical 
value of the prediction formula. 
2.7 Tumor immune microenvironment in 
PMRG-related risk subtypes 

Using immune microenvironment-related algorithms, 
including ESTIMATE (immune/stromal scores) and CIBERSORT 
(22 immune cell subsets, 1,000 permutations, and a threshold p 
value of <0.05 was the criterion for the successful computation of a 
sample), the differences between the groups were compared (27). 
The ssGSEA algorithm of GSVA package was used to characterize 
the activity of pathways by calculating the enrichment of collected 
gene lists. And we used the Tracking Tumor Immunophenotype 
portal (TIP, http://biocc.hrbmu.edu.cn/TIP/) to analyze the activity 
of antitumor immune pathway of the Cancer-Immunity Cycle. 
Additionally, the differences in immune checkpoint gene 
expression abundance between the groups were calculated. 
Finally, we evaluated the differences in expression of 27 immune 
checkpoints (e.g., PD-L1, CTLA4) in different groups. 
2.8 Therapeutic sensitivity prediction in 
PMRG-related risk subtypes 

Drug sensitivity analysis was performed using data from the 
Genomics of Drug Sensitivity in Cancer 2 (GDSC2) database 
(https://www.cancerrxgene.org/). The “oncoPredict” R package

was employed to investigate the association between PMRG-

related risk scores and drug sensitivity, which was utilized to 
construct a predictive model linking drug sensitivity to cell line 
expression profiles. Subsequently, the aforementioned model was 
applied to estimate the half-maximal inhibitory concentration 
(IC50) values of chemotherapeutic agents for glioma patients. A 
Wilcoxon rank-sum test was used to assess the statistical 
significance of differences between groups. 
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2.9 Identification of key genes 

To identify highly correlated gene modules from the 
polyamine-related genes (HUB genes), we employed Weighted 
Gene Co-Expression Network Analysis (WGCNA). The R 
“WGCNA” package was used for sample clustering and removal 
of outlier data. The appropriate soft threshold weight value was then 
selected using the “PickSoftThreshold” function, and the 
hierarchical clustering tree of genes was generated. Branch cutting 
was performed using the “Dynamic Tree Cut” package. Finally, we 
estimated the correlation between the module and risk score using 
two indicators, correlation and p-value, extracted the interested 
module gene IDs, calculated the intersection with all polyamine­

related genes, and obtained the module-polyamine-related gene. 
2.10 Immunohistochemistry 

SMS protein levels were detected using IHC, as previously 
described (22). Briefly, deparaffinized slides were rehydrated and 
blocked, and antigen retrieval was performed before incubation with 
the primary SMS antibody (#824889; ZEN-BIOSCIENCE, Chengdu, 
China) overnight at 4°C. An HRP-conjugated secondary antibody was 
then added, and the EnVision Detection Kit (DAKO) was used for 
visualization. Nuclei were stained with hematoxylin. Following this, the 
Visiopharm software (Visiopharm, Hørsholm, Denmark) was used to 
calculate the immunostaining scores. 
2.11 RNA extraction and RT-PCR 

Sangon Biotech (Shanghai, China) provided TRIzol reagent for 
the extraction of total RNA. Thereafter, the first strand cDNA 
synthetic kit (Roche, Basel, Switzerland) was used to synthesize the 
cDNA, as previously described (22). 
2.12 SMS expression based on single-cell 
RNA-seq 

Data (GSE84465, GSE14882, and GSE141460) from the Gene 
Expression Omnibus (GEO) repository were used to analyze 
scRNA-seq. The R “Plot1cell” package was used for cluster 
analysis on the scRNA-seq data. Analysis was performed using 
the R “Seurat” package and functions PCElbowPlot, JackStrawPlot, 
FindAllCluster, DoHeatmap, and RunTSNE. Markers in each 
cluster were filtered using the FindAllMarkers function in Seurat 
and used to annotate cell types. The t-SNE map was generated using 
R packages, including “ggpubr,” “ggthemes,” and “Rtsne.” 
2.13 Statistical analysis 

Statistical analyses were performed in the R statistical 
environment (version 4.2.3, http://www.r-project.org/). Survival 
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curves were analyzed using Kaplan-Meier survival analysis and a 
log-rank test. Univariate and multivariate Cox regression analyses 
were used for prognosis analysis. Correlations were assessed using 
Spearman’s correlation coefficients. For all comparisons, a two-
tailed p value < 0.05 was considered statistically significant. 
3 Results 

Supplementary Figure S1 shows the flowchart for this study. 
3.1 Genetic landscape of PMRGs in glioma 

Thirty-seven PMRGs related to polyamine metabolism were 
selected and their expressions were analyzed according to the WHO 
grade in TCGA cohorts. Most of the selected PMRGs were 
differentially expressed among LGGs (grades II/III), GBMs, and 
non-tumor groups (Figures 1A, B). Although genes related to 
polyamine catabolism, such as SAT1, AOC1, RACK1, and PAOX, 
showed the highest expression in GBM tissues and the lowest 
expression in normal tissues, most of the polyamine biosynthesis­
related genes had remarkably increased expression levels in GBM 
samples, except methylthioadenosine phosphorylase (MTAP), 
AZIN2, AZIN1, SMOX, MTOR, and  MYC. The expression of 
polyamine transport-related genes increased or decreased with the 
increasing degree of malignancy (Figures 1A, B). There was no 
significant difference in TNF expression (p > 0.05, Figure 1B). Thus, 
patients with glioma can be distinguished based on the expression 
of PMRGs. 

In CNVs, a significant region of tumor DNA is either gained or 
lost, which may activate oncogenes or inactivate tumor-suppressor 
genes (28). We calculated frequent alterations in 37 PMRGs, and 
demonstrated the most significant CNV depletions in the MTAP 
gene for GBM and relatively significant CNV amplification in the 
AZIN1, MYC, AOC1, and  CAV1 genes for LGG (Figure 1C). 
Figure 1D shows the chromosome location and mutation 
frequency of 37 PMRGs. PMRG mutations were detected in 60 of 
the 870 samples (mutation rate 6.9%; Figure 1E). MTOR had the 
highest mutation frequency, while mutation frequencies for other 
PMRGs ranged between 0 and 1% (Figure 1E). Activating somatic 
MTOR mutations have been identified recently in human cancers 
(29). The top 20 PMRG mutations more frequently occurred in 
GBM than in LGG (Figure 1E). Additionally, PMRG mutation co-
occurrence was more frequently observed in gliomas (Figure 1F). 
Overall, these results suggest that PMRG variation and mRNA 
expression patterns differ between gliomas of different grades. 
3.2 Evaluation of prognosis and immune 
infiltrating patterns with distinct PMRG 
clusters 

PMRGs in the TCGA+CGGA cohort were examined for 
interactions, connections, prognostic impact, and biological 
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functions. Figure 2A shows interactions among the three PMRG 
groups (biosynthesis, metabolism, and polyamine transport). 
Prognostically favorable PMRGs were considerably negatively 
correlated with unfavorable PMRGs; for example, the favorable 
MTAP gene had a negative correlation with the unfavorable genes 
SLC47A1, GPC1, SMS, and SRM. The unfavorable prognostic gene 
HIF1A was negatively correlated with the favorable prognostic 
genes PAOX and ATP13A2 (Figure 2A). Cluster analysis based on 
Frontiers in Oncology 05 
PMRG expression patterns revealed two phenotypes, polyamine 
clusters A and B (Figure 2B), with cluster A having a better 
prognosis than cluster B, regardless of cancer grade (Figure 2C). 
The generated heatmap showed that the two clusters exhibited 
different expression patterns (Figure 2D). 

Next, the biological functions between the two polyamine 
clusters were analyzed. HALLMARK and KEGG analyses revealed 
that patients in cluster B exhibited an enrichment of multiple 
FIGURE 1 

Genetic landscape of PMRGs in the TCGA glioma cohort. (A) Differential expression of 37 PMRGs across glioma grades (WHO II–IV) and normal brain 
tissues (n = 5 normal, n = 667 glioma samples). Heatmaps show log2(TPM + 1) expression; color scale ranges from low (blue) to high (red). 
(B) Differential expression of 37 PMRGs in normal brain tissues, low-grade gliomas (LGG) and GBM; Kruskal-Wallis test, *p <0.05, **p <0.01, 
***p <0.001. (C) Copy number variation (CNV) status of 37 PMRGs, including gain (red) and loss (blue). (D) The location of CNVs in chromosomes. 
(E) Somatic mutation profiles of PMRGs in gliomas (n = 870 samples), showing mutation frequency (%) and annotations. (F) Co-occurrence analysis 
of PMRG mutations using Fisher’s exact test (adjusted p < 0.05). 
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immune activation pathways, including TNF-alpha signaling via 
NF-kB, IL-6/JAK/STAT3 signaling, inflammatory response, 
interferon-gamma response, TGF-beta signaling, and cytokine– 
cytokine receptor interaction (Figure 2E; Supplementary Figure 
S2A). GO analysis revealed positive regulation of the production 
of molecular mediators of the immune response, myeloid leukocyte 
Frontiers in Oncology 06
differentiation, cytokine production, and adaptive immune 
response in patients with cluster B gliomas (Figure 2F). Since 
polyamine metabolism is involved in remodeling immune 
responses in TME (30), we used bioinformatics to explore 
whether it  is correlated with glioma immunity. Analysis of 
immune cell-infiltration characteristics for clusters A and B 
FIGURE 2 

Evaluation of prognosis and biological functions based on PMRG clusters in integrated TCGA+CGGA dataset (n = 1,685 patients). (A) Interactions 
between PMRGs. P-values for prognosis are represented by circle size. Green color represents favorable prognostic factors, and purple color, risk 
factors. Line thickness indicates correlation strength between PMRGs. Negative and positive correlations are marked in blue and red, respectively. 
(B) Consensus clustering matrix for glioma samples (k = 2) using ConsensusClusterPlus. (C) Kaplan-Meier curves for overall survival (OS) between 
PMRG clusters (Cluster A vs. Cluster B); log-rank test, p < 0.001. (D) Differential PMRG expression between cluster. (E, F) HALLMARK and Gene 
Ontology signature enrichment between PMRG clusters. (G) Immune cell infiltration profiles (23 cell types) between clusters, estimated by ssGSEA; 
Wilcoxon test, ***p <0.001. 
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(Figure 2G) showed significant immune cell infiltration for most 
immune cells in cluster B, except for CD56dim natural killer cells 
and monocytes. However, immune capacity was not necessarily 
enhanced owing to the presence of suppressive factors in the TME 
(31, 32). Hence, we performed cancer-immunity cycle analysis and 
observed that various steps in the cycle, including the release of 
cancer cell antigens (step 1), immune cell recruitment (step 4; 
except for Th17 and B cell recruitment), and recognition of cancer 
cells by T cells (step 6), were upregulated in cluster B 
(Supplementary Figure S2B). Cancer antigen presentation (step 2) 
and priming and activation (step 3) were upregulated in cluster A 
(Supplementary Figure S2B). Importantly, the killing of cancer cells 
was  weaker  in cluster  B than in cluster  A  (Supplementary 
Figure S2B). 
 

 
 

3.3 Construction of the PMRG-related risk 
score 

To accurately group patients with glioma according to 
prognosis, a risk score was computed using Cox regression and 
LASSO analyses, and risk score-related genes were identified 
(Supplementary Figures S3A, B). Eleven of the 37 PMRGs were 
classified as risk score-related (CAV1, SMS, SLC47A1, ornithine 
decarboxylase 1 [ODC1], MTOR, GPC1, IL10, AMD1, AOC1, 
MTAP, and SLC18B). Four genes (CAV1, GPC1, SLC47A1, and 
SLC18B1) were related to polyamine transport, one (AOC1) to

catabolism, and the other six genes were related to polyamine 
biosynthesis. Prognostic performance was assessed using a 
polyamine-related prognostic signature. A prediction model was 
built by combining the expression levels of these 11 prognostic 
genes, and the patients were divided into high- and low-risk groups 
according to the following formula: 

Risk score = (0.0894 * CAV1) + (0.2297 * IL10) + (0.2444 * SMS) 
+ (0.1675 * AMD1) + (0.1216* GPC1) + (0.4173 * SLC47A1) +

(0.5484 * AOC1) + (0.2502 * ODC1) + (-0.1095 * SLC18B1) +

(-0.1740 * MTAP) + (0.3995 * MTOR). 
To further identify the effects of PMRGs on patients with 

glioma based on risk scores, Sankey plots were used to visualize 
polyamine cluster distributions, PMRG-related risk scores, and 
patient status. Most patients in polyamine cluster A had low risk 
scores and good prognoses (Figure 3A). PMRG-related risk scores 
showed good predictive power (Figure 3B). The PMRG-related risk 
score was also analyzed in the TCGA+CGGA cohort in relation to 
polyamine clusters, pathological grade, isocitrate dehydrogenase 
(IDH) status, 1p/19q codeletion, MGMT methylation, age, 
gender, and polygenic risk score type. Interestingly, patients with 
grade IV glioma, wild-type IDH, no co-deletion of 1p/19q, and 
older (>41 years) had a high-risk score in all three datasets, 
indicating that a high-risk score was likely to predict malignancy 
(Figure 3C; Supplementary Figures S3C–H). Regarding the 
prognostic value of distinct risk-score groups, patients in the 
TCGA+CGGA cohort with high-risk gliomas, regardless of grade, 
had poor prognoses (Figure 3D). A plot of the 37 PMRG expression 
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levels in the distinct risk-score groups is shown in Figure 3E. Based 
on variable (gender, age, risk score, and disease stage) values, a 
nomogram was designed to predict overall survival (Figure 3F). A 
risk score-based expression analysis of these 11 genes is illustrated 
in Figure 3G. Moreover, we evaluated the prognostic classification 
performance of the risk score in the TCGA internal validation 
cohort and two independent datasets, GSE4412 and GSE43378 
(Supplementary Figure S4). It is evident that the model shows 
high robustness and accuracy. Overall, patients with glioma can be 
classified into distinct risk subtypes based on PMRG expression. 
3.4 Assessment of immune 
characterization with PMRG-related risk 
score 

Immune characterization was performed using the integrated 
TCGA+CGGA dataset according to different PMRG-related risk 
groups. An association was identified between PMRG-related risk 
and immune score (R = 0.49; Figure 4A). By combining the two 
datasets, a strong correlation was found between the PMRG-related 
risk score and M0 macrophages (R = 0.33), M2 macrophages (R = 
0.29), monocytes (R = -0.29), and memory B cells (R = -0.26; 
Supplementary Figure S5A). Supplementary Figure S5B shows that 
immune cell infiltration is associated with each risk gene. The high-
risk groups exhibited significantly high expression of CAV1, SMS, 
and SLC47A1, which were positively correlated with M2 and M0 
macrophages, neutrophils, CD8 T cells, and gamma delta T cells, 
and negatively correlated with activated mast cells, monocytes, CD4 
memory resting T cells, and CD4 naïve T cells. Conversely, the low-
risk groups had high levels of MTAP and SLC18B1, which were 
positively associated with monocytes and memory resting T cells 
and negatively associated with M0 macrophages. Additionally, 
analysis of cancer-immunity cycles showed increased release of 
cancer cell antigens (step 1) and immune cell recruitment (step 4), 
and decreased release of cancer antigen presentation (step 2), 
priming and activation (step 3), and killing of cancer cells (step 7; 
Figure 4B) in the high-risk groups. 

Subsequently, assessment of the tumor mutation burden (TMB) 
in TCGA cohorts revealed that patients with high-risk scores had 
higher TMB than those with low-risk scores (R = 0.53; Figure 4C). 
Cancers with high TMB are more likely to activate the immune 
system than those with low TMB (33). However, a high TMB is not 
a reliable predictor of immune checkpoint blockade (ICB) 
responses across all cancer types (34). We also evaluated somatic 
mutations associated with the top 20 most frequently mutated 
driver genes and found that low-risk individuals were more likely 
to carry IDH1, CIC, and  FUBP1 mutations, while high-risk 
individuals were more likely to carry TTN, PTEN, and  EGFR 
mutations (Figure 4D). 

TMB is a potential biomarker for identifying patients with cancer 
who may benefit from ICB. Thus, we examined 27 immune 
checkpoints, including the B7-CD28 and TNF superfamilies, in the 
TCGA+CGGA dataset. Most immune checkpoint molecules, such as 
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CD274 (PD-L1), PDCD1 (PD-1), and TNFSF14, were highly

expressed in the high-risk group (Figure 5A). Figures 5B–D depicts 
the correlation between each family, with PMRG-related risk scores 
positively correlating with CD276 (R = 0.644), CD274 (R = 0.47), 
PDCD1LG2 (R = 0.558), and TNFSF14 (R = 0.493) expression 
(Figure 5E). Overall, the high-risk PMRG subgroup is associated 
with greater immunosuppression in patients with glioma due to high 
M2 macrophage infiltration of and high expression of immune 
checkpoint molecules. 
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3.5 Assessment of chemotherapy efficacy 
based on PMRG-related risk score 

Due to the unsatisfactory efficacy of immunotherapy in patients 
with brain tumors, we analyzed chemotherapy efficacy based on the 
PMRG-related risk score to explore the potential of drug 
combinations. To determine whether the risk score could predict 
clinical therapeutic efficacy in gliomas, we assessed the sensitivity of 
several agents from the Cancer Therapeutics Response Portal (CTRP) 
FIGURE 3 

Development of the PMRG-related risk score in the integrated TCGA+CGGA dataset. (A) Sankey diagram illustrating distributions of PMRG clusters 
(A, B), risk score tertiles (low/high), and patient statuses (alive/dead). (B) Time-dependent receiver operating characteristic (ROC) curve for OS 
prediction at 1/3/5 years; area under curve (AUC) = 0.780/0.837/0.839. (C) Risk score distribution across PMRG clusters (Wilcoxon test) and glioma 
stages (WHO II–IV; Kruskal-Wallis text). (D) Kaplan-Meier curves for risk subtypes (low vs. high); log-rank test, p < 0.001. (E) Differential expression of 
PMRGs between risk subtypes; Wilcoxon test, ***p <0.001. (F) Nomogram integrating age, WHO grade, risk score, etc. to predict 1, 3, 5-year OS 
probability; calibration curve (inset) shows agreement between predicted and observed survival. (G) Expression heatmap of 11 prognostic genes 
ordered by increasing risk score. 
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in the TCGA+CGGA dataset using the alkylating agent, 
temozolomide (TMZ) (35), as a control standard. Chemotherapies 
were screened based on criteria, including drug sensitivity correlation 
with risk score, differential drug sensitivity between high- and low-
risk score groups, and log2FC value. The top eight therapeutic drugs 
were more effective than TMZ, with four drugs (dasatinib, PLX-4720, 
zebularine, and TGX-221) more sensitive in high-risk subtypes and 
four (SRT-1720, SB-525334, BMS-754807, and austocysin D) in low-
risk subtypes (Figures 6A, B). These findings suggest that ICB in 
combination with these chemotherapeutic drugs may be a promising 
treatment for patients with glioma. While our computational analysis 
establishes a robust association between PMRG risk scores and 
chemotherapeutic sensitivity, experimental validation of these 
predictions, such as drug response assays in glioma cell lines or 
xenograft models, represents an important avenue for future research. 
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3.6 The SMS gene was identified as a 
prognostic key factor 

To identify genes that correlate most strongly with PMRG-

related risk scores, we built a gene co-expression network using 
WGCNA. We constructed a scale-free co-expression network with 
eight soft thresholds (Figure 7A), and 22 modules were established 
(Figure 7B). Figure 7C shows that the risk score was most positively 
correlated with the brown module. By crossing the 11 prognostic 
genes with the brown module genes, we identified SMS as the most 
significant prognostic gene (Figure 7D). 

Based on our analysis in human glioma tissues and the TCGA 
+CGGA dataset, SMS protein and mRNA expression were higher in 
tumor than in non-tumor tissues and positively correlated with 
tumor grades (Figure 8A). Moreover, SMS protein expression was 
FIGURE 4 

Evaluation of immune cell infiltration and tumor mutation burden based on PMRG-related risk subtypes. (A) Immune scores (ESTIMATE algorithm) 
between low- and high-risk subtypes; Wilcoxon test (p-values shown). Correlation between risk score and immune scores; Pearson test (Cor and p-
values shown). (B) Difference between low- and high-risk groups at distinct stages of the cancer-immune cycle; Wilcoxon test, *p <0.05, **p <0.01, 
***p <0.001. (C) TMB comparison between risk subtypes; Wilcoxon test (p-values shown). Correlation between risk score and TMB; Pearson test 
(Cor and p-values shown). (D) Top 20 most frequently mutated genes in low- and high-risk subtypes (n = 622 TCGA samples), with mutation 
frequencies (%) indicated. 
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slightly higher in older groups (>41 years), but the difference was 
not significant (Figure 8B). SMS protein expression showed no 
significant changes according to sex (Figure 8C) and in primary 
recurrence samples (Figure 8D). SMS mRNA expression, verified in 
glioma tissues (Figure 8E) and datasets (Figure 8F), was higher in 
tumor than in non-tumor tissues and positively correlated with 
tumor grades. The prognostic analysis to evaluate the significance of 
SMS in glioma tumors (Figures 8G, H) showed that patients with 
higher SMS expression had a poorer prognosis, regardless of tumor 
grade. In addition, three single-cell transcriptome datasets 
(GSE84465, GSE141460, GSE148842) were selected to better 
study the impact of SMS gene expression on the TME. As shown 
in Figures 9A–C, SMS was expressed in almost all cell types, 
including tumor cells, neurons, monocytes/macrophages, 
Frontiers in Oncology 10 
astrocytes, oligodendrocytes, and CD8 T cells, suggesting that 
SMS may affect TME. These findings indicate that SMS 
overexpression may play an important role in glioma progression, 
particularly in the formation of an immunosuppressive 
microenvironment, providing insight into immunotherapeutic 
strategies for glioma. 
4 Discussion 

Gliomas comprise >70% of malignant primary brain tumors in 
adults, with GBM being the most common and aggressive, having a 
five-year survival rate of 4.7% (36, 37). Although tremendous effort 
has been made to improve therapeutic approaches for gliomas, 
FIGURE 5 

Evaluation of immune checkpoints based on PMRG-related risk subtypes. (A) Different expression of immune checkpoints between PMRG-
associated risk subtypes. (B–D) Correlation between immune checkpoint members of the TNF superfamily (B), the B7-CD28 superfamily (C), and 
others (D). (E) Correlation between specific immune checkpoint members and risk scores; Pearson test (Cor and p-values shown). 
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resection and radio/chemotherapy remain the standard of care (38). 
The TME, which contains various non-cancer cell types, limits 
glioma therapy (39). Immunotherapy has shown positive responses 
in various solid tumors, but patients with glioma are highly resistant 
to ICB therapies (40, 41). Therefore, improving the efficacy of 
immunotherapy for gliomas with highly immunosuppressive TMEs 
is urgent. 

Polyamines, which are widely present in mammalian cells, 
create a tumor-permissive microenvironment (6, 14, 42, 43). 
Polyamines regulate the anti-tumor immune response, leading to 
Frontiers in Oncology 11 
the development of immunologically ‘‘cold’’ tumors that do not 
respond to ICB (30). However, excessive polyamine metabolism 
and elevated spermine and spermidine levels in malignant tumors 
have been associated with immunosuppressive phenotypes. 
Polyamines are essential for supporting the growth and 
metabolism of cells that display immunosuppressive phenotypes 
(44–46). For instance, polyamines suppress lymphocyte 
proliferation, reduce neutrophil locomotion and NK cell activity, 
and reprogram macrophages from pro-inflammatory M1 to anti-
inflammatory M2 phenotypes (30). Myeloid-derived suppressor 
FIGURE 6
 

Evaluation of therapeutic efficacy based on PMRG-related risk subtypes. (A) Drug sensitivity of 9 chemotherapy agents between risk subtypes,
 
estimated by pRRophetic; Wilcoxon test, ***p <0.001. (B) Correlation between agents and risk scores; Pearson test, (Cor and p-values shown).
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cells and dendritic cells also rely on polyamine metabolism to 
activate their suppressive activities (47). Thus, polyamine­

targeting may enhance ICB efficacy by alleviating the effects of 
immunosuppressive TMEs. We conducted a comprehensive 
analysis of PMRGs within the glioma microenvironment to 
provide promising therapeutic intervention strategies. 

Analysis of the expression patterns of 37 PMRGs in glioma 
tumors, revealed that different grades of gliomas could be 
distinguished from normal cases based on PMRG expression. 
Evaluation of CNV of PMRGs in glioma tumors identified 
significant depletion in MTAP. Protein arginine methyltransferase 
5 (PRMT5) is inhibited by high levels of MTA, rendering PRMT5­

deficient cells more susceptible to PRMT5 inhibitors (48). MTAP is 
essential in polyamine biosynthesis and catalyzes the conversion of 
MTA to methionine and adenine. Homozygous deletion of MTAP 
Frontiers in Oncology 12 
is one of the most frequent genetic alterations in GBM. MTAP 
deficiency leads to epigenetic reprogramming, promotes the 
formation of glioma stem-like cells, increases PROM1/CD133 
expression and tumor incidence, and is associated with poor 
patient prognosis (49). 

Predictions for patients with gliomas could be obtained using 
the 37 PMRG signatures. Patients in polyamine metabolism cluster 
A had a better prognosis than those in cluster B, suggesting that 
PMRG signatures are good predictors of gliomas. Analysis of 
biological functions based on the polyamine clusters showed that 
most processes were related to the immune response. Patients in 
cluster B showed a high infiltration of most immune cells; however, 
the killing of cancer cells was weaker in cluster B than in cluster A. 
This may be due to the production of immunosuppressive factors 
and/or high levels of immune checkpoints in the TME (20). 
FIGURE 7 

Identification of key PMRG via weighted gene co-expression network analysis (WGCNA). (A) Scale-free topology validation for co-expression 
network construction (soft-thresholding power b = 8). (B) Dendrogram of 22 gene modules (average linkage hierarchical clustering) in the glioma 
transcriptome. (C) Module-trait correlation for risk score; color = Pearson correlation coefficient (cor), text = p-value. (D) Scatter plot of the brown 
module membership vs. gene significance; Pearson test, (Cor and p-values shown). 
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We constructed a prognostic signature based on 11 polyamine­

related genes and divided patients into PMRG-related high- and 
low-risk groups. Among the identified genes, AOC1 encodes a 
copper-containing amine oxidase that catalyzes the deamination 
of polyamines to produce reactive oxygen species (50), AOC1 is 
highly expressed and contributes to tumor progression in various 
tumors, including gastric, prostate, and colorectal cancers, by 
promoting the AKT, EMT, and JAK/STAT3 signaling pathways 
(50–53). However, the effect of AOC1 on glioma progression 
remains unclear. SLC47A1, GPC1, CAV1, and  SLC18B1 are 
involved in polyamine transport; however, only CAV1 has been 
extensively studied in gliomas and is involved in stemness and 
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temozolomide resistance (54). Among other polyamine 
biosynthesis-related genes, ODC1, the rate-limiting enzyme in 
polyamine synthesis, is critically associated with the oncogenesis 
of diffuse intrinsic pontine glioma and neuroblastoma and is 
therefore a potential therapeutic target (14, 55). 

Immune cell infiltration analysis showed that these 11 genes 
were negatively related to memory B and activated NK cells and 
positively associated with M2 macrophages and regulatory T cells, 
which explains why PMRGs promote an immunosuppressive 
microenvironment. According to the cancer-immunity cycle 
analysis, high-risk individuals had a significant reduction in their 
ability to kill tumor cells. These results are consistent with those in 
FIGURE 8 

Validation of spermine synthase (SMS) in gliomas. (A) SMS protein expression in human tissues; Kruskal-Wallis test (p-values shown). (B–D) SMS 
protein levels stratified by age (≤41 vs. >41 years), gender (male vs. female), and tumor status (primary vs. recurrent); Wilcoxon test (p-values shown). 
(E) SMS mRNA expression in normal (n = 3) and glioma (n = 6) tissues; Wilcoxon test (p-values shown). (F) SMS mRNA across glioma grades (WHO 
I–IV) in the integrated dataset; Kruskal-Wallis test (p-values shown). (G, H) Kaplan–Meier curves showing overall survival differences between high-
and low-SMS expression groups in the integrated dataset; log-rank test, p < 0.001 for all. 
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published literature (56). Analysis of immune checkpoint molecules 
showed that the expression levels of CD276, PD-L1, PD-1, TNFSF14, 
and IDO1 were upregulated as the PMRG-related risk score 
increased. However, the relationship between polyamine 
metabolism and immune checkpoints has not yet been elucidated. 

Among adverse prognostic regulators, SMS overexpression in 
gliomas was related to poor prognosis. Overexpression of SMS in 
Frontiers in Oncology 14 
liver, head and neck, and colon cancers has been associated with a 
poor prognosis; however, the underlying mechanism remains to be 
elucidated (57–59). scRNA-seq analysis showed that SMS was 
expressed in all cell types in TME, indicating the importance of 
SMS in polyamine metabolism. Nevertheless, the potential role 
of SMS in glioma development and progression requires 
further investigation. 
FIGURE 9
 

SMS expression based on single cell RNA sequencing. (A–C). Uniform Manifold Approximation and Projection (UMAP) plots from three datasets
 
(GSE84465, GSE14882, GSE141460), annotated by cell types (top panels) and SMS expression (red = positive, gray = negative; intermediate panels).
 
Bottom panels: statistical summaries of SMS positive cell proportions per cell type; Kruskal-Wallis test, *p <0.05, **p <0.01, ***p <0.001.
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SUPPLEMENTARY FIGURE 1 

Flowchart of the study. Data of 1710 samples from TCGA and CGGA cohorts 
were integrated, and variations in PMRGs were explored. Patients with glioma 
were divided into two clusters according to their PMRG-expression profile. 
Differences in prognosis and biological functions were investigated. To 
screen the most prognostic-related genes, univariate Cox regression and 
LASSO analysis were performed, and the patients were divided into PMRG-
related risk subtypes. Immune landscapes, including tumor mutation burden, 
immune cell infiltration, cancer-immunity cycle, immune checkpoint 
expression, and sensitivity to therapies, were tested in distinct risk subtypes. 
Key PMRGs that associated with prognosis in glioma tumors were identified 
and validated in published datasets and human tissues. 

SUPPLEMENTARY FIGURE 2 

Evaluation of biological functions based on PMRG clusters in integrated TCGA 
+CGGA dataset. (A) KEGG signature enrichment between PMRG clusters. (B) 
Correlation between the PMRG clusters and cancer immunity cycles. 

SUPPLEMENTARY FIGURE 3 

(A, B) LASSO coefficient profiles of the 37 PMRGs. (C–H) The risk score for 
glioma patients based on their ages (C), gender (D), PRS types (E), MGMT 
methylation status (F), 1p19q codeletion status (G) and IDH mutation 
status (H). 

SUPPLEMENTARY FIGURE 4 

Validation of the PMRG-related risk score in different cohorts. (A–C) ROC 
curves of the risk scores in the TCGA validation set, GSE4412, and GSE43378; 
(D–F) Kaplan–Meier curves of PMRG-related risk groups in the TCGA 
validation set, GSE4412, and GSE43378; (G–I) Risk score scatter plots of the 
TCGA validation set, GSE4412, and GSE43378. 

SUPPLEMENTARY FIGURE 5 

Evaluation of immune cell infiltration based on PMRG-related risk subtypes. 
(A) Correlation matrix of 22 immune cell infiltrates with risk scores. (B) 
Association of five key PMRGs with immune cell infiltration. 
frontiersin.org 

https://www.frontiersin.org/articles/10.3389/fonc.2025.1517557/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2025.1517557/full#supplementary-material
https://doi.org/10.3389/fonc.2025.1517557
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Zhao et al. 10.3389/fonc.2025.1517557 
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. Louis DN, Perry A, Wesseling P, Brat DJ, Cree IA, Figarella-Branger D, et al. The 
2021 WHO classification of tumors of the central nervous system: a summary. Neuro 
Oncol. (2021) 23:1231–51. doi: 10.1093/neuonc/noab106 

3. Horbinski C, Berger T, Packer RJ, Wen PY. Clinical implications of the 2021 
edition of the WHO classification of central nervous system tumours. Nat Rev Neurol. 
(2022) 18:515–29. doi: 10.1038/s41582-022-00679-w 

4. Luo L, Guan X, Begum G, Ding D, Gayden J, Hasan MN, et al. Blockade of cell 
volume regulatory protein NKCC1 increases TMZ-induced glioma apoptosis and 
reduces astrogliosis. Mol Cancer Ther. (2020) 19:1550–61. doi: 10.1158/1535­
7163.MCT-19-0910 

5. Tomaszewski W, Sanchez-Perez L, Gajewski TF, Sampson JH. Brain tumor 
microenvironment and host state: implications for immunotherapy. Clin Cancer Res. 
(2019) 25:4202–10. doi: 10.1158/1078-0432.CCR-18-1627 

6. Holbert CE, Cullen MT, Casero RA Jr., 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 

7. Hesterberg RS, Cleveland JL, Epling-Burnette PK. Role of polyamines in immune 
cell functions. Med Sci (Basel). (2018) 6(1):22. doi: 10.3390/medsci6010022 

8. Pegg AE. Mammalian polyamine metabolism and function. IUBMB Life. (2009) 
61:880–94. doi: 10.1002/iub.230 

9. Wallace HM. The physiological role of the polyamines. Eur J Clin Invest. (2000) 
30:1–3. doi: 10.1046/j.1365-2362.2000.00585.x 

10. Guan F, Kang Z, Zhang JT, Xue NN, Yin H, Wang L, et al. KLF7 promotes 
polyamine biosynthesis and glioma development through transcriptionally activating 
ASL. Biochem Biophys Res Commun. (2019) 514:51–7. doi: 10.1016/j.bbrc.2019.04.120 

11. Brett-Morris A, Wright BM, Seo Y, Pasupuleti V, Zhang J, Lu J, et al. The 
polyamine catabolic enzyme SAT1 modulates tumorigenesis and radiation response in 
GBM. Cancer Res. (2014) 74:6925–34. doi: 10.1158/0008-5472.CAN-14-1249 

12. Ernestus RI, Rohn G, Schroder R, Els T, Klekner A, Paschen W, et al. Polyamine 
metabolism in brain tumours: diagnostic relevance of quantitative biochemistry. J 
Neurol Neurosurg Psychiatry. (2001) 71:88–92. doi: 10.1136/jnnp.71.1.88 

13. Rohn G, Els T, Hell K, Ernestus RI. Regional distribution of ornithine 
decarboxylase activity and polyamine levels in experimental cat brain tumors. 
Neurochem Int. (2001) 39:135–40. doi: 10.1016/s0197-0186(01)00011-0 

14. Khan A, Gamble LD, Upton DH, Ung C, Yu DMT, Ehteda A, et al. Dual 
targeting of polyamine synthesis and uptake in diffuse intrinsic pontine gliomas. Nat 
Commun. (2021) 12:971. doi: 10.1038/s41467-021-20896-z 

15. Miska J, Rashidi A, Lee-Chang C, Gao P, Lopez-Rosas A, Zhang P, et al. 
Polyamines drive myeloid cell survival by buffering intracellular pH to promote 
immunosuppression in glioblastoma. Sci Adv. (2021) 7(8):eabc8929. doi: 10.1126/ 
sciadv.abc8929 

16. 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 

17. Goldman MJ, Craft B, Hastie M, Repecka K, McDade F, Kamath A, et al. 
Visualizing and interpreting cancer genomics data via the Xena platform. Nat 
Biotechnol. (2020) 38:675–8. doi: 10.1038/s41587-020-0546-8 

18. Li J, Meng Y, Wu X, Sun Y. Polyamines and related signaling pathways in cancer. 
Cancer Cell Int. (2020) 20:539. doi: 10.1186/s12935-020-01545-9 

19. Moriyama Y, Hatano R, Moriyama S, Uehara S. Vesicular polyamine transporter 
as a novel player in amine-mediated chemical transmission. Biochim Biophys Acta 
Biomembr. (2020) 1862:183208. doi: 10.1016/j.bbamem.2020.183208 

20. Wan RJ, Peng W, Xia QX, Zhou HH, Mao XY. Ferroptosis-related gene 
signature predicts prognosis and immunotherapy in glioma. CNS Neurosci Ther. 
(2021) 27:973–86. doi: 10.1111/cns.13654 

21. Zhang HC, Deng SH, Pi YN, Guo JN, Xi H, Shi X, et al. Identification and 
validation in a novel quantification system of ferroptosis patterns for the prediction of 
prognosis and immunotherapy response in left- and right-sided colon cancer. Front 
Immunol. (2022) 13:855849. doi: 10.3389/fimmu.2022.855849 

22. Liu A, Li F, Wang B, Yang L, Xing H, Su C, et al. Prognostic and immunological 
significance of calcium-related gene signatures in renal clear cell carcinoma. Front 
Pharmacol. (2022) 13:1055841. doi: 10.3389/fphar.2022.1055841 

23. Li F, Qi B, Yang L, Wang B, Gao L, Zhao M, et al. CHI3L1 predicted in 
Malignant entities is associated with glioblastoma immune microenvironment. Clin 
Immunol. (2022) 245:109158. doi: 10.1016/j.clim.2022.109158 

24. Hanzelmann S, Castelo R, 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 
Frontiers in Oncology 16 
25. Nagashima K, Sato Y. Information criteria for Firth’s penalized partial likelihood 
approach in Cox regression models. Stat Med. (2017) 36:3422–36. doi: 10.1002/ 
sim.7368 

26. Tibshirani R. The lasso method for variable selection in the Cox model. Stat Med. 
(1997) 16:385–95. doi: 10.1002/(sici)1097-0258(19970228)16:4<385::aid­
sim380>3.0.co;2-3 

27. Yin X, Wang Z, Wang J, Xu Y, Kong W, Zhang J. Development of a novel gene 
signature to predict prognosis and response to PD-1 blockade in clear cell renal cell 
c a r c i noma .  Onco immuno l o g y  .  ( 2 021 )  10 : 1 933 332 .  do i :  10 . 1 08 0 /  
2162402X.2021.1933332 

28. Beroukhim R, Mermel CH, Porter D, Wei G, Raychaudhuri S, Donovan J, et al. 
The landscape of somatic copy-number alteration across human cancers. Nature. 
(2010) 463:899–905. doi: 10.1038/nature08822 

29. Murugan AK. mTOR: Role in cancer, metastasis and drug resistance. Semin 
Cancer Biol. (2019) 59:92–111. doi: 10.1016/j.semcancer.2019.07.003 

30. Lian J, Liang Y, Zhang H, Lan M, Ye Z, Lin Bv , et al. The role of polyamine 
metabolism in remodeling immune responses and blocking therapy within the tumor 
immune microenvironment. Front Immunol. (2022) 13:912279. doi: 10.3389/ 
fimmu.2022.912279 

31. Chen DS, Mellman I. Oncology meets immunology: the cancer-immunity cycle. 
Immunity. (2013) 39:1–10. doi: 10.1016/j.immuni.2013.07.012 

32. Xu L, Deng C, Pang B, Zhang X, Liu W, Liao G, et al. TIP: A web server for 
resolving tumor immunophenotype profiling. Cancer Res. (2018) 78:6575–80. 
doi: 10.1158/0008-5472.CAN-18-0689 

33. Fusco MJ, West HJ, Walko CM. Tumor mutation burden and cancer treatment. 
JAMA Oncol. (2021) 7:316. doi: 10.1001/jamaoncol.2020.6371 

34. McGrail DJ, Pilie PG, Rashid NU, Voorwerk L, Slagter M, Kok M, et al. High 
tumor mutation burden fails to predict immune checkpoint blockade response across 
all cancer types. Ann Oncol. (2021) 32:661–72. doi: 10.1016/j.annonc.2021.02.006 

35. Tomar MS, Kumar A, Srivastava C, Shrivastava A. Elucidating the mechanisms 
of Temozolomide resistance in gliomas and the strategies to overcome the resistance. 
Biochim  Biophys  Acta  Rev  Cancer .  (2021)  1876:188616.  doi:  10.1016/  
j.bbcan.2021.188616 

36. Ostrom QT, Gittleman H, Xu J, Kromer C, Wolinsky Y, Kruchko C, et al. 
CBTRUS statistical report: primary brain and other central nervous system tumors 
diagnosed in the United States in 2009-2013. Neuro Oncol. (2016) 18:v1–v75. 
doi: 10.1093/neuonc/now207 

37. Gusyatiner O, Hegi ME. Glioma epigenetics: From subclassification to novel 
treatment  options.  Semin  Cancer  Biol .  (2018)  51:50–8.  doi:  10.1016/  
j.semcancer.2017.11.010 

38. Bunse L, Bunse T, Kramer C, Chih YC, Platten M. Clinical and translational 
advances in glioma immunotherapy. Neurotherapeutics. (2022) 19:1799–817. 
doi: 10.1007/s13311-022-01313-9 

39. Zheng Z, Zhang J, Jiang J, He Y, Zhang W, Mo X, et al. Remodeling tumor 
immune microenvironment (TIME) for glioma therapy using multi-targeting 
liposomal codelivery. J Immunother Cancer. (2020) 8(2):e000207. doi: 10.1136/jitc­
2019-000207 

40. Reardon DA, Brandes AA, Omuro A, Mulholland P, Lim M, Wick A, et al. Effect 
of nivolumab vs bevacizumab in patients with recurrent glioblastoma: the checkMate 
143 phase 3 randomized clinical trial. JAMA Oncol. (2020) 6:1003–10. doi: 10.1001/ 
jamaoncol.2020.1024 

41. Liu T, Zhu C, Chen X, Guan G, Zou C, Shen S, et al. Ferroptosis, as the most 
enriched programmed cell death process in glioma, induces immunosuppression and 
immunotherapy resistance. Neuro Oncol. (2022) 24:1113–25. doi: 10.1093/neuonc/ 
noac033 
42. Islam A, Shaukat Z, Hussain R, Gregory SL. One-carbon and polyamine 

metabolism as cancer therapy targets. Biomolecules. (2022) 12(12):1902. doi: 10.3390/ 
biom12121902 
43. Li L, Mao Y, Zhao L, Li L, Wu J, Zhao M, et al. p53 regulation of ammonia 

metabolism through urea cycle controls polyamine biosynthesis. Nature. (2019) 
567:253–6. doi: 10.1038/s41586-019-0996-7 

44. Youn JI, Collazo M, Shalova IN, Biswas SK, Gabrilovich DI. Characterization of 
the nature of granulocytic myeloid-derived suppressor cells in tumor-bearing mice. J 
Leukoc Biol. (2012) 91:167–81. doi: 10.1189/jlb.0311177 

45. Geiger R, Rieckmann JC, Wolf T, Basso C, Feng Y, Fuhrer T, et al. L-arginine 
modulates T cell metabolism and enhances survival and anti-tumor activity. Cell. 
(2016) 167:829–842 e813. doi: 10.1016/j.cell.2016.09.031 

46. Verbist KC, Guy CS, Milasta S, Liedmann S, Kaminski MM, Wang R, et al. 
Metabolic maintenance of cell asymmetry following division in activated T 
lymphocytes. Nature. (2016) 532:389–93. doi: 10.1038/nature17442 

47. Latour YL, Gobert AP, Wilson KT. The role of polyamines in the regulation of 
macrophage polarization and function. Amino Acids. (2020) 52:151–60. doi: 10.1007/ 
s00726-019-02719-0 
frontiersin.org 

https://doi.org/10.3322/caac.21660
https://doi.org/10.3322/caac.21660
https://doi.org/10.1093/neuonc/noab106
https://doi.org/10.1038/s41582-022-00679-w
https://doi.org/10.1158/1535-7163.MCT-19-0910
https://doi.org/10.1158/1535-7163.MCT-19-0910
https://doi.org/10.1158/1078-0432.CCR-18-1627
https://doi.org/10.1038/s41568-022-00473-2
https://doi.org/10.3390/medsci6010022
https://doi.org/10.1002/iub.230
https://doi.org/10.1046/j.1365-2362.2000.00585.x
https://doi.org/10.1016/j.bbrc.2019.04.120
https://doi.org/10.1158/0008-5472.CAN-14-1249
https://doi.org/10.1136/jnnp.71.1.88
https://doi.org/10.1016/s0197-0186(01)00011-0
https://doi.org/10.1038/s41467-021-20896-z
https://doi.org/10.1126/sciadv.abc8929
https://doi.org/10.1126/sciadv.abc8929
https://doi.org/10.1172/JCI177824
https://doi.org/10.1172/JCI177824
https://doi.org/10.1038/s41587-020-0546-8
https://doi.org/10.1186/s12935-020-01545-9
https://doi.org/10.1016/j.bbamem.2020.183208
https://doi.org/10.1111/cns.13654
https://doi.org/10.3389/fimmu.2022.855849
https://doi.org/10.3389/fphar.2022.1055841
https://doi.org/10.1016/j.clim.2022.109158
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1002/sim.7368
https://doi.org/10.1002/sim.7368
https://doi.org/10.1002/(sici)1097-0258(19970228)16:4%3C385::aid-sim380%3E3.0.co;2-3
https://doi.org/10.1002/(sici)1097-0258(19970228)16:4%3C385::aid-sim380%3E3.0.co;2-3
https://doi.org/10.1080/2162402X.2021.1933332
https://doi.org/10.1080/2162402X.2021.1933332
https://doi.org/10.1038/nature08822
https://doi.org/10.1016/j.semcancer.2019.07.003
https://doi.org/10.3389/fimmu.2022.912279
https://doi.org/10.3389/fimmu.2022.912279
https://doi.org/10.1016/j.immuni.2013.07.012
https://doi.org/10.1158/0008-5472.CAN-18-0689
https://doi.org/10.1001/jamaoncol.2020.6371
https://doi.org/10.1016/j.annonc.2021.02.006
https://doi.org/10.1016/j.bbcan.2021.188616
https://doi.org/10.1016/j.bbcan.2021.188616
https://doi.org/10.1093/neuonc/now207
https://doi.org/10.1016/j.semcancer.2017.11.010
https://doi.org/10.1016/j.semcancer.2017.11.010
https://doi.org/10.1007/s13311-022-01313-9
https://doi.org/10.1136/jitc-2019-000207
https://doi.org/10.1136/jitc-2019-000207
https://doi.org/10.1001/jamaoncol.2020.1024
https://doi.org/10.1001/jamaoncol.2020.1024
https://doi.org/10.1093/neuonc/noac033
https://doi.org/10.1093/neuonc/noac033
https://doi.org/10.3390/biom12121902
https://doi.org/10.3390/biom12121902
https://doi.org/10.1038/s41586-019-0996-7
https://doi.org/10.1189/jlb.0311177
https://doi.org/10.1016/j.cell.2016.09.031
https://doi.org/10.1038/nature17442
https://doi.org/10.1007/s00726-019-02719-0
https://doi.org/10.1007/s00726-019-02719-0
https://doi.org/10.3389/fonc.2025.1517557
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Zhao et al. 10.3389/fonc.2025.1517557 
1010 

48. Kryukov GV, Wilson FH, Ruth JR, Paulk J, Tsherniak A, Marlow SE, et al. 
MTAP deletion confers enhanced dependency on the PRMT5 arginine 
methyltransferase in cancer cells. Science. (2016) 351:1214–8. doi: 10.1126/ 
science.aad5214 

49.  Hansen  LJ, Sun  R,  Yang  R,  Singh SX,  Chen  LH, Pirozzi  CJ, et al.  MTAP  loss  
promotes stemness in glioblastoma and confers unique susceptibility to purine 
starvation. Cancer Res. (2019) 79:3383–94. doi: 10.1158/0008-5472.CAN-18­

50. Xu F, Xu Y, Xiong JH, Zhang JH, Wu J, Luo J, et al. AOC1 contributes to tumor 
progression by promoting the AKT and EMT pathways in gastric cancer. Cancer 
Manag Res. (2020) 12:1789–98. doi: 10.2147/CMAR.S225229 

51.  Ding  Q,  Lin D, Zhou  Y, Li F, Lai  J,  Duan  J,  et  al. Downregulation of amine  
oxidase copper containing 1 inhibits tumor progression by suppressing IL-6/JAK/ 
STAT3 pathway activation in hepatocellular carcinoma. Oncol Lett. (2021) 
22:857. doi: 10.3892/ol.2021.13118 

52. Liu F, Ou W, Tang W, Huang Z, Zhu Z, Ding W, et al. Increased AOC1 
expression promotes cancer progression in colorectal cancer. Front Oncol. (2021) 
11:657210. doi: 10.3389/fonc.2021.657210 

53. Ding Y, Feng Y, Huang Z, Zhang Y, Li X, Liu R, et al. SOX15 
transcriptionally increases the function of AOC1 to modulate ferroptosis and 
Frontiers in Oncology 17 
progression in prostate cancer. Cell Death Dis. (2022) 13:673. doi: 10.1038/s41419­
022-05108-w 

54. Li Y, Wang T, Wan Q, Wang Q, Chen Z, Gao Y, et al. TRAF4 maintains 
deubiquitination of caveolin-1 to drive glioblastoma stemness and temozolomide 
resistance. Cancer Res. (2022) 82:3573–87. doi: 10.1158/0008-5472.CAN-21-3882 
55. Hogarty MD, Norris MD, Davis K, Liu X, Evageliou NF, Hayes CS, et al. ODC1 is 

a critical determinant of MYCN oncogenesis and a therapeutic target in neuroblastoma. 
Cancer Res. (2008) 68:9735–45. doi: 10.1158/0008-5472.CAN-07-6866 

56. Bunse L, Pusch S, Bunse T, Sahm F, Sanghvi K, Friedrich M, et al. Suppression of 
antitumor T cell immunity by the oncometabolite (R)-2-hydroxyglutarate. Nat Med. 
(2018) 24:1192–203. doi: 10.1038/s41591-018-0095-6 

57. Xiang L, Piao L, Wang D, Qi LF. Overexpression of SMS in the tumor 
microenvironment is associated with immunosuppression in hepatocellular 
carcinoma. Front Immunol. (2022) 13:974241. doi: 10.3389/fimmu.2022.974241 

58. Pan X, Xue L, Sun Y. Spermine synthase (SMS) serves as a prognostic biomarker 
in head and neck squamous cell carcinoma: a bioinformatics analysis. Ann Transl Med. 
(2022) 10:1213. doi: 10.21037/atm-22-5014 

59. Guo Y, Ye Q, Deng P, Cao Y, He D, Zhou Z, et al. Spermine synthase and MYC 
cooperate to maintain colorectal cancer cell survival by repressing Bim expression. Nat 
Commun. (2020) 11:3243. doi: 10.1038/s41467-020-17067-x 
frontiersin.org 

https://doi.org/10.1126/science.aad5214
https://doi.org/10.1126/science.aad5214
https://doi.org/10.1158/0008-5472.CAN-18-1010
https://doi.org/10.1158/0008-5472.CAN-18-1010
https://doi.org/10.2147/CMAR.S225229
https://doi.org/10.3892/ol.2021.13118
https://doi.org/10.3389/fonc.2021.657210
https://doi.org/10.1038/s41419-022-05108-w
https://doi.org/10.1038/s41419-022-05108-w
https://doi.org/10.1158/0008-5472.CAN-21-3882
https://doi.org/10.1158/0008-5472.CAN-07-6866
https://doi.org/10.1038/s41591-018-0095-6
https://doi.org/10.3389/fimmu.2022.974241
https://doi.org/10.21037/atm-22-5014
https://doi.org/10.1038/s41467-020-17067-x
https://doi.org/10.3389/fonc.2025.1517557
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Integrative analysis of polyamine metabolism-related genes in gliomas: implications for prognosis and therapy
	1 Introduction
	2 Materials and methods
	2.1 Data processing
	2.2 Patient tissue collection
	2.3 Somatic mutations and evaluation of copy number variations
	2.4 Unsupervised clustering of 37 PMRGs
	2.5 Biological functions of 37 PMRGs
	2.6 PMRG-related risk score construction
	2.7 Tumor immune microenvironment in PMRG-related risk subtypes
	2.8 Therapeutic sensitivity prediction in PMRG-related risk subtypes
	2.9 Identification of key genes
	2.10 Immunohistochemistry
	2.11 RNA extraction and RT-PCR
	2.12 SMS expression based on single-cell RNA-seq
	2.13 Statistical analysis

	3 Results
	3.1 Genetic landscape of PMRGs in glioma
	3.2 Evaluation of prognosis and immune infiltrating patterns with distinct PMRG clusters
	3.3 Construction of the PMRG-related risk score
	3.4 Assessment of immune characterization with PMRG-related risk score
	3.5 Assessment of chemotherapy efficacy based on PMRG-related risk score
	3.6 The SMS gene was identified as a prognostic key factor

	4 Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


