
Mechanistic study on PSMB9 and HLA-F regulating
polyamine metabolism to mediate the malignant
progression of glioma
Yan Cheng 

Shanxi Provincial People’s Hospital
Lin Zhang 

Shanxi Provincial People’s Hospital
Lina Zheng 

Shanxi Provincial People’s Hospital
Ting Wang 

Shanxi Provincial People’s Hospital
Weiwei Zhang 

Shanxi Provincial People’s Hospital

Research Article

Keywords: Glioma, Glioblastoma multiforme and lower grade glioma, Polyamine metabolism, PSMB9,
HLA-F

Posted Date: September 15th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11007848/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-11007848/v1
https://doi.org/10.21203/rs.3.rs-11007848/v1
https://doi.org/10.21203/rs.3.rs-11007848/v1
https://creativecommons.org/licenses/by/4.0/


 1 

Mechanistic study on PSMB9 and HLA-F regulating polyamine metabolism to mediate the 1 

malignant progression of glioma 2 

Yan Cheng1*, Lin Zhang1, Lina Zheng1, Ting Wang1, Weiwei Zhang1
 3 

1Department of Anesthesiology, Shanxi Provincial People’s Hospital, Taiyuan,  Shanxi, China 4 

* Correspondence:  5 

Yan Cheng 6 

chengyan211@163.com 7 

Running title: PSMB9-HLA-F Axis in Glioma Progression 8 

 9 

Abstract 10 

Polyamine metabolism correlates with tumor progression, yet its regulatory networks in glioblastoma 11 

multiforme and lower grade glioma (GBMLGG) remain unclear. This study aimed to screen polyamine 12 

metabolism related gene (PMRG)-related prognostic biomarkers in glioma malignant progression. First, 13 

GBMLGG-ralated datasets were acquired from the Cancer Genome Atlas (TCGA) and the Chinese 14 

Glioma Genome Atlas (CGGA). Ten core prognostic PMRGs were screened via differential expression 15 

and univariate Cox regression, with PSMB9 highly expressed and correlated with adverse clinical 16 

features and poor prognosis in both cohorts. PSMB9 overexpression promoted glioma cell malignant 17 

phenotypes in vitro while knockdown inhibited them, as verified by Reverse Transcription Quantitative 18 

Polymerase Chain Reaction (RT-qPCR) and Western Blot (WB) in cell lines, and its high expression 19 

was associated with abnormal immune infiltration, immune escape, distinct mutation profiles and 20 

increased camptothecin sensitivity. Subsequently, HLA-F was confirmed as PSMB9's key downstream 21 

gene via Protein-Protein Interaction (PPI) network and Spearman correlation from transcriptome 22 
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sequencing of knockdown cells, with regulatory relationships verified by functional experiments, and 23 

PSMB9 drove glioma malignancy by regulating HLA-F. Finally, in vivo nude mouse assays confirmed 24 

PSMB9 knockdown reduced tumor growth, and joint survival analysis showed co-high expression of 25 

PSMB9 and downstream genes enhanced poor prognosis prediction. In conclusion, PSMB9 is a novel 26 

prognostic biomarker and oncogene in GBMLGG that drives malignancy via HLA-F regulation. The 27 

PSMB9-HLA-F axis represents a potential therapeutic target, and their co-expression enhances 28 

prognostic prediction. 29 

Keywords: Glioma, Glioblastoma multiforme and lower grade glioma, Polyamine metabolism, 30 

PSMB9, HLA-F 31 
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1 Introduction 33 

Glioma, the most common primary brain tumor, accounts for ~30% of all and 80% of malignant 34 

primary brain tumors, and is the leading cause of death in these patients [1]. The standardized treatment 35 

for glioma mainly includes maximal safe surgical resection, postoperative adjuvant radiotherapy and 36 

chemotherapy [2]. Although surgical methods and chemotherapy drugs have been studied and 37 

improved over the years [3], the long-term prognosis of glioma patients has been no significant 38 

improved due to the invasive growth, strong aggressiveness, and high recurrence rate of glioma [4,5]. 39 

The median overall survival (mOS) of the patients usually less than two years and 5-year survival rate 40 

less than 5% [6]. Therefore, it is of great significance to improve the clinical outcome of patients by 41 

exploring the key molecular mechanisms of glioma development and screening new prognostic 42 

markers and therapeutic targets. 43 

Polyamines are small cationic alkylamines that are ubiquitous in eukaryotic and prokaryotic cell 44 
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metabolism. They are essential auxins in the process of cell proliferation [7]. Excessive intracellular 45 

polyamine can lead to excessive cell proliferation. Researchs indicate that the occurrence and 46 

development of tumors are closely related to abnormal polyamine metabolism [8,9]. In normal cells, 47 

polyamine homeostasis is strictly controlled under the feedback regulation of the polyamine metabolic 48 

network. However, in tumor cells, this homeostasis is often disrupted [10]. The growth and progression 49 

of tumors both require high levels of polyamines, which promote the proliferation, invasion, and 50 

metastasis of tumor cells [11]. The effect of the expression level of polyamine metabolic 51 

pathway-related genes on tumors has been confirmed in a variety of tumors. In breast cancer, 52 

polyamines play a crucial role in regulating cell growth, differentiation, apoptosis, and DNA/protein 53 

synthesis [12]. In neuroblastoma, elevated expression of polyamine synthesis genes leads to increased 54 

polyamine production and lower survival rates [13]. The influence of polyamine metabolism in glioma 55 

has also been reported. Research indicates that the activity of ornithine decarboxylase (ODC), the first 56 

key enzyme in polyamine metabolism, serves as a biochemical biomarker representing the malignant 57 

degree of brain tumors [14]. Given the lack of research on polyamine metabolism-related signaling 58 

pathways in glioma cells, the identification of accurate therapeutic targets remains challenging. To 59 

address this gap, the present study aims to screen polyamine metabolism-related prognostic biomarkers 60 

and explore their molecular mechanisms in glioma malignant progression. 61 

This study aims to screen polyamine metabolism-related core biomarkers via bioinformatics, verify 62 

their expression and prognostic value in glioma, clarify their impact on malignant phenotypes, explore 63 

the regulatory relationship between biomarkers and key downstream genes as well as their mechanisms 64 

in polyamine metabolism, and ultimately elucidate the molecular mechanism by which polyamine 65 

metabolism drives glioma malignant progression, providing new theoretical basis and potential targets 66 
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for prognostic evaluation and targeted therapy. 67 

2 Materials and methods 68 

2.1 Data sources 69 

The training set was constructed from UCSC Xena (https://xenabrowser.net/datapages/) by 70 

downloading transcriptome, clinical and follow-up data [age, gender, Isocitrate Dehydrogenase (IDH) 71 

mutation, O6-Methylguanine-DNA Methyltransferase (MGMT) methylation, tumor grade, survival 72 

time] for The Cancer Genome Atlas Glioblastoma Multiforme (TCGA-GBM) and The Cancer Genome 73 

Atlas Lower Grade Glioma (TCGA-LGG), which were merged into TCGA-GBMLGG (702 samples). 74 

Only 01A (tumor) and 11A (normal/paracancerous) samples were retained, yielding 649 samples (644 75 

GBMLGG vs 5 control), with 638 GBMLGG cases having survival data. The validation set from the 76 

Chinese Glioma Genome Atlas (CGGA, http://www.cgga.org.cn/) comprised 693 samples, with 657 77 

tumor cases matched with survival information. For polyamine metabolism-related genes (PMRGs), 78 

the term "polyamines" was searched in MSigDB (https://www.gsea-msigdb.org/gsea/msigdb), 79 

retrieving the REACTOME: Polyamine Metabolism gene set of 59 PMRGs. 80 

2.2 Differential expression analysis 81 

First, Wilcoxon test compared PMRG transcript levels between GBMLGG and normal controls. 82 

PMRGs with extremely low expression were filtered out. R package ggplot2 (v3.3.6) [15] generated 83 

box plots, and differentially expressed PMRGs (DE-PMRGs) were selected. Next, univariate Cox 84 

regression was applied to DE-PMRGs in training set GBMLGG samples using R package survival 85 

(v3.4-0) [16]. Variables with hazard ratio (HR) ≠ 1 and P < 0.05 were selected. Genes showing 86 

inconsistent directions between survival HR and differential fold change (FC) were excluded, and the 87 

remaining ones were defined as candidate genes. Finally, surv_cutpoint via R package survminer 88 
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(v0.4.9) [17] determined the optimal threshold. Median expression of candidate genes served as the 89 

cutoff to classify samples into high- and low-expression subsets in training (TCGA-GBMLGG) and 90 

validation (CGGA) sets. Survival distributions were evaluated by log-rank test with HR calculation, 91 

and genes with consistent HR directions and significant differences in both cohorts were selected as 92 

candidate biomarkers. 93 

2.3 In vitro experiment 94 

2.3.1 Cell culture 95 

SVG P12 human astrocytes (SNL-650) were purchased from Shanen Biotechnology; U87 human 96 

glioblastoma cells (IM-H211), T98G (IM-H211) and U251 (IM-H328) human glioma cells were from 97 

Yimo Biotechnology. All cells were of human brain origin: SVG P12 was fibroblast-like, while the 98 

other three were epithelial-like, all adherent. Standard culture used DMEM-based medium with 10% 99 

FBS and 1% penicillin-streptomycin; U87, T98G and U251 were maintained in 90% DMEM. All cells 100 

were incubated at 37°C with 5% CO2, subcultured at 1:2-1:3 ratios two to three times weekly, and 101 

cryopreserved in serum-free medium in liquid nitrogen. 102 

2.3.2 Reverse Transcription Quantitative Polymerase Chain Reaction (RT-qPCR) 103 

Total RNA was isolated using FastPure Complex Tissue/Cell Total RNA Isolation Kit (Vazyme, 104 

RC113-01) following the provided instructions, and the concentration was quantified using a 105 

Nanodrop-500 (Allsheng, Nano500). RNA was then reverse transcribed into cDNA with ABScript III 106 

RT Master Mix for RT-qPCR with gDNA Remover (Abclonal, RK20429) for RT-qPCR assay, which 107 

was employed via Genious 2X SYBR Green Fast RT-qPCR Mix (Abclonal, RK21205). The expression 108 

level of genes was normalized into GAPDH, and calculated using 2-ΔΔCt method. The primer sequences 109 

used in this analysis were all listed in Table S1. 110 
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2.3.3 Cell modeling and verification  111 

Glioma cell models with biomarker knockdown/overexpression were established (primer sequences in 112 

Table S2). 293T cells were transfected with target gene DNA, pMD2.G (0.25 μg) and psPAX2 (0.75 μg) 113 

using jetPRIME® transfection reagent (Polyplus, 101000025). Viral supernatant was collected, filtered 114 

(0.22 μm) and stored at -80°C. T98G cells were infected with virus plus 5 μg/mL polybrene, and stable 115 

lines were selected by antibiotics. RT-qPCR verified biomarker mRNA levels in knockdown and 116 

overexpression groups. For Western blot (WB), cells were lysed in RIPA buffer with 1% PMSF, protein 117 

quantified by BCA assay, followed by SDS-PAGE, membrane transfer, antibody incubation, ECL 118 

exposure and quantitative analysis (ImageJ) per standard protocols. 119 

2.3.4 The influence of biomarker on cell biological behaviors 120 

After verifying PSMB9 knockdown/overexpression, cell viability was assessed by CCK-8 assay per 121 

manufacturer's protocol; migration, invasion and colony formation were evaluated by Scratch assay 122 

(6×104 cells/well, serum-free, photographed under 4× microscope, scratch width analyzed by ImageJ), 123 

Transwell assay with Corning® Matrigel® matrix (Corning, 356234), and colony formation with 124 

crystal violet staining, respectively. All quantitative analyses used ImageJ. 125 

2.4 Expression and survival analysis 126 

To evaluate biomarker expression and prognostic significance, Wilcoxon test compared expression 127 

between disease and control groups in the training set. Survival differences between expression 128 

subgroups in training and CGGA validation sets were assessed via R packages survival and survminer, 129 

with Kaplan-Meier (KM) curves generated. In disease samples from both cohorts, expression was 130 

ranked, optimal cut-off determined by surv_cutpoint, and survival curves compared by log-rank test. 131 

2.5 Clinical and molecular mechanism analysis 132 
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To explore biomarker expression correlations with clinical features and transcriptome, violin plots 133 

across subgroups were generated using the R package ggplot2. Clinical characteristic proportions were 134 

compared between high- and low-expression cohorts and displayed graphically. Spearman correlation 135 

analysis calculated biomarker-transcriptome gene correlations. Gene Set Enrichment Analysis (GSEA) 136 

was performed using R package clusterProfiler (v4.7.1.001) [18] based on MSigDB KEGG gene set 137 

(c2.cp.kegg.v2023.2.Hs.symbols.gmt), with significant sets filtered by |NES| >1 and P <0.05. Gene Set 138 

Variation Analysis via the R package GSVA (v1.44.5) [19] enrichment scores were derived for high- vs 139 

low-expression samples via R package GSVA, followed by differential analysis (|t| >2, P <0.05) using 140 

R package limma (v3.52.4) [20]. R package limma identified DEGs between biomarker high- and 141 

low-expression groups [|log2 FC| >1, adj.P <0.05], with volcano plots generated by R package ggplot2. 142 

DEGs underwent functional annotation via overrepresentation analysis of Gene Ontology (GO) 143 

biological processes and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways using 144 

clusterProfiler (adj.P <0.05). R package enrichplot were used to visualize the top 8 GO terms in 145 

biological process (BP), cellular component (CC) and molecular function (MF), and top 15 KEGG 146 

pathways. 147 

2.6 Immune-related analysis 148 

To explore biomarker's immunological role, immune cell proportions in high/low expression samples 149 

were calculated via R package CIBERSORT (v1.03) [21], with stacked bar charts and box plots 150 

generated by R package ggh4x (v0.3.1) [15] and intergroup comparisons by Wilcoxon test. Tumor 151 

Immune Dysfunction and Exclusion (TIDE) scores were obtained from the TIDE platform 152 

(http://tide.dfci.harvard.edu/), with group differences assessed by Wilcoxon test and Spearman 153 

correlation between biomarker expression and TIDE scores analyzed by scatter plots. ImmuneScore, 154 
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StromalScore and Estimate score[22] were calculated via R package estimate (v1.0.13) [23], with 155 

Wilcoxon tests for score differences and violin plots. Meanwhile, the R package 156 

ImmuneSubtypeClassifier (v0.1.0) [24] was utilized to assign disease samples to six predefined 157 

immune phenotypes: C1 (wound healing), C2 (IFN-γ dominant), C3 (inflammatory), C4 158 

(lymphocyte-depleted), C5 (immune-quiescent), and C6 (TGF-β dominant), and biomarker expression 159 

across subtypes was compared using Wilcoxon tests with violin plots. 160 

2.7 Mutation and drug sensitivity analysis 161 

With a view to characterizing biomarker-related genetic mutations and drug sensitivity, training set 162 

disease sample mutations are analyzed via R package maftools (v2.12.0) [25], with waterfall plots 163 

illustrating mutational profiles of the 20 most prevalent genes were generated for expression-based 164 

subgroups.  165 

Half-maximal inhibitory concentrations (IC50) were calculated for 198 cancer therapeutic compounds 166 

using pharmacogenomic data from the Genomics of Drug Sensitivity in Cancer (GDSC) database 167 

(https://www.cancerrxgene.org/) using R package oncoPredict (v0.2) [26], and these inhibitory 168 

concentration metrics were compared across biomarker-stratified subgroups (high vs. low expression) 169 

via Wilcoxon rank-sum analysis. 170 

2.8 Transcriptome data processing and differential analysis 171 

For the sake of profiling gene expression differences between tumor stable and parental cells, total 172 

RNA was purified from specimens using TRIzol (Thermo Fisher, 15596018) following the supplier's 173 

recommended procedure. RNA quantity and purity are assessed by NanoDrop ND-1000, while RNA 174 

integrity is checked with Bioanalyzer 2100. mRNA is captured by Dynabeads Oligo (dT) 175 

(cat.25-61005), fragmented by magnesium ion fragmentation kit at 94℃ for 5-7 minutes, and reverse 176 
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transcribed to cDNA. Second-strand synthesis is completed with E. coli DNA polymerase I and RNase 177 

H with 2’-deoxyuridine-5’-triphosphate (dUTP) Solution incorporated, followed by end repair, 178 

A-tailing, T-adapter ligation and magnetic bead purification. Next, after Uracil-DNA Glycosylase 179 

(UDG) enzyme digestion of the second strand, PCR amplification is performed under the conditions: 180 

95℃ for 3 min, 8 cycles of 98℃ (15 s), 60℃ (15 s), 72℃ (30 s), final extension 72℃ for 5 min. 181 

Strand-specific libraries with insert size 300bp ± 50bp are built and sequenced on Illumina NovaSeqTM 182 

6000 PE150. Raw fastq files are filtered by FastQC to generate clean data, which is aligned to 183 

Homo_sapiens.GRCh38, quantified with featureCounts, and converted to TPM values using the TPM 184 

formula [27]. Differential gene expression between T98G-SH-biomarker and T98G is analyzed via the 185 

DESeq2 package in R, with genes filtered by |log2FC| >1 and adj.P <0.05. Finally, volcano plot 186 

visualization was performed with ggplot2, whereas heatmap generation employed ComplexHeatmap. 187 

2.9 Protein-Protein Interaction (PPI) and correlation screening 188 

With the intent of unraveling connections between biomarker and its associated DEGs, a PPI network 189 

is constructed for biomarker-DEGs and biomarker via the STRING database (http://string.embl.de/). A 190 

confidence score of 0.4 is applied to filter proteins interacting with biomarker, and Spearman 191 

correlation analysis between biomarker and these filtered interacting proteins is conducted using R 192 

package psych based on self-sequenced transcriptome data. Pairs were filtered based on stringent 193 

criteria: absolute correlation > 0.9 and statistical significance (P <0.05). 194 

2.10 Validation and screening of the key gene for expression quantity 195 

For the objective of validating expression patterns and identifying key gene tied to biomarker, 196 

expression levels of genes interacting with and strongly correlated to biomarker are assessed in both the 197 

self-sequenced transcriptome dataset and the training TCGA-GBMLGG dataset. Genes with no 198 
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expression in either dataset are excluded, and those displaying opposite expression trends with 199 

significant differences across both datasets are designated as key gene, with KM curves generated for 200 

this key gene. 201 

2.11 In vitro experiment 202 

2.11.1 Screening of key gene by RT-qPCR 203 

The specific experimental procedures are consistent with those described in Section 2.3.2. The primer 204 

sequences are shown in Table S3. 205 

2.11.2 Cell modelling and the influence of key gene on cell biological behaviors 206 

Key gene knockdown and overexpression cell models were constructed (primer sequences in Table S4), 207 

and the regulatory effect of key gene on biological behaviors of biomarker-knockdown T98G cells was 208 

investigated. Experimental procedures were consistent with those described in Sections 2.3.3 and 2.3.4. 209 

2.12 In vivo tumorigenesis experiment 210 

Logarithmically growing cells were collected, washed with PBS (3×), and resuspended in serum-free 211 

medium to 107 cells/mL at 4°C. Twelve male Balb/c nude mice [5-6 weeks old, Specific Pathogen-Free 212 

(SPF)] from Hangzhou Qizhen Laboratory Animal Science and Technology Co., Ltd. 213 

[SCXK(Zhejiang)2022-0005, 20251031Abzz010099900009] were used. All animal experiments were 214 

approved by the Animal Ethics Committee of Dr.Can Biotechnology (Zhejiang) Co., Ltd., Approval No. 215 

DRK-20251020212. For xenograft establishment, cell-Matrigel mixture (1:1 in 200 μL PBS) was 216 

injected subcutaneously into the right forelimb axilla. Tumor dimensions were measured every 5 days 217 

with calipers, and volume calculated as V = 0.5 × L × W2. After experiments, mice were euthanized by 218 

cervical dislocation per institutional guidelines; tumors were dissected, rinsed with saline, dried, 219 

weighed, sized, and photographed. Specimens were flash-frozen in liquid nitrogen and stored at -80°C. 220 
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2.13 Joint analysis of biomarker and key gene 221 

Samples in the training TCGA-GBMLGG dataset were divided into four groups based on biomarker 222 

and key gene expression levels: high_high, high_low, low_high, and low_low. KM curves were plotted 223 

to compare survival across the four groups. 224 

2.14 Statistic analysis 225 

Statistical analyses used SPSS (v19.0) for conventional statistics and R (v4.2.2) for bioinformatics. 226 

Normally distributed data were mean±SD (t-test); non-normal data were median (P25-P75) 227 

(Mann-Whitney U). Multi-group comparisons used Kruskal-Wallis; categorical data used chi-square 228 

test. Graphs were plotted with GraphPad Prism (v9.0). P<0.05 was significant.  229 

3 Results 230 

3.1 Screening of 10 polyamine metabolism-related core prognostic biomarkers in GBMLGG 231 

TCGA-GBMLGG analysis identified 20 PMRGs (e.g., ODC1, PSMB9) upregulated in disease versus 232 

controls (Figure 1A). Univariate Cox analysis showed 13 genes (e.g., PSMA3, PSMB4) linked to poor 233 

survival (Figure 1B, Table S5). Training and validation confirmed 10 core biomarkers, including 234 

PSMB9 (HR = 4.35/2.04) (Table S6). 235 

3.2 Significant differences in related gene expression among different glioma cell lines 236 

Compared to SVG P12 controls, U87 cells showed significantly increased PSMA3 and PSME1; T98G 237 

cells showed increased ODC1, PSMB9, PSMA3, PSME2, PSME3 and PSMF1; U251 cells showed 238 

increased ODC1, PSMB9, PSMA3, PSME1, PSME2 and PSME3 (Figure 1C). 239 

3.3 PSMB9 promoted proliferation, migration, invasion and colony formation of T98G glioma 240 

cells 241 

WB and RT-qPCR confirmed successful PSMB9 overexpression (OE-PSMB9) and knockdown 242 
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(shPSMB9-1/2/3) models in T98G cells, with protein and mRNA levels significantly increased or 243 

decreased versus controls (P <0.01 or P <0.001) (Figure 1D, E). Functionally, transwell invasion assay 244 

showed OE-PSMB9 increased invading cells while shPSMB9 decreased them versus controls (P <0.01) 245 

(Figure 1F). Wound healing assay at 48h demonstrated longer migration distance in OE-PSMB9 and 246 

shorter in shPSMB9 versus controls (P <0.001) (Figure 1G). CCK-8 assay revealed greater OD450 247 

increase in OE-PSMB9 (P <0.001) and smaller increase in shPSMB9 (48h: P <0.01, 72h: P <0.001) 248 

(Figure 1H). Colony formation assay showed higher rate in OE-PSMB9 (P <0.001) and lower rate in 249 

shPSMB9 (P <0.01) versus controls (Figure 1I). Collectively, PSMB9 promotes T98G glioma cell 250 

proliferation, migration, invasion and colony formation. 251 

3.4 Elevated PSMB9 levels were significantly associated with adverse prognosis in GBMLGG 252 

PSMB9 was markedly upregulated in GBMLGG versus controls (P <0.01) (Figure 2A). In both 253 

training and validation sets, high PSMB9 expression correlated with significantly reduced survival 254 

versus low expression (P <0.0001) (Figure 2B).  255 

3.5 Association of PSMB9 expression with clinical characteristics and molecular mechanisms in 256 

GBMLGG 257 

PSMB9 expression was significantly elevated in patients >65 years, IDH wild-type, and high-grade 258 

tumors, and strongly associated with IDH status and MGMT methylation (P <0.001) (Figure 2C, D). 259 

GSEA showed PSMB9-related genes enriched in immune-associated KEGG pathways like allograft 260 

rejection (Figure 2E). GSVA indicated high-expression group enriched in immune pathways like 261 

proteasome, while low-expression group in taste transduction (all P<0.001) (Figure 2F). Differential 262 

analysis identified 1346 DEGs (894 upregulated, 452 downregulated) (Figure 2G). GO enrichment 263 

involved leukocyte-mediated immunity (BP), collagen-containing extracellular matrix (CC), enzyme 264 
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inhibitor activity (MF) (Figure 2H); KEGG enrichment involved phagosome and HTLV-1 infection 265 

pathways (Figure 2I). Collectively, PSMB9 emerges as a functionally relevant mediator of GBMLGG 266 

progression through immune pathway perturbation, while indicating poor prognostic subsets. 267 

3.6 Association of PSMB9 with immune microenvironment and immune escape in GBMLGG 268 

Analysis of PSMB9-immune microenvironment interactions in GBMLGG revealed that high PSMB9 269 

expression was associated with significantly higher proportions of M2 macrophages and regulatory T 270 

cells, and lower monocyte proportion (all P <0.01) (Figure 3A, B), higher TIDE score (r = 0.2, P <1.8 271 

× 10-7) and higher ImmuneScore, StromalScore and Estimate score (all P <0.0001) (Figure 3C, D). 272 

PSMB9 expression in C4 subtype exceeded the levels observed in C1, C5, and all other immune 273 

subtypes (P <0.05) (Figure 3E). 274 

3.7 Association of PSMB9 expression with gene mutation and drug sensitivity in GBMLGG 275 

Somatic mutation analysis revealed significantly higher TTN (30% vs. 13%) and EGFR (18% vs. 4%) 276 

mutation rates in the PSMB9-high group, whereas IDH1 mutations were more frequent in the 277 

PSMB9-low group (80% vs. 30%) (Figure 3F). 157 drugs showed significant inter-group differences 278 

in IC50, the high-expression group had a significantly lower IC50 for Camptothecin, Irinotecan, 279 

Temozolomide and a significantly higher IC50 for Carmustine (Figure 3G). These findings nominate 280 

PSMB9 as a molecular hub connecting oncogenic mutation patterns to therapeutic vulnerabilities in 281 

glioma. 282 

3.8 Analysis of DEGs and molecular networks after PSMB9 knockdown 283 

PSMB9 expression in the T98G-SH-PSMB9 demonstrated significantly attenuated expression relative 284 

to T98G (Figure 4A), a total of 1924 PSMB9-DEGs were identified (998 upregulated, 926 285 

downregulated), with volcano and heat maps showing their distribution and expression patterns 286 
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(Figure 4B). 89 interacting proteins such as TAP1 and UBA7 were obtained via STRING PPI network 287 

(Figure 4C), 15 genes such as CDC20 and HLA-F strongly correlated with PSMB9 were screened out 288 

(|r| >0.9, P <0.05), the correlation heatmap provided an intuitive visualization of the strong association 289 

characteristics of these genes with PSMB9 (Figure 4D). These findings provide core candidate genes 290 

for subsequent validation and mechanism exploration of PSMB9. 291 

3.9 Expression and prognostic analysis of PSMB9-related key genes 292 

The analysis of the association between PSMB9 and key gene showed that CDC20, HLA-F, TAP1 and 293 

UBA7 were significantly overexpressed in TCGA-GBMLGG group vs control, and downregulated in 294 

the T98G-SH-PSMB9 (Figure 4E). KM curves indicated that high expression of these 4 genes was 295 

associated with significantly lower survival rate (P <0.0001), serving as survival risk factors (Figure 296 

4F). These findings confirm key genes associated with PSMB9, whose high expression correlates with 297 

poor prognosis. 298 

3.10 HLA-F mediated PSMB9-driven glioma malignancy 299 

Compared with controls, T98G showed slight CDC20 decrease and significant HLA-F increase, with 300 

no notable changes in TAP1 or UBA7. T98G-SH-PSMB9 showed significant downregulation of all 301 

four genes, indicating PSMB9 positively regulates their expression (Figure 5A). HLA-F knockdown 302 

(sh-HLA-F-1/2/3) significantly reduced protein and mRNA levels, while overexpression (OE-HLA-F) 303 

markedly increased them (P <0.001), confirming successful cell line establishment (Figure 5B). 304 

Functional assays showed OE-HLA-F enhanced viability, migration, invasion and colony formation, 305 

whereas sh-HLA-F suppressed them, demonstrating HLA-F promotes glioma malignancy (Figure 306 

5C-F). Finally, in PSMB9-knockdown background, further HLA-F silencing exacerbated inhibition of 307 

malignant phenotypes, while HLA-F overexpression reversed these effects (Figure 5G-J), confirming 308 
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HLA-F as a key downstream effector of PSMB9, and the two synergistically drive glioma malignant 309 

progression. 310 

3.11 In vivo tumorigenicity of T98G was reduced by target gene knockdown 311 

To investigate PSMB9's oncogenic role in vivo, PSMB9 depletion significantly impaired glioma growth, 312 

with reduced tumor volumes in T98G-KO versus T98G on days 20 and 25 (P <0.05) (Figure 6A, 313 

Table S7). Tumor weight in T98G-KO was also significantly reduced (0.33g vs 0.71g, P = 0.039) 314 

(Figure 6B, Table S8). These findings demonstrate PSMB9 knockdown inhibits in vivo tumorigenic 315 

capacity, indicating PSMB9 exerts a pro-tumorigenic effect on glioma growth in vivo. 316 

3.12 Effect of combined expression of PSMB9 and key genes on prognosis of GBMLGG patients 317 

High-high co-expression groups (PSMB9 + CDC20, PSMB9 + TAP1, PSMB9 + UBA7) exhibited 318 

significantly reduced survival versus other subgroups, low-low combinations showed highest survival 319 

rates (all P <0.001). Notably, the PSMB9 + HLA-F pair showed weaker survival differences (Figure 320 

S1A-D). These suggest that the combination of high expression of PSMB9 and key genes can enhance 321 

the predictive ability for poor prognosis. 322 

4 Discussion 323 

This study identified 10 PMRGs differentially expressed in gliomas via bioinformatics. Among them, 324 

PSMB9 was highly expressed in T98G and U251 cells. Overexpression promoted proliferation, 325 

migration, invasion and colony formation, while knockdown inhibited these malignant phenotypes. 326 

High PSMB9 expression correlated with abnormal immune infiltration, immune evasion, distinct 327 

mutation profiles and enhanced camptothecin sensitivity. HLA-F was identified as a key downstream 328 

target, with functional validation confirming PSMB9 positively regulates HLA-F, and the 329 

PSMB9-HLA-F axis jointly drives glioma malignant progression. 330 
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Proteasome subunit beta type-9 (PSMB9) is a member of the proteasome beta subunit family and 331 

encodes the pivotal β1i component of the immunoproteasome [28]. There is considerable evidence 332 

indicating that PSMB9 serves as a prognostic factor for various autoimmune diseases [29-31]. Recent 333 

studies highlighted that PSMB9 expression is significantly deregulated in tumors, and PMSB9 334 

orchestrates key immune processes within the tumor microenvironment and serves as a potent 335 

biomarker for patient prognosis [32]. In hepatocellular carcinoma (HCC), in vitro assays confirmed that 336 

PSMB9 overexpression enhanced proliferation, migration, and resistance to apoptosis in HepG2 cells 337 

[33]. The present research outcomes showed that PSMB9 is significantly overexpressed in T98G, U251 338 

cell lines, and is closely associated with high tumor grade, IDH wild-type phenotype, and short survival 339 

time in patients, making it an independent prognostic marker for glioma. This is consistent with 340 

research findings in hepatocellular carcinoma, where high expression of PSMB9 was found to promote 341 

tumor invasion and correlate with poor prognosis, suggesting that the function of PSMB9 as an 342 

oncogene may be conserved across different tumors. 343 

The present study reveals a novel association between PSMB9 and polyamine metabolism in glioma. 344 

Previous studies have shown that the function of PSMB9 mainly focuses on the core components of 345 

immune proteasome [34], and regulating macrophage infiltration [35]. In tumors, the influence of 346 

PSMB9 has been found to include regulating tumor immune microenvironment [36], participating in 347 

antigen processing and presentation [37], and affecting the efficacy of immunotherapy [38]. In our 348 

study, bioinformatics analysis revealed a significant correlation between PSMB9 and multiple genes 349 

related to polyamine metabolism. PSMB9 is not a classical direct association pathway with polyamine 350 

metabolism, but there are potential indirect regulation mechanisms. The key enzymes involved in 351 

polyamine metabolism can be degraded by the proteasome [39], while PSMB9 is a key component of 352 
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the proteasomet [34], may indirectly participate in the regulation of polyamine metabolism by affecting 353 

the overall activity or substrate selectivity of the proteasome in the tumor microenvironmen. No direct 354 

link between PSMB9 and polyamine metabolism has been reported, and the upstream regulation of 355 

polyamine metabolism remains unknown. This study fills that gap by extending PSMB9's role from 356 

immunity to metabolic regulation. Future work will explore whether PSMB9 regulates polyamine 357 

metabolism via proteasomal activity or non-canonical functions. 358 

This study clarified the upstream and downstream regulatory relationship between PSMB9 and Human 359 

leukocyte antigen F(HLA-F). Through bioinformatics analysis, HLA-F was identified as a candidate 360 

downstream target gene of PSMB9. Subsequently, we discovered that knocking down PSMB9 can 361 

downregulate the mRNA and protein levels of HLA-F in vitro. Overexpressing HLA-F while knocking 362 

down PSMB9 can partially reverse the inhibition of cell proliferation, migration, invasion, and 363 

colony-forming ability caused by PSMB9 knockdown. HLA-F is a non-classical MHC class I molecule 364 

(MHC-Ib) that regulates the immune system during pregnancy, infection, and autoimmune processes. It 365 

primarily regulates immune response by interacting with receptors on the surface of natural killer (NK) 366 

cells and CD8+ T cells, and promotes immune tolerance [40]. Tumours similarly exploit HLA-F to 367 

evade immune detection and promote tumor progression [41]. Studies have shown that that HLA-F 368 

expression was found to be elevated in gliomas, and positively correlated with malignant phenotype 369 

and negatively correlated with overall survival [42]. Previous findings identify PSMB9 is tightly linked 370 

to immune-related pathways, including IFN-γ responses and antigen presentation, and its expression 371 

positively correlates with infiltration of CD8+ T cells, dendritic cells, and macrophages in the tumor 372 

microenvironment [32]. This study first identifies PSMB9 as an upstream positive regulator of HLA-F. 373 

As both are involved in antigen processing/presentation, their regulation may reflect intrinsic synergy 374 
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within the proteasome-antigen presentation pathway. The specific mechanism (e.g., transcription 375 

factors or epigenetic modifications) warrants further investigation. 376 

This study found that drug sensitivity analysis based on the GDSC database revealed that the IC50 377 

values for camptothecin and irinotecan were significantly lower in the PSMB9 high-expression group 378 

compared to the low-expression group, while the IC50 value for carmustine was significantly higher. 379 

High expression of PSMB9 is associated with increased sensitivity to camptothecin-based drugs and 380 

resistance to carmustine, suggesting that PSMB9 has potential value as a predictive biomarker for 381 

chemotherapy response. camptothecin is a DNA topoisomerase I inhibitor, exerting its anti-tumor effect 382 

by blocking DNA reconnection and causing lethal double-strand breaks during DNA replication [43]. 383 

Abnormal expression of metabolism-related genes can regulate chemosensitivity, and abnormal 384 

activation of polyamines is closely related to chemotherapy resistance. Elevated polyamine levels can 385 

reduce the sensitivity of glioma cells to temozolomide by inhibiting apoptosis, promoting DNA damage 386 

repair, regulating drug transporter expression, enhancing autophagic flux, or inhibiting the 387 

mitochondrial apoptosis pathway [44,45]. Since PSMB9 positively regulates polyamine metabolism 388 

and its overexpression confers camptothecin sensitivity, PSMB9 may affect drug response via two 389 

mechanisms: regulating polyamine metabolism to alter DNA replication stress/topoisomerase activity, 390 

or modulating antigen presentation and immune microenvironment as an immunoproteasome subunit. 391 

Conversely, PSMB9 overexpression showed resistance to carmustine, suggesting differential regulation 392 

across chemotherapeutics. This study preliminarily links PSMB9, polyamine metabolism and 393 

chemosensitivity, offering potential biomarkers for individualized glioma chemotherapy. Future larger 394 

cohort validation and mechanistic elucidation are warranted. 395 

This study innovatively identified PSMB9 from polyamine metabolism perspective, established the 396 
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PSMB9-HLA-F regulatory axis via a bioinformatics-to-in-vivo verification strategy, filling a 397 

cross-field research gap. Limitations include lack of multi-ethnic validation, undetected polyamine 398 

metabolites, unclear PSMB9-HLA-F mechanism, and heterotopic model constraints. Despite these, the 399 

PSMB9-HLA-F axis offers new prognostic and therapeutic targets for glioma. 400 

5 Conclusion 401 

The present study showed that PSMB9 regulates polyamine metabolism by up-regulating HLA-F and 402 

promotes the malignant progression of glioma. PSMB9 and HLA-F can be used as potential targets for 403 

prognosis evaluation and targeted therapy of glioma. 404 
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 585 

Figure 1 Screening of core polyamine metabolism-related genes (PMRGs) and PSMB9’s effect on 586 
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T98G malignant phenotypes. (A) Differentially expressed PMRGs (DE-PMRGs) in glioblastoma 587 

multiforme and lower grade glioma (GBMLGG). (B) Univariate Cox analysis of differentially 588 

expressed genes (DEGs). (C) Related gene expression in different glioma cell lines. (D) Reverse 589 

Transcription Quantitative Polymerase Chain Reaction (RT-qPCR) validation of PSMB9 stable cell 590 

models. (E) Western blot (WB) validation of PSMB9 stable cell models. (F) Cell invasion by transwell 591 

assay. (G) Cell migration by scratch assay. (H) Cell proliferation by Cell Counting Kit-8 (CCK-8) 592 

assay. (I) Colony formation ability by colony formation assay. (In the figure, ns denotes no statistically 593 

significant difference, * corresponds to P < 0.05, ** corresponds to P < 0.01, *** corresponds to P < 594 

0.001 and **** corresponds to P < 0.0001.) 595 
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 596 

Figure 2 PSMB9 expression, prognostic value and molecular mechanism in GBMLGG. (A) 597 

PSMB9 expression in GBMLGG vs control. (B) Survival analysis of PSMB9 high/low expression 598 

groups (training/validation set). (C) PSMB9 expression in different clinical subgroups. (D) Correlation 599 
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of PSMB9 with clinical features. (E) Gene Set Enrichment Analysis (GSEA) enrichment of 600 

PSMB9-related genes. (F) Gene Set Variation Analysis (GSVA) enrichment of PSMB9 high/low 601 

expression groups. (G) Volcano plot of PSMB9-related DEGs. (H) Gene Ontology (GO) enrichment of 602 

DEGs. (I) Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment of DEGs. (In the figure, ns 603 

denotes no statistically significant difference, ** corresponds to P < 0.01 and **** corresponds to P < 604 

0.0001.) 605 

 606 

Figure 3 PSMB9 association with immune microenvironment, mutation and drug sensitivity in 607 

GBMLGG. (A) Immune cell infiltration in PSMB9 high/low groups. (B) Intergroup difference of key 608 

immune cell infiltration. (C) Correlation and intergroup difference of PSMB9 and Tumor Immune 609 

Dysfunction and Exclusion (TIDE) score. (D) Immune/Stromal/Estimate score in PSMB9 high/low 610 

groups. (E) PSMB9 expression in different immune subtypes. (F) Mutation waterfall plot of PSMB9 611 

high/low groups. (G) Drugs half-maximal inhibitory concentration (IC50) difference in PSMB9 612 

high/low groups. (In the figure, ns denotes no statistically significant difference, * corresponds to P < 613 

0.05, ** corresponds to P < 0.01, *** corresponds to P < 0.001 and **** corresponds to P < 0.0001.) 614 
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 615 

Figure 4 DEG analysis after PSMB9 knockdown and key genes’ expression & prognosis. (A) 616 

PSMB9 expression validation in PSMB9-knockdown cells. (B) Volcano plot and heatmap of DEGs 617 

after PSMB9 knockdown. (C) Protein-Protein Interaction (PPI) network of PSMB9 and DEGs. (D) 618 

Correlation heatmap of PSMB9 and interacting genes. (E) Key gene expression in GBMLGG and 619 

knockdown cells. (F) Survival analysis of key gene high/low expression groups. (In the figure, ns 620 

denotes no statistically significant difference, * corresponds to P < 0.05, ** corresponds to P < 0.01, 621 

*** corresponds to P < 0.001 and **** corresponds to P < 0.0001.) 622 
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 623 

Figure 5 Validation of HLA-F mediating PSMB9-driven glioma malignancy. (A) Effect of PSMB9 624 

knockdown on key gene expression. (B) Validation of HLA-F stable cell models (WB/RT-qPCR). (C) 625 

Effect of HLA-F on cell proliferation. (D) Effect of HLA-F on cell migration. (E) Effect of HLA-F on 626 

cell invasion. (F) Effect of HLA-F on colony formation ability. (G) Cell proliferation by CCK-8 assay. 627 
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(H) Cell migration by scratch assay. (I) Cell invasion by transwell assay. (J) Colony formation ability 628 

by colony formation assay. (In the figure, ns denotes no statistically significant difference, * 629 

corresponds to P < 0.05, ** corresponds to P < 0.01, *** corresponds to P < 0.001 and **** 630 

corresponds to P < 0.0001.) 631 

 632 

Figure 6 PSMB9 knockdown inhibited T98G tumorigenesis in vivo. (A) Tumor volume growth 633 

curve in nude mice. (B) Tumor weight statistics in nude mice. 634 
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