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ABSTRACT 

This work explores how Paromomycin influences SUMOylation-associated signaling in glioblastoma (GBM), 

with a particular focus on its inhibitory action on HDAC1. SUMOylation-related genes linked to GBM outcomes 

were screened using TCGA and GTEx datasets. Molecular docking predicted Paromomycin as a likely HDAC1 

inhibitor. Functional experiments in U-251MG GBM cells—including CCK8 viability assays, qRT-PCR, and 

immunofluorescence—were conducted to evaluate its impact on SUMOylation gene activity, cell growth, and 

IGF1R trafficking. Paromomycin reduced GBM cell survival, colony formation, and migratory capacity in a 

concentration-dependent manner. It altered SUMO1 expression and suppressed IGF1R entry into the nucleus, an 

effect counteracted by the HDAC1 inhibitor Trichostatin A (TSA), supporting a role for Paromomycin in SUMO1-

dependent regulatory mechanisms. These findings position Paromomycin as a promising GBM therapeutic 

candidate through its modulation of HDAC1-driven SUMOylation processes and regulation of IGF1R nuclear 

transport, emphasizing the need for further clinical-oriented studies. 
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Introduction 

Glioblastoma Multiforme (GBM) represents the most severe and fast-progressing primary brain malignancy in 

adults, typically arising within the central nervous system [1, 2]. Its rapid clinical deterioration, pronounced 

invasiveness, and poor response to conventional therapeutic approaches impose significant physical and emotional 

strain on patients and caregivers [3, 4]. Comprising nearly half of all primary brain tumors, GBM stands as the 

most frequently diagnosed malignant brain tumor among adults, with incidence peaking in middle-aged and older 

populations [5-8]. Incidence patterns additionally demonstrate a modest male predominance and higher rates 

within specific demographic groups, including African Americans [9]. This tumor type is linked to substantial 

mortality, requiring multimodal and resource-intensive interventions—neurosurgical procedures, radiotherapy, 

chemotherapy, and long-term rehabilitative support [10-12]. Such complexities highlight the urgent need to 

deepen our understanding of GBM biology and accelerate the development of more effective therapeutic options. 

The pronounced heterogeneity of GBM is driven by diverse molecular abnormalities, including gene mutations, 

chromosomal instability, and suppression of tumor-inhibitory pathways [13, 14]. These genetic alterations shape 

tumor initiation, progression, and treatment resistance [15, 16]. Compromise of the blood–brain barrier (BBB) 

further promotes tumor infiltration and simultaneously restricts adequate drug penetration. Although standard 

management relies on surgical resection followed by radiotherapy and chemotherapy, tumor recurrence—often 

multifocal—is common due to incomplete resection and acquired resistance to cytotoxic therapies. Median 

survival remains limited to approximately 12–15 months after diagnosis, with outcomes varying based on 

individual clinical factors. These realities reinforce the necessity of identifying novel intervention pathways that 

may improve therapeutic success. Experimental observations demonstrate that biochemical modulation and 
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environmental stimuli can elicit diverse cellular responses, revealing several promising therapeutic targets across 

different research settings [17-19]. 

The integration of pharmacological research with computational biology continues to advance medical innovation, 

with large-scale bioinformatics resources providing insights into long-term health trends and facilitating evidence-

based clinical decisions [20-26]. In parallel, disease-relevant animal models remain indispensable for validating 

drug efficacy and generating rigorous translational data [27, 28]. Within clinical settings, shared decision-making 

frameworks and structured checklists have increased patient satisfaction and involvement in treatment selection 

[29, 30]. Meanwhile, rapid advancements in artificial intelligence (AI) are transforming modern medicine by 

enhancing diagnostic accuracy and enabling personalized therapeutic recommendations [31, 32]. 

Approaches focused on gene–environment interactions, a key branch of bioinformatics, have enabled the 

interpretation of survival patterns based on extensive genomic datasets and have uncovered molecular networks 

underlying complex disorders [33]. The combined progress of bioinformatics and molecular science has 

dramatically expanded current knowledge of GBM through multi-omics analyses, thereby opening pathways for 

emerging therapeutic modalities [34, 35]. Current research is increasingly centered on individualized treatment, 

targeted molecular interventions, and immunotherapy strategies designed to overcome radioresistance and 

improve clinical outcomes [36, 37]. An integrated understanding of GBM’s epidemiology, pathology, and 

therapeutic limitations is necessary to refine treatment modalities [38, 39]. Future studies should continue to 

prioritize the exploration of molecular drivers of tumor development and therapeutic resistance, with the aim of 

converting these discoveries into improved survival and enhanced patient quality of life [40, 41]. 

Among promising therapeutic avenues, post-translational modifications (PTMs) — particularly SUMOylation 

(Small Ubiquitin-like Modifier modification) — have emerged as influential regulators of tumor biology [42, 43]. 

SUMOylation governs essential cellular processes such as cell-cycle progression, DNA damage repair, and 

programmed cell death [44]. Growing evidence indicates that heightened SUMOylation activity can accelerate 

GBM initiation and progression by affecting these regulatory pathways, positioning this modification as a 

compelling therapeutic target [45]. 

At the genomic level, numerous studies have established strong associations between genetic alterations and GBM 

onset and evolution [46, 47]. Identification of novel biomarkers and molecularly guided therapies continues to 

open new directions for GBM treatment [48]. Mutations in IDH1/IDH2, for example, are frequently observed in 

GBM and are linked to metabolic shifts that influence tumor growth and survival [49, 50]. Likewise, disruptions 

or deletions in TP53 impair p53-mediated regulatory mechanisms, destabilizing cell-cycle control and DNA repair 

processes [51, 52]. These molecular abnormalities not only aid in GBM diagnosis and classification but also 

represent potential intervention points [53]. 

Advances in bioinformatics have transformed approaches to disease investigation, enabling multi-omics 

integration that reveals fundamental mechanisms behind disease progression [54-58]. Such comprehensive 

analyses now play central roles in diagnostic refinement, prognostic evaluation, and therapeutic decision-making, 

reinforcing the principles of precision medicine [59-64]. 

The present study investigates the influence of Paromomycin on SUMOylation-associated pathways in GBM. By 

integrating bioinformatics approaches, molecular docking, and in-vitro experimentation, this research aims to 

support the development of refined targeted strategies for GBM management. 

Materials and Methods  

Expression profiling of SUMOylation-related genes in pan-cancer datasets 

This study systematically evaluated the expression of SUMOylation-related genes across diverse cancer types. 

Differences in gene expression between malignant tissues and matched non-tumor controls were examined using 

the Wilcoxon Rank Sum Test. For paired analyses comparing tumor samples with their adjacent non-tumor 

counterparts within each cancer type, the Wilcoxon Signed Rank Test was applied. TPM-normalized expression 

profiles from GTEx normal tissues were merged with TCGA tumor datasets using the 

tcgasandbox_RSEM_gene_tpm and gtexsandbox_RSEM_gene_tpm resources available through the UCSC Xena 

platform. After merging, all data were converted to Z-scores to ensure consistency and comparability among 

tumor subtypes. 

For analyses specifically focused on GBM, we again employed the Wilcoxon Rank Sum Test to compare 

differences between tumor and non-tumor tissue expression. As a non-parametric approach commonly used to 
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test median differences between independent groups, this method allowed evaluation of gene-expression variation 

at an α = 0.05 significance threshold. 

 

Promoter methylation assessment of SUMOylation-related genes 

Methylation analyses targeted several regulatory genomic regions, including TSS1500 (200–1,500 bp upstream 

of the TSS), TSS200 (within 200 bp of the TSS), the first exon, and the 5′UTR. Median methylation levels were 

calculated across these regions for each sample to estimate cumulative promoter-associated methylation. A 

Spearman correlation analysis — chosen for its non-parametric nature and lack of assumptions regarding variable 

distribution — was performed to determine associations between methylation levels (independent variable) and 

gene-expression levels (dependent variable). Group-level methylation differences between tumor and non-tumor 

samples were further assessed using the Wilcoxon Rank Sum Test to evaluate distributional shifts between 

independent sample sets. 

 

ATAC-seq analysis of SUMOylation-related genes 

ATAC-seq signals associated with SUMOylation-related genes were analyzed using the ChIPseeker package in 

R. Peaks were annotated relative to transcription start sites (TSS) using the parameter tssRegion = c(−3,000, 

3,000), encompassing a region extending 3 kb upstream and 3 kb downstream of the TSS. This window captures 

regulatory elements involved in transcriptional activation, including transcription-factor binding and histone-

modification sites. Chromosomal peak distributions were visualized using the covplot function, allowing mapping 

of peak density, genomic location, and cancer-type associations across chromosomes. 

 

Genomic characterization of SUMOylation-related genes in pan-cancer studies 

Copy number variation (CNV) and DNA methylation datasets from TCGA were compiled across multiple tumor 

types, arranging samples as matrix rows and genes or genomic loci as columns, followed by routine preprocessing 

steps to eliminate poor-quality entries and adjust for technical variability. In OSCC datasets, CNV profiling was 

carried out using GISTIC and CNAnorm, enabling classification of SUMOylation-related genes into amplified or 

deleted categories based on their CNV signatures. Promoter methylation levels for these genes were evaluated in 

tumor versus normal tissues via the UALCAN platform, and broader methylation tendencies across cancers were 

examined through MethSurv to explore links between epigenetic states and cancer prevalence. Mutation 

Annotation Files (MAF) were retrieved from TCGA using the “TCGAbiolinks” R package, and tumor mutation 

burden (TMB)—a marker of genomic instability and a potential predictor of immunotherapy responsiveness—

was computed with “maftool.” Correlation analyses, survival assessments, and additional computational 

techniques in R were employed to investigate how SUMOylation-related gene expression corresponds with CNV 

alterations, methylation dynamics, TMB variability, tumor behavior, and clinical outcomes. 

 

GSEA enrichment analysis across pan-cancer types 

RNA-seq and microarray datasets representing both malignant and adjacent normal tissues were sourced from 

TCGA and preprocessed to remove low-quality samples and unreliable probes. Differential gene expression was 

evaluated using the “limma” package, which incorporates normalization, background correction, and statistical 

modeling to detect significantly altered genes. Genes meeting established log2 fold-change (log2FC) and P-value 

thresholds were retained as key findings. Gene Set Enrichment Analysis (GSEA)—implemented with the 

“clusterProfiler” package—was used to interpret these differential patterns through KEGG, GO, and Reactome 

pathway frameworks. Enrichment Scores (ES), which quantify the strength of association between gene 

expression and biological pathways, facilitated the prioritization of relevant functional categories. Visual 

representations—including bar charts, heatmaps, and scatter plots—were created using “ggplot2,” allowing 

flexible and detailed illustration of enriched pathways and expression trends. 

 

Tumor prognosis analysis 

Using clinical metadata alongside RNA-seq and microarray datasets from TCGA, we evaluated how dysregulated 

SUMOylation-related genes might influence patient overall survival (OS). Differential expression was again 

assessed using the “limma” package, helping identify genes exhibiting significant tumor-associated shifts. To 

examine prognostic relevance, Cox proportional hazards modeling was performed via the “survival” package, and 

Kaplan–Meier survival distributions were constructed to compare OS between high- and low-expression groups. 
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Statistical significance in survival differences was tested using the log-rank method, and graphical outputs were 

generated using “survminer” for enhanced visualization of survival trajectories. 

 

Developing a prognostic model for SUMOylation-related genes in GBM 

To assess the diagnostic capability of the ssGSEAscore in distinguishing tumor from normal tissue, ROC curve 

analysis was conducted with the “pROC” package, reporting the AUC along with a smoothed ROC curve and 

95% confidence band. ssGSEAscores were computed using the “gsva” package with the single-sample GSEA 

(ssgsea) algorithm. Expression data were obtained from the 

EBPlusPlusAdjustPANCAN_IlluminaHiSeq_RNASeqV2 dataset within the PanCanAtlas collection 

(geneExp.tsv), which was processed using the Firehose pipeline with MapSplice and RSEM, and normalized by 

setting the upper quartile value to 1,000. Comparisons of ssGSEAscore values between tumor and non-tumor 

tissues in GBM were performed using the Wilcoxon Rank Sum Test, while tumor versus adjacent-normal 

comparisons used the Wilcoxon Signed Rank Test. Model accuracy and calibration were evaluated through 

calibration curves and goodness-of-fit metrics. Additionally, changes in ssGSEAscore across GBM stages were 

examined using the Wilcoxon Rank Sum Test, and differences across multiple GBM progression categories were 

analyzed via the Kruskal–Wallis Rank Sum Test. 

 

Survival prognosis analysis of SUMOylation-related genes in GBM using ssGSEA 

To clarify how SUMOylation-associated signatures relate to patient outcomes in glioblastoma, enrichment values 

obtained from ssGSEA were incorporated into several survival models. Using the survival ecosystem in R, we 

generated survival curves for overall survival (OS), disease-specific survival (DSS), and progression-free interval 

(PFI). Group separation was established with the survminer package, which selected a cutoff ensuring that no 

survival group was reduced below a 0.3 ratio. The survfit procedure produced the survival estimates, and 

intergroup differences were examined through log-rank comparison. 

A broader view was obtained by subjecting sixteen eligible datasets to a Cox-based meta-analytic approach, with 

inverse-variance principles applied to log-transformed hazard ratios (HRs). HR values below 1 were interpreted 

as reflecting potential tumor-restraining activity, whereas values above 1 hinted at tumor-promoting behavior; 

however, this binary frame was not sufficient to encompass the wide regulatory scope of SUMOylation-related 

genes. All integrative statistics and visualization procedures were implemented in R (version 4.3.2) using the Meta 

package. 

Each gene was further examined individually through univariate Cox modeling using the coxph() function, and 

the corresponding HR estimates with 95% confidence intervals (CIs) were summarized in forest plots generated 

with the forestplot package. 

 

Core protein drug sensitivity screening 

To explore potential pharmacological agents targeting the core proteins of interest, we relied on an in silico 

screening strategy. Three-dimensional conformations for 321 FDA-approved compounds were retrieved from the 

ZINC repository, and the relevant protein domains were obtained as PDB files from the Protein Data Bank. The 

Libdock module in Discovery Studio 2019 (DS 2019) served as the computational engine for docking. 

Before docking simulations, receptor structures were refined by eliminating water molecules, optimizing overall 

geometry, and applying energy minimization routines to both protein and ligand structures. Critical residues were 

assigned appropriate ionization states; possible tautomeric variants were generated; non-polar hydrogens were 

removed; and Gasteiger–Marsili partial charges were applied. Docking runs assessed the compatibility of each 

compound with predicted binding pockets on the target proteins, generating interaction profiles that provide a 

foundation for subsequent structural optimization and experimental confirmation. 

 

CCK8 proliferation activity assay 

To evaluate growth responses to Paromomycin, U-251MG cells were plated at 5 × 10³ cells per well in 96-well 

plates and exposed to defined drug concentrations for 48 h. After exposure, 10 μL of CCK-8 reagent was added 

to each well, followed by a 2-h incubation period prior to measuring absorbance at 450 nm. For TSA assessment, 

cells received fresh medium containing 100 nM TSA for 24 h, with 0.1% DMSO serving as the vehicle control. 

All proliferation experiments were performed in triplicate. 
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qRT-PCR 

Total RNA extraction began by adding 1 mL of Trizol to each well, transferring the lysate to microtubes, and 

allowing a 10-min lysis period. Samples then underwent sonication, after which 200 μL chloroform was mixed in 

and centrifuged at 12,000 rpm for 15 min at 4°C. The aqueous layer was isolated, combined with 400 μL 

isopropanol, and centrifuged to precipitate RNA. The resulting pellet was dissolved in 20 μL of DEPC-treated 

water. Reverse transcription was conducted under the specified thermal program, and the synthesized cDNA was 

used for qRT-PCR quantification. 

 

Immunofluorescence 

Slides containing cultured cells were processed by incubating them in BSA for 1 h to block nonspecific 

interactions. Following rinsing, the slides were placed in primary antibody solutions overnight at 4°C: anti-CAS3 

diluted 1:250 or anti-SUMO1 diluted 1:100. On the next day, slides were washed in PBS and then incubated with 

a fluorescein-conjugated secondary antibody for 2 h at room temperature. After nuclear staining with DAPI and 

final washing steps, slides were fixed and visualized under a fluorescence microscope to assess CAS3 and SUMO1 

expression patterns across different cellular regions. 

 

Colony formation assay for U-251MG cells 

To determine longer-term growth potential following Paromomycin exposure, U-251MG cells were maintained 

in DMEM (Gibco BRL, MD, United States) supplemented with 10% FBS (HyClone). Cells were seeded at 500 

cells per well in six-well plates and allowed to adhere before drug treatment. Paromomycin or DMSO control was 

then applied, with treatment medium refreshed every 3–4 days. After a 10–14-day growth period, once colonies 

became evident, cultures were gently washed with PBS, fixed in 4% paraformaldehyde for 15 min, stained with 

0.5% crystal violet for 20 min, rinsed in distilled water, and left to dry for later quantification. 

 

Statistical analyses 

All statistical computations were conducted using GraphPad Prism 8.0 (GraphPad Software, La Jolla, CA, USA). 

Experiments were performed in triplicate to ensure reproducibility, and results are presented as mean ± standard 

deviation (SD). For comparisons between two groups, a two-tailed Student’s t-test was applied. Data normality 

was evaluated using the Shapiro-Wilk test, and homogeneity of variances was assessed with Levene’s test. When 

comparisons involved more than two groups, one-way analysis of variance (ANOVA) was conducted, followed 

by Tukey’s post hoc test to identify pairwise differences. Statistical significance was defined as a p-value ≤ 0.05. 

Relationship between SUMOylation-related gene expression and tumor prognosis 

We examined the impact of ten SUMOylation-associated genes (HDAC1, HDAC4, HDAC9, PIAS1, PIAS2, 

RAN, RANBP2, SUMO1, RANGAP1, and SUMO1) on overall survival (OS) across multiple cancer types 

(Figure 1). Forest plots illustrate hazard ratios (HRs) with 95% confidence intervals (CIs) for each gene in 

different malignancies. 

High HDAC1 expression was consistently associated with poorer OS and elevated risk in several cancers (Figure 

1a). HDAC4 exhibited a similarly strong prognostic value, with elevated expression linked to unfavorable 

outcomes (Figure 1b). HDAC6 followed the same trend, as demonstrated in Figures 1c and 1d, showing a clear 

correlation with reduced survival. PIAS1 (Figure 1e) and PIAS2 (Figure 1f) displayed variable prognostic effects, 

indicating that their influence may differ depending on the cancer type. Elevated RAN levels were correlated with 

decreased OS (Figure 1g), whereas higher expression of RANBP2 (Figure 1h) and RANGAP1 (Figure 1i) 

appeared protective, associated with improved survival. SUMO1 (Figure 1j) demonstrated context-dependent 

effects, acting as either a risk or protective factor depending on the malignancy examined. 

Collectively, these findings highlight the prognostic relevance of SUMOylation-related genes and suggest their 

potential utility as both predictive biomarkers and therapeutic targets across diverse cancer types. 
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a) b) c) d) 

    

e) f) g) h) 

  
i) j) 

Figure 1. Association between SUMOylation-Related Gene Expression and Tumor Prognosis. (a) Forest plot 

illustrating hazard ratios (HRs) and 95% confidence intervals (CIs) for HDAC1 expression across multiple 

cancer types, indicating its impact on overall survival (OS); red denotes increased risk, whereas blue 

represents a protective effect. (b) Similar analysis for HDAC4, showing its influence on OS in different 

malignancies through corresponding HR and CI values. (c) Depiction of HDAC6 expression effects on OS, 

highlighting its prognostic relevance. (d) Validation of HDAC6’s prognostic role using an independent 

dataset to confirm the observed associations. (e) HR and CI values for PIAS1, demonstrating its potential role 

in tumor progression and patient outcomes. (f) Forest plot for PIAS2, reflecting its prognostic significance 

across various cancers. (g) Association of RAN expression with OS, indicating its potential impact on 

survival. (h) Influence of RANBP2 expression on patient prognosis, with HR and CI values highlighting its 

predictive relevance. (i) Analysis of RANGAP1 expression in relation to OS, suggesting a survival-
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promoting role in certain contexts. (j) HR and CI values for SUMO1, illustrating its dual role as a risk or 

protective factor depending on cancer type. 

 

Relationship between SUMOylation-related gene expression and tumor prognosis 

We investigated expression patterns and promoter methylation of SUMOylation-associated genes across multiple 

cancer types to uncover potential epigenetic regulation and functional implications. Analyses of unpaired tumor 

versus normal samples (Figure 2a) and paired tumor-normal comparisons (Figure 2b) revealed both significant 

upregulation and downregulation of SUMOylation-related genes, indicating widespread transcriptional 

dysregulation. These trends were further validated using TCGA-GTEx integrated datasets (Figure 2c), confirming 

consistent expression alterations across independent cohorts. 

Promoter methylation profiling (Figure 2d) identified genes with marked differences between tumor and normal 

tissues, pointing to complex epigenetic control mechanisms. Correlation analysis between methylation levels and 

gene expression (Figure 2e) revealed both positive and negative associations, underscoring the nuanced 

regulatory relationships governing SUMOylation-related genes. Examination of delta methylation values (Figure 

2f) highlighted genes with abnormal epigenetic shifts, which may serve as candidate therapeutic targets. 

Collectively, these findings advance our understanding of the molecular networks modulating cancer progression 

and emphasize SUMOylation-related genes as promising biomarkers and intervention points for future research. 
 

  

a) b) 

 

 

c) d) 

 

 
e) f) 

Figure 2. Pan-Cancer Expression Profiles of SUMOylation-Related Genes. (a) Differential expression of 

SUMOylation-associated genes was evaluated across unpaired tumor and normal samples from multiple 

cancer types. Each row represents an individual gene, while each column corresponds to a distinct cancer. (b) 

Heatmap of paired tumor-normal samples illustrating expression differences of SUMOylation-related genes 
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within the same patients, using log2 fold-change (log2FC) values consistent with panel A. (c) Differential 

expression across TCGA-GTEx datasets is visualized as a dot plot, with log2FC values on the y-axis, dot size 

representing -log10 adjusted p-values, and colors indicating downregulation (blue) or upregulation (red). (d) 

Promoter methylation analysis of SUMOylation genes, where the heatmap gradient from white to dark blue 

reflects increasing methylation in tumor versus normal tissues. (e) Correlation between promoter methylation 

levels and gene expression is presented as a heatmap of Pearson correlation coefficients; dark blue represents 

strong negative correlations, while dark red indicates strong positive correlations. (f) Delta methylation 

values comparing tumor to normal tissues are illustrated in a bubble plot; bubble size corresponds to -log10 

p-values, and color reflects methylation direction (red for increased, blue for decreased). 

 

Promoter methylation analysis of SUMOylation-related genes 

A detailed evaluation of promoter methylation across SUMOylation-related genes was conducted. Analysis of the 

HDAC1 promoter revealed variability in methylated versus unmethylated sites, with pie and circular plots 

highlighting regions of high methylation. HDAC4 promoter analysis demonstrated notable heterogeneity across 

datasets, visualized using bar and pie charts. The HDAC6 promoter showed methylation changes by sample type, 

while HDAC9 displayed distinct methylation hotspots potentially impacting regulation. For MDM2, methylation 

patterns varied under different conditions. PIAS1 revealed differential methylation across experimental groups, 

whereas PIAS2 showed more consistent patterns. The RAN promoter highlighted methylation levels and 

chromatin accessibility, with additional visualizations of potential regulatory effects. RANBP2 exhibited 

moderate methylation variability, while RANGAP1 showed notable differences across samples. Finally, SUMO1 

demonstrated promoter methylation patterns potentially affecting expression, with bar charts, pie charts, and 

circular plots illustrating distribution and ATAC-seq peak locations across chromosomes. 

 

Pan-cancer analysis: CNV, methylation, and tumor mutation burden of SUMOylation-related genes 

A comprehensive investigation of genetic and epigenetic alterations of SUMOylation-associated genes across 

cancers was conducted. Figure 3a depicts Copy Number Variation (CNV) rates for these genes across 20 cancer 

types, with color-coded bars denoting each type. Figure 3b presents a bubble plot linking CNV to gene expression, 

where bubble size and color (red for positive correlation, blue for negative) indicate association strength and 

direction. Figures 3c and 3d illustrate the influence of Tumor Mutation Burden (TMB) and promoter methylation 

on gene expression, suggesting that CNV and hypermethylation contribute substantially to dysregulated 

expression in tumors. Figure 3e displays a heatmap of SUMOylation-related gene expression across tumor 

microenvironments, with rows representing genes and columns representing cancer types; color gradients indicate 

expression levels (pink = low, blue = high). These findings highlight the complex regulatory roles of 

SUMOylation genes in cancer and provide insights for potential targeted therapies. 

 

  
a) b) 
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c) d) 

 
e) 

Figure 3. Pan-Cancer Analysis of SUMOylation-Related Genes: CNV, Methylation, and Tumor Mutation 

Burden. (a) The bar plot illustrates copy number variation (CNV) frequencies of SUMOylation-associated 

genes across 20 cancer types. Each bar represents a distinct cancer, color-coded according to the legend. The 

vertical axis indicates the percentage of samples harboring CNVs, while the horizontal axis lists the 

corresponding cancer types. (b) Bubble plot showing the correlation between CNV and gene expression 

across cancers. Bubble color indicates the correlation direction (red for positive, blue for negative), and 

bubble size reflects correlation magnitude. (c) Association between tumor mutation burden (TMB) and 

SUMOylation-related gene expression is visualized as a bubble plot; bubble size represents significance, 

while color intensity indicates correlation strength. (d) Correlation between promoter methylation and gene 

expression across cancer types is shown in a bubble plot, with bubble size denoting significance and color 

representing correlation direction. (e) Heatmap of SUMOylation-related gene expression across diverse 

tumor microenvironments. Rows correspond to genes, columns to cancer types, and the color gradient from 

pink to blue indicates expression levels (low to high). 

 

Molecular docking and pathway enrichment analysis in LGG and GBM 

To identify key proteins linked to low-grade glioma (LGG) prognosis, we focused on HDAC1, PIAS1, PIAS2, 

RAN, and RANBP2, which were found to be significant markers of poor outcome. Three-dimensional structures 

of these proteins were retrieved from the PDB database, and 321 small-molecule ligands from the NCBI PubChem 

database were screened using molecular docking. Results demonstrated that Dfo, Paromomycin, and 5-

Methyltetrahydrofolate exhibited strong binding affinities with HDAC1, PIAS1, PIAS2, RAN, and RANBP2, 

suggesting their potential as therapeutic candidates targeting ubiquitin-like modification pathways in LGG 

(Figure 4b). 

Gene Set Enrichment Analysis (GSEA) was applied to multiple cancer types to identify pathways critical for 

tumor progression (Figure 4b). The dot plot presents normalized enrichment scores (NES), with dot size reflecting 

enrichment significance. Pathways including xenobiotic metabolism, epithelial-mesenchymal transition (EMT), 

and fatty acid metabolism were notably upregulated in cancer samples. Further, GSEA focused on SUMOylation-

related gene sets in glioblastoma (GBM) revealed enrichment of these genes in tumor versus control samples 



Mitchell et al., Paromomycin Inhibits HDAC1-Dependent SUMOylation and IGF1R Membrane Translocation in 

Glioblastoma 

 

 

102 

(Figure 4c). The enrichment score curve ranks genes by expression, with the histogram indicating their positions 

within the gene set. These analyses underscore the prominent role of SUMOylation in GBM tumorigenesis and 

highlight potential molecular targets for therapeutic intervention. 

 

 

 

a) 

 
c) b) 

Figure 4. Molecular docking and pathway enrichment analyses in Low-Grade Glioma (LGG) and 

Glioblastoma (GBM). (a) Core protein drug sensitivity and molecular docking heatmap: This heatmap 

illustrates the association between key proteins—HDAC1, PIAS1, PIAS2, RAN, and RANBP2—and patient 

prognosis in LGG, as identified through a pan-cancer analysis. These proteins were recognized as significant 

indicators of poor prognosis in LGG. To identify potential therapeutic compounds targeting these proteins, 

molecular docking simulations were conducted. Three-dimensional structures of the target proteins were 

obtained from the PDB database, and a set of 321 small-molecule ligands from the NCBI PubChem database 

were screened. Molecular docking was performed to evaluate ligand-protein binding affinities, quantified 

using LibDockScore. Results indicated that Dfo, Paromomycin, and 5-Methyltetrahydrofolate exhibited 

strong binding to HDAC1, PIAS1, PIAS2, RAN, and RANBP2, suggesting their potential as therapeutic 

candidates targeting ubiquitin-like modification pathways in LGG. (b) Pan-cancer GSEA enrichment 

analysis: The dot plot presents the results of gene set enrichment analysis (GSEA) across multiple cancer 

types. Normalized enrichment scores (NES) are indicated by color, with red representing enrichment in 

cancer samples and blue indicating enrichment in control samples. Dot sizes correspond to the significance of 

enrichment (-log10 FDR q-value). Key processes enriched in cancer include xenobiotic metabolism, 

epithelial-mesenchymal transition, and fatty acid metabolism. (c) GSEA of sumoylation-related gene sets in 

GBM: Enrichment analysis of sumoylation-associated genes in GBM compared to normal tissues was 

performed using the clusterProfiler package. The enrichment score curve depicts gene ranking based on 

expression levels, while the bar plot underneath shows gene positions in the ranked list, highlighting the 

extent of sumoylation-related activity enrichment in GBM. 

 

Prognostic evaluation of SUMOylation-related genes in GBM using ssGSEA: The prognostic value of 

SUMOylation-related genes in GBM was assessed via single-sample GSEA (ssGSEA). Kaplan-Meier survival 

analyses were performed for Overall Survival (OS), Progression-Free Interval (PFI), and Disease-Specific 

Survival (DSS), stratified by high versus low ssGSEA scores. Higher ssGSEA scores were associated with worse 
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OS (Figure 5a), (p = 0.022), shorter PFI (Figure 5b), (p < 0.001), and decreased DSS (Figure 5c), (p = 0.038). 

Further evaluation of OS confirmed these trends (Figure 5d), (p = 0.015). A combined analysis of multiple GBM 

datasets (CGGA301, CGGA325, CGGA693, Rembrandt, and TCGA) using univariate Cox regression revealed 

that elevated ssGSEA scores correlated with poorer survival outcomes, with a pooled hazard ratio (HR) of 0.71 

(95% CI: 0.47–1.06). No substantial heterogeneity was observed across datasets (Figure 5e). Additional analyses 

of individual SUMOylation-related genes reinforced their prognostic relevance for OS (Figure 5f), PFI (Figure 

5g), and DSS (Figure 5h). Collectively, these findings indicate that higher ssGSEA scores of SUMOylation-

related genes are linked to unfavorable prognosis in GBM, supporting their utility as potential prognostic 

biomarkers. 

 

  

c) b) 

  
c) d) 

 
e) 

   

f) g) h) 

Figure 5. Prognostic evaluation of SUMOylation-related genes in glioblastoma (GBM) using ssGSEA. (a–d) 

Kaplan-Meier survival analyses: Single-sample gene set enrichment analysis (ssGSEA) scores for 

SUMOylation-related genes were used to stratify GBM patients into high- and low-score groups. Survival 
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outcomes assessed included Overall Survival (OS, a), Progression-Free Interval (PFI, b), and Disease-

Specific Survival (DSS, c). Statistically significant differences between groups are indicated by p-values. 

Publicly available GBM datasets were used for this analysis. (e) Meta-analysis of univariate Cox regression 

for OS: A combined analysis of multiple GBM cohorts (CGGA301, CGGA325, CGGA693, Rembrandt, and 

TCGA) was performed. The forest plot presents log hazard ratios (logHR), standard errors (SE), hazard ratios 

(HR), 95% confidence intervals (CI), and study weights. A random-effects model calculated the pooled HR 

while accounting for heterogeneity among datasets. (f–h) Hazard ratios of individual SUMOylation-related 

genes: Forest plots depict the prognostic significance of individual genes for OS (f), PFI (g), and DSS (h) 

across the various GBM datasets, including p-values, HRs, and confidence intervals. These results provide 

insight into the potential prognostic relevance of each SUMOylation-related gene. 

 

Prognostic model of SUMOylation-related genes in GBM 

The study aimed to construct and validate a predictive model based on the expression of SUMOylation-related 

genes in GBM. The observed data are represented by the red line, while the dashed blue line indicates perfect 

prediction. The Hosmer-Lemeshow test confirmed good agreement between observed and predicted probabilities. 

ROC curve analysis suggested limited diagnostic accuracy. These results indicate that although the ssGSEA-based 

model is well-calibrated, its ability to discriminate tumor from normal tissues in GBM is modest, warranting 

further optimization to improve diagnostic utility. 

 

Paromomycin suppresses SUMOylation-related gene activity and reduces GBM cell viability 

Paromomycin treatment was found to inhibit SUMOylation-related gene expression and decrease the viability of 

GBM cells. As shown in Figure 6a, cell viability decreased in a dose-dependent manner. qRT-PCR analysis 

revealed significant reductions in mRNA levels of HDAC1, PIAS1, PIAS2, and RANBP2 with increasing 

Paromomycin concentrations (Figures 6b–6e). Immunofluorescence staining demonstrated enhanced caspase-3 

activity and decreased SUMO1 expression at higher Paromomycin doses (Figures 6f and 6g). Additionally, 

colony formation assays confirmed reduced glioma cell proliferation. 

In U-251MG glioblastoma cells, Paromomycin significantly reduced cell viability (Figure 7a). CCK8 assays 

indicated a dose-dependent decrease in OD450 values, which was more pronounced when Paromomycin was 

combined with the HDAC1 inhibitor TSA, suggesting enhanced antiproliferative effects. Colony formation assays 

further validated this inhibitory effect, showing a marked reduction in colonies in the Paromomycin group, while 

TSA co-treatment partially restored proliferation (Figures 7b and 7c). 

Transwell migration assays demonstrated that Paromomycin impaired U-251MG cell migration, an effect reversed 

by TSA co-treatment (Figure 7d). Immunofluorescence analyses revealed that Paromomycin reduced IGF1R 

nuclear translocation, potentially by altering SUMO1 modification, with TSA reversing this effect (Figure 7e). 

Overall, these results indicate that Paromomycin not only suppresses GBM cell survival and proliferation but also 

modulates key SUMOylation-related genes and pathways, suggesting its potential as a therapeutic agent for GBM 

(Figure 8). 

 

  
a) b) 
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c) d) e) 

  
f) g) 

Figure 6. Impact of Paromomycin on U-251MG Glioblastoma Cell Viability, Gene Expression, Apoptosis, 

SUMOylation, and Colony Formation. (a) Cell viability assessment: The CCK8 assay was used to measure 

U-251MG cell proliferation following treatment with different concentrations of Paromomycin (20, 50, and 

100 mg/L). A dose-dependent decrease in optical density (OD450) was observed, indicating that 

Paromomycin effectively suppresses cell growth. b–e) qRT-PCR analysis of SUMOylation-related genes: 

Relative mRNA levels of HDAC1, PIAS1, PIAS2, and RANBP2 were measured after Paromomycin 

treatment at varying doses. The results demonstrated significant, dose-dependent downregulation of these 

genes, with the strongest suppression at 100 mg/L. Statistical significance is indicated as **p < 0.01 and ***p 

< 0.001 compared to untreated controls. (f) Apoptosis evaluation: Immunofluorescence staining for caspase-3 

(red), an apoptosis marker, revealed increased expression in cells treated with escalating doses of 

Paromomycin, suggesting induction of apoptosis. (g) Assessment of SUMOylation: Immunofluorescence for 

SUMO1 (red), with nuclei counterstained using DAPI (blue), showed a marked reduction in SUMO1 levels 

across all Paromomycin concentrations, indicating inhibition of protein SUMOylation. 

 

  
a) b) 
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e) 

Figure 7. Paromomycin’s effects on proliferation, colony formation, migration, and SUMOylation in U-

251MG glioblastoma cells. (a) Proliferation assay: U-251MG cells were exposed to Paromomycin alone or 

combined with TSA, and cell growth was measured via CCK8. Results indicate that Paromomycin markedly 

reduced cell proliferation relative to the negative control, with a further decrease observed when co-

administered with TSA (*p < 0.001). (b) Colony formation quantification: The relative percentage of colony 

formation was calculated, showing that both Paromomycin alone and its combination with TSA substantially 

diminished colony numbers compared with the control group (*p < 0.001, **p = 0.002). (c) Representative 

colony images: Microscopic examination demonstrates that Paromomycin reduces colony size and density, 

and the effect is amplified with TSA co-treatment. (d) Cell migration assessment: Transwell assays reveal 

that Paromomycin restricts U-251MG cell migration. Cells treated with Paromomycin displayed fewer 

migrating cells, and co-treatment with TSA modified this effect. (e) SUMO1 and IGF1R localization: 

Immunofluorescence staining was performed for SUMO1 (red) and IGF1R (green), with nuclei 

counterstained with DAPI (blue). Paromomycin decreased IGF1R nuclear translocation, suggesting a 

potential link between its effect on IGF1R trafficking and SUMO1 modification. 
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Figure 8. Combined bioinformatics and experimental investigation of Paromomycin targeting HDAC1 in 

GBM. 

Results and Discussion 

Glioblastoma (GBM) is an extremely aggressive brain malignancy characterized by poor survival outcomes and 

a high likelihood of recurrence. Despite advances in research and clinical management, the five-year survival rate 

for GBM patients remains below 5%, underscoring the urgent need for novel therapeutic approaches [38, 65]. Our 

results indicate that Paromomycin, an aminoglycoside antibiotic, can effectively target HDAC1, thereby inhibiting 

GBM progression. Recent technological and molecular advances have greatly enhanced disease understanding, 

facilitating the development of targeted therapeutic strategies [66-68]. 

Extensive studies of gene expression and regulatory mechanisms within biological systems have yielded crucial 

insights into gene function and regulation [69-71]. Protein-protein interaction networks and their regulatory 

variations are increasingly recognized as central to cell signaling and functional control, highlighting their 

importance in disease biology [72-74]. Such research not only deepens our understanding of pathophysiology but 

also provides a solid foundation for experimental and clinical treatment strategies [17, 75-79]. 

The integration of bioinformatics and large-scale datasets is becoming increasingly critical for identifying 

biomarkers, improving disease diagnosis, and predicting clinical outcomes [80-83]. Insights into cell death 

pathways, metabolic regulation, and cytokine signaling have expanded potential therapeutic targets and informed 

drug development [84-88]. Additionally, studies examining exercise-mediated regulation of monocyte gene 

expression in Alzheimer’s disease have suggested novel therapeutic avenues [89-91]. 

Our analysis revealed that high HDAC1 expression is associated with poor prognosis across multiple cancer types, 

indicating its potential utility as both a prognostic biomarker and a therapeutic target. Using a combination of 

bioinformatics and experimental validation, we show that Paromomycin can selectively inhibit HDAC1 to 

suppress GBM cell growth. Evaluation of SUMOylation-related genes across various cancers highlighted distinct 

expression patterns and methylation differences, supporting the relevance of epigenetic regulation in malignancy. 

HDAC1 is a pivotal histone deacetylase that regulates chromatin structure and gene expression by removing acetyl 

groups from histones [92]. It plays essential roles in controlling cell cycle progression, differentiation, and 

apoptosis [93]. Dysregulated HDAC1 contributes to the development and aggressiveness of cancers, including 

GBM, by promoting cell proliferation, migration, and resistance to apoptosis. Overexpression of HDAC1 

suppresses tumor suppressor genes and activates oncogenic pathways, enhancing tumor survival. Its role in 

https://www.frontiersin.org/files/Articles/1490878/fphar-15-1490878-HTML-r1/image_m/fphar-15-1490878-g008.jpg
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maintaining the self-renewal capacity of GBM stem cells further complicates treatment, as these cells are resistant 

to standard therapies [94]. 

Our study demonstrates that Paromomycin inhibits HDAC1, counteracting harmful epigenetic modifications that 

drive GBM progression. By targeting HDAC1, Paromomycin may reactivate genes that limit proliferation or 

promote apoptosis, potentially enhancing the effectiveness of conventional therapeutic regimens. 

The pursuit of targeted therapies has become central to improving clinical outcomes while reducing side effects, 

driving advances in precision medicine [95-97]. Among potential candidates, Paromomycin—a well-known 

aminoglycoside antibiotic—has rarely been explored for anticancer activity [98]. Through in silico molecular 

docking of FDA-approved compounds, Paromomycin emerged as a promising inhibitor of HDAC1, 

demonstrating strong binding interactions that suggest its capacity to modulate both HDAC1 activity and the 

SUMOylation pathway. This mechanism presents a novel opportunity to specifically target SUMOylation in 

glioblastoma (GBM) and potentially develop new therapeutic approaches. 

Our study indicates that Paromomycin may effectively suppress GBM growth by interfering with HDAC1 and 

regulating IGF1R SUMOylation, offering a strategy that could also be extended to other cancers [99]. HDAC1 

(histone deacetylase 1) is a key epigenetic regulator that alters chromatin structure via deacetylation, often 

promoting oncogenic gene expression across multiple tumor types [100]. In GBM, aberrant HDAC1 function is 

linked to enhanced proliferation, invasiveness, and poor clinical outcomes. Therefore, inhibiting HDAC1 with 

Paromomycin may disrupt critical HDAC1-driven signaling, reducing tumor cell proliferation and aggressiveness. 

Experimental validation supports this mechanism. Paromomycin specifically targets SUMOylated HDAC1 in 

GBM cells, significantly reducing proliferation, motility, and invasiveness [45, 101, 102]. In U-251MG cells, 

CCK-8 assays demonstrated a clear dose-dependent reduction in viability, confirming the drug’s antiproliferative 

effect. qRT-PCR analyses further revealed decreased expression of HDAC1 and other SUMOylation-related 

genes, including PIAS1, PIAS2, and RANBP2. Immunofluorescence staining showed elevated caspase-3 levels 

alongside reduced SUMO1 expression, indicating activation of apoptosis and suppression of protein 

SUMOylation. 

Beyond GBM, advances in targeted therapy have enhanced treatment efficacy, reduced toxicity, and promoted 

precision medicine initiatives [95]. Systematic reviews and meta-analyses have contributed substantially to 

biomedical research, particularly in drug discovery and bioinformatics, bridging fundamental studies with 

translational applications [103]. Insights into cell death mechanisms and metabolic regulation have further 

identified promising therapeutic targets [104], while selective inhibition of proteins or signaling pathways has 

improved treatment specificity and potency [105]. For example, kiwi root extract has shown efficacy against 

gastric cancer [106], and integrating contemporary technology with traditional Chinese medicine provides 

innovative perspectives in drug development [107]. Recent advances in materials science have enabled the 

creation of novel composites with broad applications in biomedical engineering [108]. 

Traditionally, Paromomycin has been used to treat intestinal infections and amebiasis [109]. Its emerging role in 

cancer therapy highlights its potential to inhibit HDAC1, altering tumor cell epigenetics and reducing proliferation 

and invasiveness. Nuclear IGF1R, a key regulator of proliferation and survival, appears influenced by 

Paromomycin via SUMOylation modulation, further contributing to its antitumor effect. Given its established 

pharmacological profile, safety, and clinical usage, repurposing Paromomycin as an HDAC1-targeted agent offers 

a cost-effective strategy for GBM treatment, with broader implications for other malignancies. 

In both tumors and neurological disorders, SUMOylation plays a pivotal role in regulating key cellular processes 

such as proliferation, differentiation, and apoptosis by modulating the function of specific proteins and receptors 

[110]. Among these, IGF1R, a transmembrane receptor tyrosine kinase, is critical for cell growth, differentiation, 

survival, and metabolic regulation [111] Beyond its general cellular functions, IGF1R is essential for nervous 

system development, neuronal survival, and synaptic plasticity, linking its functional regulation closely to the 

progression of multiple diseases [112]. SUMOylation of IGF1R has been shown to influence downstream 

signaling efficiency, thereby potentially restraining tumor cell proliferation and migration [113]. Therapeutically, 

targeting IGF1R SUMOylation could provide a distinct advantage over conventional IGF1R inhibitors by 

minimizing off-target effects while enhancing efficacy [113, 114] 

HDAC1 contributes not only to acetylation dynamics but also interacts with other post-translational modifications, 

including SUMOylation. The activity of HDAC1 may affect the expression or function of SUMO-related 

enzymes, thereby modulating the SUMOylation status of proteins such as IGF1R. Consequently, HDAC1 

inhibitors, including Paromomycin, could influence IGF1R signaling in tumors through changes in its 
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SUMOylation, providing insight into the interplay between HDAC1 activity and SUMOylation in tumor 

progression. Targeting HDAC1 to control IGF1R SUMOylation represents a promising strategy in cancer 

research, offering potential therapeutic opportunities and addressing drug resistance. Our data indicate that 

HDAC1 activity may regulate IGF1R nuclear translocation, with inhibition of HDAC1 potentially reducing 

IGF1R SUMO1 modification, thereby altering its nuclear localization and downstream signaling. 

Although our analysis did not reveal a significant correlation between HDAC1 expression and overall survival in 

GBM, nor pronounced differences in methylation levels, this does not negate SUMOylation’s role in tumor 

biology. SUMOylation is a complex post-translational modification influencing tumor growth through diverse 

mechanisms. The absence of a strong association between HDAC1 or other SUMO-related genes and GBM in 

our dataset may reflect context-dependent or indirect effects, rather than the lack of functional relevance. For 

example, HDAC1-mediated regulation of IGF1R SUMOylation could affect cellular proliferation and 

invasiveness under specific conditions, yet these effects may be obscured in heterogeneous clinical datasets. Given 

that SUMOylation involves multiple proteins and genes, its impact may vary across tumor types or stages. Even 

when statistical significance is limited, unexamined SUMO-related genes or specific subgroups may still play 

critical roles. SUMOylation can influence both tumor-suppressive and oncogenic proteins, such as enhancing 

MDM2 activity, which promotes proliferation and survival [115], particularly in gliomas and other cancers. It also 

plays a central role in nuclear translocation of proteins [114, 116], underscoring the need for further investigation 

into individual SUMO-related genes and subtype-specific effects. 

Exercise has been shown to affect nuclear translocation across numerous signaling pathways, including those 

regulating metabolism and cellular repair [117]. Physical activity can slow tumor progression by modulating 

immune responses, reducing pro-inflammatory factors, and improving metabolic homeostasis. The exercise-

induced regulation of nuclear translocation is crucial for cell adaptation, repair, and antioxidant responses. If 

Paromomycin modulates nuclear translocation pathways through HDAC1, it could potentiate the beneficial effects 

of exercise, particularly in elderly or chronically ill individuals where adaptive metabolic responses are limited. 

As an HDAC1 inhibitor, Paromomycin may influence gene expression, metabolic regulation, and anti-tumor 

mechanisms linked to exercise, although further experimental validation is required. 

Overall, precision medicine approaches, including targeted therapies and immunotherapies, are being actively 

explored to enhance patient outcomes and quality of life [36, 118]. Integration of multi-omics, bioinformatics, 

and machine learning approaches—such as small molecule screening, deep learning, and pathway analysis—

offers new avenues for personalized treatment strategies [96, 119-121]. Clinical decision-making tools, including 

shared decision-making frameworks and checklists, are recommended to optimize therapy selection and patient 

engagement [29, 31]. Improvements in drug delivery systems and nanotechnology could further enhance 

therapeutic targeting and efficacy. Combining Paromomycin with other treatment modalities may strengthen its 

therapeutic impact, providing a comprehensive strategy against GBM. These findings provide a foundation for 

future drug development and translational research to bring HDAC1- and SUMOylation-targeted therapies to 

clinical application [95, 122-125]. Further studies are warranted to elucidate the precise molecular mechanisms 

of Paromomycin in modulating HDAC1 and the SUMOylation pathway, including gene expression and 

methylation analyses in human GBM samples, to ensure clinical relevance. 

Conclusion 

This research underscores the pivotal influence of SUMOylation-associated genes on cancer outcomes. 

Paromomycin demonstrates therapeutic potential in glioblastoma (GBM) by inhibiting cell proliferation and 

migration, as well as modulating SUMO1 modification and IGF1R nuclear translocation. These results indicate 

that interfering with SUMOylation pathways using Paromomycin could represent a promising approach for GBM 

therapy, opening avenues for the development of novel targeted cancer treatments. 
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