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Abstract:  

Background: Glioblastoma multiforme (GBM) is the most aggressive primary brain tumor, characterized 

by high heterogeneity and poor prognosis. Despite advances in understanding its genetic and epigenetic 

alterations, prognostic models based on epigenetic modifications remain underexplored. This study aimed to 

develop a robust prognostic signature for GBM by integrating multi-omics data to unravel the molecular 

mechanisms underlying tumor progression and therapeutic resistance. 

Methods: We analyzed single-cell transcriptome data (GSE182109) from 44 glioma samples, identifying 

seven distinct cell populations and quantifying epigenetic scores via ssGSEA based on 801 epigenetics-

related genes from the EpiFactors database. Weighted gene co-expression network analysis (WGCNA) was 

performed on TCGA-GBM data to identify epigenetic modification-related genes. A Random Survival 

Forest (RSF) model was developed and validated using TCGA (n=153) and two CGGA cohorts (n=693 and 

n=325). Functional enrichment, pathway analysis, and tumor microenvironment characterization were 

conducted using GSEA, IOBR, and CIBERSORTx. Drug sensitivity analysis was performed, and pan-

cancer validation was conducted across 29 TCGA cancer types. 

Results: Single-cell analysis revealed elevated epigenetic scores in recurrent GBM (rGBM) compared to 

newly diagnosed GBM (ndGBM), particularly in myeloid cells (P<0.05).    WGCNA identified 533 

epigenetic modification-related genes, and the RSF model demonstrated superior prognostic performance 

with C-indices of 0.918 (TCGA), 0.605 (CGGA693), and 0.652 (CGGA325). High-risk patients showed 

enrichment in KRAS signaling (HR=2.31) and reactive oxygen species pathways (HR=1.89). Tumor 

microenvironment analysis revealed higher T-cell infiltration (P<0.001) and tumor neo-antigen burden 

(P=0.00497) in low-risk groups. Drug sensitivity analysis identified differential responses to temozolomide 

(P=0.0365) and paclitaxel (P=0.0262) between risk groups. Pan-cancer validation showed prognostic 

significance in Kidney Renal Clear Cell Carcinoma (HR>1, P<0.001). 

Conclusion: This study developed a novel epigenetic signature that can effectively stratifies GBM patients 

into distinct prognostic groups, providing insights into tumor progression and treatment response. Further 

validation studies are needed to translate these findings into clinical practice. 

Keywords: Glioblastoma multiforme; Epigenetic modification; Random survival forest; Single-cell 

analysis; Tumor microenvironment; Drug sensitivity 

1. Introduction 

 

Glioma is the most common primary malignant 
tumor of the central nervous system in adults. 

Based on pathological grade by the World Health 
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Organization (WHO), gliomas can be divided into 

glioblastoma multiforme (GBM) and lower-grade 

glioma (LGG)(1). GBM, a grade IV malignancy, 

is a common malignant brain tumor found mainly 

in the elderly aged 75 to 84 years and is more 

prevalent in males(2). Besides, it’s also the most 

aggressive primary malignant tumor of the central 

nervous system (CNS), characterized by its 

extreme biological aggressiveness and capacity to 

extensively infiltrate surrounding brain tissue(3). 

Due to the highly invasive nature of GBM, 

complete surgical resection remains challenging. 

There are multiple hypotheses regarding the origin 

of GBM, with the prevailing theories suggesting 

that it arises from neural stem cells or gliocytes 

with stem-like properties, or from both, as 

proposed by the "double origin" hypothesis. It is 

widely recognized that the development of some 

GBMs involves mutations in genes such as IDH, 

EGFR, TP53, and PTEN(4-6), as well as 

alterations in signaling pathways including RTK , 

Notch, and WNT(7-9), leading to aberrant cellular 

behavior. In addition to traditional genetic 

alterations, epigenetic modifications, such as 

DNA methylation(10), have also been implicated 

in GBM pathogenesis. Furthermore, studies have 

shown that differences in histone modifications 

are associated with cellular and tissue atypia and 

differentiation status(11). Although epigenetic 

modifications play a significant role in the 

pathogenesis of GBM, prognostic models based 

on epigenetic genes remain unclear, and their 

clinical application and predictive value require 

further investigation. 

Previous studies have attempted to predict the 

prognosis and therapeutic response of GBM 

patients using various biomarkers, including 

cfDNA(12) and protein molecules in blood, 

immune-related lncRNAs(13) in tumor tissue, and 

immune cell infiltration in the tumor 

microenvironment(14). However, optimizing 

treatment strategies and accurately predicting drug 

efficacy for different GBM subtypes remain 

significant challenges. In this study, we employed 

a multi-omics analysis based on pathological and 

omics data from GBM patients in different public 

databases. Using machine learning approaches, 

we aimed to identify novel therapeutic strategies 

and mechanisms of drug resistance, providing 

new insights into the treatment of GBM. 

2. Materials and Methods 

2.1 Data Source 

The data utilized in this study were sourced from 

multiple publicly available databases to ensure 

comprehensive analysis and robust validation. 

Single-cell transcriptome data (GSE182109), 

comprising 44 samples including LGG, newly 

diagnosed glioblastoma (ndGBM), and recurrent 

glioblastoma (rGBM), were obtained from the 

Gene Expression Omnibus (GEO) database 

(https://www.ncbi.nlm.nih.gov/geo/) for in-depth 

single-cell analysis(15). For the identification of 

differentially expressed genes in glioblastoma, we 

integrated data from The Cancer Genome Atlas 

(TCGA) database 

(https://portal.gdc.cancer.gov/)(16) and the 

Genotype-Tissue Expression (GTEx) project 

(https://www.genome.gov/Funded-Programs-

Projects/Genotype-Tissue-Expression-

Project)(17). Specifically, the TCGA-GBM 

dataset included 153 GBM samples and 5 adjacent 

normal tissue samples, while the GTEx dataset 

provided 2,642 normal control samples. These 

datasets were merged after applying batch effect 

correction to ensure data consistency. 

Furthermore, the TCGA-GBM dataset served as 

the primary training set for our analyses. To 

validate our findings, we employed two 

independent cohorts from the Chinese Glioma 

Genome Atlas (CGGA) database 

(https://www.cgga.org.cn/)(18), which included 

693 and 325 GBM samples, respectively, along 

with detailed clinical and survival information. 

These external validation sets were instrumental 

in assessing the generalizability and robustness of 

our results. 

2.2 Single-Cell Analysis 

2.2.1 Preprocessing 

Single-cell transcriptome data (GSE182109) were 

processed using the Seurat package (v5.1.0) 

(https://CRAN.R-project.org/package=Seurat) in 

R (v4.4.0)(19). Raw count matrices for each 

sample were loaded using the Read10X function, 

and Seurat objects were created with a minimum 

of 3 cells and 250 features per cell. Quality 

control metrics, including the percentage of 

mitochondrial and ribosomal genes, were 

calculated using the PercentageFeatureSet 

function. Cells were filtered based on stringent 

criteria: those with fewer than 200 or more than 

6,000 genes, more than 20,000 unique molecular 

https://www.ncbi.nlm.nih.gov/geo/
https://www.cgga.org.cn/
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identifiers (UMIs), or more than 10% 

mitochondrial gene content were excluded. Data 

normalization was performed using the 

NormalizeData function, and highly variable 

genes were identified with the 

FindVariableFeatures function. The data were 

then scaled using the ScaleData function. 

Principal component analysis (PCA) was 

conducted, and the top 30 principal components 

were selected for downstream analysis. Batch 

effects were corrected using Harmony 

(v1.2.0)(20), and uniform manifold approximation 

and projection (UMAP) was performed for 

dimensionality reduction(21). 

2.2.2 Analysis 

Clustering was performed using the 

FindNeighbors and FindClusters functions with a 

resolution of 0.5. Differentially expressed genes 

(DEGs) between clusters were identified using the 

FindAllMarkers function, applying a minimum 

expression fraction of 25% and a log-fold change 

threshold of 0.5. Cluster annotation was 

conducted using the scMayoMap package (v0.2.0) 

with the brain tissue database(22). Cell types were 

manually annotated based on marker gene 

expression(23), including PTPRC, ITGAM, CD68 

(myeloid cells), SOX2, OLIG1, GFAP (glioma 

cells), CD3E, CD4, CD8A (T cells), CD79A, 

CD19 (B cells), ACTA2, PDGFRB (pericytes), 

EMCN, MYCT1 (endothelial cells), and OLIG2, 

MBP (oligodendrocytes). Epigenetic scores were 

calculated using single-sample gene set 

enrichment analysis (ssGSEA) with the GSVA 

package (v1.42.0)(24), based on 801 epigenetics-

related genes curated from the EpiFactors 

database (https://epifactors.autosome.org/)(25). 

Statistical comparisons of epigenetic scores across 

cell types and conditions were performed using 

the t-test with Benjamini-Hochberg correction for 

multiple testing. Differential gene expression 

analysis between high and low epigenetic score 

groups was conducted using the FindMarkers 

function, applying a minimum expression fraction 

of 25% and a log-fold change threshold of 0.25. 

Significant DEGs were identified and exported for 

further analysis. 

2.3 Weighted Gene Co-expression Network 

Analysis (WGCNA) 

To identify co-expression modules associated 

with epigenetic regulation, we performed a 

weighted gene co-expression network analysis 

(WGCNA) using the WGCNA package (v1.72.5) 

in R(26). The analysis was conducted on the 

TCGA-GBM transcriptomic dataset, normalized 

as transcripts per million (TPM) values. A total of 

801 epigenetics-related genes were used as the 

input gene set also. The TPM data were log2-

transformed and filtered to retain genes with a 

standard deviation greater than zero. Sample 

clustering was performed to detect and remove 

outliers using hierarchical clustering with a 

threshold of 60,000. The soft thresholding power 

was determined by evaluating the scale-free 

topology model fit and mean connectivity, and a 

fit power was selected for network construction. A 

signed network was built using the 

blockwiseModules function, with a minimum 

module size of 50 and a merge cut height of 0.15. 

Modules were identified and assigned colors for 

visualization. 

Module-trait relationships were assessed by 

calculating the correlation between module 

eigengenes (MEs) and the epigenetic scores 

derived from ssGSEA. Significance was 

determined using Student’s asymptotic p-value, 

and heatmaps were generated to visualize the 

associations. Gene significance (GS) for 

epigenetic scores and module membership (MM) 

were computed for each gene, and scatterplots 

were used to evaluate the relationship between 

MM and GS for key modules. The feature 

module, which exhibited the strongest association 

with epigenetic scores, was selected for further 

analysis. Genes within this module were extracted 

and subjected to functional enrichment analysis to 

identify potential biological pathways. 

2.3 Machine Learning for Survival Analysis 

To construct and validate prognostic models, we 

employed a comprehensive machine learning 

framework using the TCGA-GBM dataset as the 

training set and two independent cohorts from the 

Chinese Glioma Genome Atlas (CGGA) as 

validation sets. The analysis included 10 machine 

learning algorithms: Random Survival Forest 

(RSF), CoxBoost, Elastic Net (Enet), Gradient 

Boosting Machine (GBM), Lasso, Partial Least 

Squares Regression for Cox (plsRcox), Ridge 

Regression, Stepwise Cox Regression (StepCox), 

Supervised Principal Components (SuperPC), and 

Survival Support Vector Machine (survival-

SVM)(23, 27). Each algorithm was implemented 

https://epifactors.autosome.org/
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with appropriate hyperparameter tuning and cross-

validation to ensure robustness. 

For RSF, the model was trained using 1,000 trees 

with a node size of 5 and the log-rank splitting 

rule. CoxBoost was optimized using a penalty 

parameter determined by 10-fold cross-validation. 

Elastic Net models were evaluated with alpha 

values ranging from 0.1 to 0.9 to balance L1 and 

L2 regularization. GBM was trained with 10,000 

trees, a learning rate of 0.001, and 10-fold cross-

validation to determine the optimal number of 

trees. Lasso and Ridge models were implemented 

using 10-fold cross-validation to select the best 

lambda value. plsRcox was applied with 10 

components, and StepCox was evaluated in three 

directions: forward, backward, and both. SuperPC 

was used with 10-fold cross-validation and 20 

thresholds, while survival-SVM was implemented 

with a gamma value of 1. 

Model performance was assessed using the 

concordance index (C-index) across the training 

and validation datasets. The C-index reflects the 

model's ability to correctly rank survival times. 

The results were visualized using heatmaps and 

bar plots to compare the performance of different 

algorithms across datasets. The top-performing 

models were further analyzed to identify key 

prognostic features and their biological relevance. 

2.4 External Validation 

To validate the prognostic model, the trained best 

performance model was applied to two 

independent external validation cohorts from the 

CGGA: CGGA325 and CGGA693. Risk scores 

were calculated for each patient in the validation 

cohorts using the best performance model, and 

patients were stratified into high-risk and low-risk 

groups based on the median risk score. Kaplan-

Meier survival analysis was performed to compare 

survival outcomes between the risk groups, with 

statistical significance assessed using the log-rank 

test. Time-dependent receiver operating 

characteristic (ROC) curves (28)were constructed 

to evaluate the model's predictive accuracy at 1, 3, 

and 5 years. The area under the curve (AUC) and 

95% confidence intervals (CI) were calculated to 

quantify the model’s performance. 

2.5 Functional Enrichment and Pathway 

Analysis 

To explore the biological mechanisms underlying 

the prognostic model, we performed functional 

enrichment and pathway analysis. DEGs between 

high-risk and low-risk groups were identified 

using the limma package(29), with a significance 

threshold of adjusted p-value < 0.05. GSEA was 

conducted using the Hallmark gene sets from the 

Molecular Signatures Database (MSigDB)(30, 31) 

to identify enriched pathways. Kaplan-Meier 

survival analysis was performed for key pathways 

to assess their prognostic value, with patients 

stratified into high and low expression groups 

based on the median gene set variation analysis 

(GSVA) score. Hazard ratios (HR) and 95% CI 

were calculated using Cox proportional hazards 

models to evaluate the association between 

pathway activity and survival outcomes. 

2.6 Nomogram Construction and Validation 

To facilitate clinical application, a nomogram was 

constructed based on the multivariate Cox 

proportional hazards model incorporating age, 

gender, tumor type, and the standardized risk 

score. The nomogram was developed using the 

rms package in R, with survival probabilities 

predicted at 1, 3, and 5 years. Calibration curves 

were generated to assess the agreement between 

predicted and observed survival outcomes, using 

500 bootstrap resamples to ensure reliability. The 

discriminative ability of the nomogram was 

evaluated using the C-index and time-dependent 

C-index analysis. Decision curve analysis (DCA) 

was performed to compare the clinical utility of 

the nomogram against individual predictors, 

including age, gender, tumor type, and the risk 

score. The C-index was calculated using the pec 

package(32), and DCA was conducted using the 

rmda package (v1.6) (https://CRAN.R-

project.org/package=rmda). 

2.7 Tumor Microenvironment and Immune 

Analysis 

2.7.1 Immune Cell Infiltration Analysis 

To characterize the tumor microenvironment 

(TME), we performed immune cell infiltration 

analysis using the IOBR package (v0.99.0) in 

R(33). Seven deconvolution methods were applied 

to estimate immune cell proportions: 

CIBERSORT 

(https://cibersortx.stanford.edu/)(34), EPIC 

(https://rdrr.io/github/ GfellerLab/ 

EPIC/man/EPIC.package.html)(35), MCP-

counter(36), xCell(37), ESTIMATE(38), 

TIMER(39), and quanTIseq(40). Additionally, 

https://cibersortx.stanford.edu/
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immune cell infiltration scores were calculated 

using the ssGSEA approach based on predefined 

immune gene signatures. The results from these 

methods were integrated into a comprehensive 

TME dataset. 

For visualization, correlation plots were generated 

to compare immune cell infiltration patterns 

between high-risk and low-risk groups. Kaplan-

Meier survival analysis was performed for key 

immune cell types, and statistical significance was 

assessed using the log-rank test. Boxplots and 

scatterplots were used to visualize differences in 

immune cell infiltration and their correlation with 

risk scores. 

2.7.2 Tumor Mutational Burden and 

Neoantigen Analysis 

Tumor mutational burden (TMB) and tumor 

neoantigen burden (TNB) were calculated using 

the maftools package (v2.20.0)(41) and TCIA 

neoantigen data(42), respectively. TMB and TNB 

values were log2-transformed and compared 

between high-risk and low-risk groups using the 

Wilcoxon rank-sum test. 

To evaluate the combined prognostic value of risk 

scores, TMB, and TNB, patients were stratified 

into subgroups based on risk score and TMB/TNB 

status. Kaplan-Meier survival curves were 

generated for these subgroups, and the log-rank 

test was used to assess differences in survival 

outcomes. 

2.8 Drug Sensitivity Analysis 

To evaluate the potential therapeutic implications 

of the prognostic model, drug sensitivity analysis 

was performed using the pRRophetic package 

(v0.5) in R(43). Gene expression data from the 

TCGA-GBM cohort were used to predict drug 

sensitivity scores (IC50 values) for a panel of 138 

drugs from the Cancer Genome Project (CGP) 

dataset (http://www.sanger.ac.uk/genetics/CGP/). 

Patients were stratified into high-risk and low-risk 

groups based on their risk scores, and differences 

in drug sensitivity between the groups were 

assessed using the Wilcoxon rank-sum test. 

Statistical significance was defined as p < 0.05. 

Box plots were generated to visualize the 

distribution of IC50 values for each drug, with p-

values annotated on the plots. 

2.9 Pan-Cancer Analysis 

To evaluate the generalizability of the prognostic 

model across different cancer types, we performed 

a pan-cancer analysis using data from TCGA. The 

analysis included 29 cancer types, covering major 

organ systems such as breast and gynecologic 

cancers, respiratory cancers, digestive cancers, 

urinary cancers, and others. Gene expression data 

and clinical survival data were downloaded for 

each cancer type using the UCSCXenaTools 

package (v1.6.0)(44). 

The best performance model trained on the 

TCGA-GBM dataset was applied to each cancer 

type to predict risk scores. Patients were stratified 

into high-risk and low-risk groups based on the 

median risk score, and survival differences were 

assessed using Cox proportional hazards models 

and Kaplan-Meier analysis. HR and 95% CI were 

calculated for each cancer type, and statistical 

significance was defined as p < 0.05. 

Results were visualized using a forest plot, with 

cancer types grouped by organ system. The plot 

included HR, p-values, and sample sizes for each 

cancer type. Kaplan-Meier survival curves were 

generated for significant associations. 

3. Results 

The research process is shown in Figure 1. 
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Figure 1. Study Flowchart 

 

3.1 Single-Cell Analysis Uncovers Cellular 

Diversity and Epigenetic Landscapes in the 

Glioma Microenvironment 

Our comprehensive single-cell analysis revealed 

intricate cellular heterogeneity within the glioma 

microenvironment. Through t-SNE dimensional 

reduction analysis (Figure 2A), we identified and 

visualized seven distinct cellular populations: 

Glioma cells, Myeloid cells, T cells, 

Oligodendrocytes, B cells, Pericytes, and 

Endothelial cells. These populations exhibited 

clear spatial segregation in the t-SNE plot, 

reflecting their unique transcriptional signatures. 

The characteristic gene expression profiles of each 

cell type were further illustrated through a dot plot 

(Figure 2B), providing molecular evidence for cell 

type identification. 

To investigate the epigenetic landscape across 

these cellular populations, we implemented 

ssGSEA to quantify epigenetic modification 

levels. The resulting epigenetic scores, visualized 

through t-SNE dimensionality reduction, revealed 

that Glioma cells consistently exhibited the 

highest epigenetic scores among all cell types 

(Figure 2C). This observation prompted us to 

explore potential functional differences in 

epigenetic regulation between immune and non-

immune cell populations. 

Our comparative analysis of epigenetic scores 

across different glioma grades (Figure 2D) 

revealed a progressive increase from ndGBM to 

LGG and rGBM. This gradient pattern suggests a 

potential correlation between epigenetic 

modification levels and glioma progression. 

Notably, LGG consistently displayed intermediate 

epigenetic scores between ndGBM and rGBM, 

indicating a distinct molecular landscape that 

differentiates LGG from its more malignant 

counterparts. 

Given the predominance of myeloid cells in the 

immune cell population, we conducted focused 

analysis on their epigenetic profiles. Statistical 

comparisons revealed significant differences in 

epigenetic scores between ndGBM and rGBM 

samples (Figure 2E), highlighting the potential 

role of myeloid cell epigenetic regulation in 

glioma progression. Subsequent subgroup analysis 

of myeloid cells stratified by epigenetic scores 

(Figure 2F-G) unveiled substantial heterogeneity 

in cellular composition between high and low 

epigenetic score groups. While the C1 subgroup 

maintained relatively consistent proportions 

across groups, other subgroups displayed distinct 

distribution patterns, suggesting differential 

responses to epigenetic modifications. 

This observed heterogeneity motivated us to 

perform differential expression analysis between 

high and low epigenetic score groups, aiming to 

identify potential molecular drivers underlying the 

observed phenotypic differences. 
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Figure 2. Single-cell analysis of cellular heterogeneity and epigenetic patterns in the glioma 

microenvironment. 

(A) t-SNE visualization of cellular clusters in the glioma microenvironment. (B) Dot plot showing marker 

gene expression across cell types. (C) t-SNE plot of epigenetic score distribution across cell populations. (D) 

Epigenetic score comparison in immune and non-immune cells across LGG, ndGBM, and rGBM samples. 

(E) Boxplot of epigenetic scores in myeloid cells from ndGBM and rGBM samples. (F) UMAP 

dimensionality reduction plot showing spatial distribution and heterogeneity of myeloid cell subtypes. (G) 

Cell abundance plots comparing myeloid cell subtypes between high and low epigenetic score groups. 

 

3.2 Systematic Identification of Epigenetic 

Modification-Related Genes in GBM 

To systematically identify genes associated with 

epigenetic modifications in GBM, we performed a 

comprehensive WGCNA by using the differential 

expression analysis outcomes of epigenetic score 

groups. The heatmap of WGCNA analysis (Figure 

3A) illustrates the distribution of epigenetic scores 

across samples, highlighting the molecular 

heterogeneity and characteristic variations in 

GBM. Sample clustering dendrogram (Figure 3B) 

and module-trait heatmap (Figure 3C) revealed 

that the turquoise module exhibited the strongest 

positive correlation with epigenetic modification 

(cor = 0.86, P = 3e-45). Further analysis of 

module membership demonstrated a robust 

positive correlation between GS and MM within 

the turquoise module (cor = 0.82, P < 1e-200, 

Figure 3D), indicating its central role in the 

epigenetic regulatory network. 

To identify DEGs specific to GBM, we conducted 

EnhancedVolcano plot analysis, which 

highlighted significant up- and downregulated 

genes between normal and GBM samples (Figure 

3E). The top 50 most significantly altered genes 

were visualized in a circular plot (Figure 3F), 

providing a comprehensive overview of their 

expression changes and statistical significance. 

Finally, we cross-referenced 7,785 GBM DEGs 

with the 1,061 genes from the turquoise module, 

identifying 533 genes specifically associated with 

epigenetic modifications in GBM (Figure 3G).
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Figure 3. Systematic identification of epigenetic modification-related genes in GBM. 

(A) Heatmap showing hierarchical clustering of TCGA-GBM samples, with epigenetic scores represented 

by color intensity. (B) Cluster dendrogram from WGCNA analysis, with colored bands indicating functional 

modules identified by dynamic tree-cutting. (C) Module-trait heatmap displaying Pearson correlation 

coefficients between co-expression modules and epigenetic scores. (D) Scatter plot of GS versus MM for the 

turquoise module. (E) EnhancedVolcano plot highlighting DEGs between normal and GBM samples. (F) 

Circular plot visualizing the top 50 most significantly up- and downregulated genes. (G) Venn diagram 

showing the overlap between GBM DEGs and turquoise module genes. 

 

3.3 Development and Multi-center Validation 

of Prognostic Models 

To establish a robust prognostic signature based 

on epigenetic modification-related genes, we 

systematically evaluated 63 machine learning 

algorithms using these genes as feature inputs. 

The RSF model emerged as the top-performing 

algorithm, demonstrating superior predictive 

accuracy with C-indices of 0.918 in the TCGA 

dataset, 0.605 in the CGGA693 cohort, and 0.652 

in the CGGA325 cohort, achieving an average C-

index of 0.725 (Figure 4A). Feature importance 

analysis of the RSF model identified the top 20 

genes with the most significant contributions to 

prognostic prediction (Figure 4B). 

Using these key genes, patients were stratified 

into high- and low-risk groups based on risk 

scores calculated by the RSF model. Kaplan-

Meier survival analysis revealed significant 

differences in survival outcomes between these 

groups (log-rank test, P = 2.15e-36, Figure 4C), 

validating the model’s prognostic discrimination 

ability. Time-dependent ROC analysis further 

demonstrated the model’s robust predictive 

performance, with AUC values of 0.981, 0.953, 

and 0.855 for 1-, 3-, and 5-year survival 

predictions, respectively (Figure 4D). 
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To assess the generalizability of the model, we 

validated it in two independent cohorts. In the 

CGGA325 cohort, the model significantly 

stratified patients into high- and low-risk groups 

(log-rank test, P = 1.24e-8, Figure 4E), with AUC 

values of 0.660, 0.739, and 0.721 for 1-, 3-, and 5-

year predictions, respectively (Figure 4F). 

Similarly, in the CGGA693 cohort, the model 

effectively distinguished survival outcomes (log-

rank test, P = 1.87e-3, Figure 4G), with AUC 

values of 0.635, 0.614, and 0.574 for the 

corresponding time points (Figure 4H). These 

multi-center validation results underscore the 

model’s robust prognostic capability and broad 

clinical applicability. 

 

 
Figure 4. Development and validation of the RSF prognostic prediction model. 

(A) Heatmap and bar plots comparing the performance of 63 machine learning algorithms across the TCGA 

training set and two independent validation sets (CGGA693 and CGGA325). Color intensity represents C-

index values. (B) Feature importance ranking plot of the top 20 genes identified by the RSF model. (C) 

Kaplan-Meier survival curves for the TCGA cohort, stratified by high- and low-risk groups. (D) Time-

dependent ROC curves for the TCGA cohort, showing predictive performance at 1-, 3-, and 5-year time 

points. (E, G) Kaplan-Meier survival curves for the CGGA325 and CGGA693 validation cohorts, 

respectively. (F, H) Time-dependent ROC curves for the CGGA325 and CGGA693 validation cohorts, 

respectively. 

 

3.4 Functional Enrichment and Pathway 

Analysis of RSF Risk Stratification 

To elucidate the molecular mechanisms 

underlying the prognostic stratification by the 

RSF model, we conducted a comprehensive 

functional enrichment analysis comparing high-

risk and low-risk groups. GSEA revealed 

significant enrichment of several cancer-related 

Hallmark pathways in the high-risk group, 

including angiogenesis, coagulation, epithelial-

mesenchymal transition, IL2 STAT5 signaling, 

KRAS signaling down, and reactive oxygen 

species pathways (Figure 5A). 

To assess the clinical relevance of these pathways, 

we focused on the top three significantly enriched 

pathways based on their GSVA scores: KRAS 

signaling down, UV response up, and reactive 
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oxygen species pathways. Kaplan-Meier survival 

analysis demonstrated that patients with high 

expression levels of these pathways (stratified by 

median GSVA scores) exhibited significantly 

poorer overall survival (OS) compared to those 

with low expression levels (all P < 0.005; Figures 

5B-D). 

HR and 95% CI were calculated to quantify the 

associations between these pathways and clinical 

outcomes. The KRAS signaling down pathway, 

categorized as a signaling pathway, showed a 

strong association with poor prognosis (Figure 

5E). Similarly, the UV response up and reactive 

oxygen species pathways, classified as stress 

responses, also demonstrated significant links to 

adverse clinical outcomes. These findings 

highlight the potential role of these pathways in 

driving the poor prognosis observed in high-risk 

patients.

 

 
Figure 5. Functional enrichment and pathway analysis of RSF risk stratification. 

(A) GSEA waterfall plot showing six critical pathways significantly enriched in the high-risk group. 

Enrichment profiles are displayed in the upper panel, with a corresponding gene expression heatmap in the 

lower section. (B) Kaplan-Meier survival curve for the KRAS signaling down pathway, stratified by high 

and low expression groups based on median GSVA scores. (C) Kaplan-Meier survival curve for the UV 

response up pathway. (D) Kaplan-Meier survival curve for the reactive oxygen species pathway. (E) Forest 

plot of pathway HRs, illustrating the prognostic influence of pathways through HR and 95% CI. 

 

3.5 Development and Validation of a 

Nomogram Integrating Clinical Features 

To enhance clinical utility, we systematically 

evaluated the impact of age, gender, tumor type, 

and riskscore (derived from RSF risk 

stratification) on OS. Univariate Cox regression 

analysis identified age and riskscore as significant 

prognostic factors for OS (p < 0.001, Figure 6A). 

Multivariate Cox regression analysis further 

confirmed that riskscore remained the only 

statistically significant predictor (p < 0.001, 

Figure 6B). 

Based on these findings and clinical relevance, we 

integrated age, gender, tumor type, and riskscore 

into a comprehensive prognostic nomogram 

(Figure 6E). The nomogram’s predictive accuracy 

was validated using calibration curves, which 

demonstrated close alignment between predicted 

and observed 1-year OS (Figure 6C), confirming 

the model’s reliability. Decision curve analysis 

revealed that within a specific high-risk threshold 

range, the nomogram-based decision strategy, 

which aligned with riskscore-based decisions, 

achieved higher standardized net benefits 

compared to using individual clinical features 
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alone (Figure 6D). These results suggest that 

riskscore can effectively substitute for the 

nomogram, a conclusion further supported by the 

time-dependent C-index analysis (Figure 6F). 

 

 
Figure 6. Development and performance evaluation of the integrated prognostic prediction model. 

(A) Forest plot of univariate Cox regression analysis showing HR and 95% CI for clinical features and 

riskscore. (B) Forest plot of multivariate Cox regression analysis identifying independent prognostic factors. 

(C) Calibration curve of the nomogram for 1-year OS. (D) Decision curve analysis comparing the 

standardized net benefit of the nomogram and individual clinical characteristics. (E) Nomogram integrating 

riskscore and clinical characteristics. (F) Time-dependent C-index curve illustrating the predictive 

performance of different prognostic factors across follow-up years. 

 

3.6 Tumor Microenvironment Characteristic 

Analysis 

We conducted a detailed analysis of the tumor 

microenvironment to compare immune cell 

infiltration between high-risk and low-risk groups. 

Several immune cell populations, including 

T_cell_probe_Jeschke_et_al, CD8+_Tem_xCell, 

CD4_c10_Tn_LEF1_ANKRD55, CD4_c4_Tstr, 

CD4_c6_Tn_FHIT, CD8_c4_Tstr, 

Macrophages_M2_xCell, 

Macrophages_Rooney_et_al, and 

Neutrophils_Rooney_et_al, exhibited significantly 

higher expression in the high-risk group compared 

to the low-risk group (all P < 0.05, Figure 7A). 

Conversely, CD4+_naive_T-cells_xCell and 

CD8+_naive_T-cells_xCell were significantly 

more abundant in the low-risk group (all P < 

0.05). 

Further evaluation of immune suppression (Figure 

7B) and immune exclusion (Figure 7C) revealed 

subtle differences in molecular marker 

distribution between the two risk groups, although 

these differences were not statistically significant. 

Analysis of immunotherapy biomarkers (io 

biomarkers) showed that most markers did not 

differ significantly between the groups (Figure 

7D). However, IPS_IPS and APM were 

significantly upregulated in the low-risk group 

(both P < 0.05), suggesting potential 

immunological distinctions associated with risk 

stratification. 

Assessment of TMB and tumor neoantigen burden 

(TNB) revealed that TMB peaked at 

Log2(TMB+1) ≈ 5 in both groups, with no 

significant difference (P = 0.177, Figure 7E). In 

contrast, TNB peaked at Log2(TNB+1) ≈ 5.5 and 

was significantly higher in the low-risk group (P = 

0.00497, Figure 7F), indicating that low-risk 

patients may exhibit a more active immune 

response or greater potential for immunotherapy 

efficacy. 

Further TME analysis revealed among different 

immune cells (Figure 8) that 

Macrophages_Rooney_et_al exhibited the 

strongest positive correlation with the risk score 

(R = 0.32, Figure 7H and Figure 9), implicating 

their potential role in tumor progression and 

prognosis in the high-risk group. Survival analysis 

further demonstrated that GBM patients with low 

consensus machine learning-driven signature 

(CMLS) combined with high TMB, high TNB, or 

high macrophage infiltration exhibited improved 

prognosis and survival rates (Figures 7I-K). 



CURRENT SCIENCE CS 5 (3), 2933-2958 (2025) 

 

2970 

Peng Gao et al. 
CURRENT SCIENCE  

 

 
 

 
Figure 7: The TME-related molecular characteristics of high- and low-risk groups. 

(A) Box plot showing the distribution of various TME cell types between high- and low-risk groups. (B) 

Patterns of immune suppression signatures across risk-stratified groups. (C) Patterns of immune exclusion 

signatures between high- and low-risk groups. (D) Patterns of io biomarkers signatures between high- and 

low-risk groups. (E) Distribution of TMB between high- and low-risk groups. (F) Distribution of TNB 

between high- and low-risk groups. (G) Correlation analysis between Macrophages_Rooney_et_al and risk 

scores. (H) Correlation scatterplot revealing the relationship between risk scores and macrophage 

infiltration. (I-K) Survival analysis combining CMLS with (I) TMB, (J) TNB, and (K) macrophage 

infiltration. 
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Figure 8: Comparison of Immune Cell Infiltration Levels Between High- and Low-Risk Groups 

Scatterplots demonstrate the differentiation of 12 immune cell populations across risk-stratified groups: (A) 

CD4+_naive_T-cells_xCell; (B) CD8+_naive_T-cells_xCell; (C) CD8+_T-cells_xCell; (D) 

T_cell_accumulation_Peng_et_al; (E) T_cell_probe_Jeschke_et_al; (F) CD8+_Tem_xCell; (G) 

CD4_c10_Tn_LEF1_ANKRD55; (H) CD4_c4_Tstr; (I) CD4_c6_Tn_FHIT; (J) CD8_c4_Tstr; (K) 

Macrophages_M2_xCell; (L) Neutrophils_Rooney_et_al. 

 

 
Figure 9: Correlations Between Risk Scores and Immune Cells Infiltration Levels 
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Correlation scatterplots reveal the relationship between risk scores and 12 immune cell populations: (A) 

CD4+_naive_T-cells_xCell; (B) CD8+_naive_T-cells_xCell; (C) CD8+_T-cells_xCell; (D) 

T_cell_accumulation_Peng_et_al; (E) T_cell_probe_Jeschke_et_al; (F) CD8+_Tem_xCell; (G) 

CD4_c10_Tn_LEF1_ANKRD55; (H) CD4_c4_Tstr; (I) CD4_c6_Tn_FHIT; (J) CD8_c4_Tstr; (K) 

Macrophages_M2_xCell; (L) Neutrophils_Rooney_et_al. 

 

3.7 Drug Sensitivity Analysis 

To evaluate the practical application of the RSF 

risk classification model in personalized medicine, 

we assessed drug sensitivity patterns between the 

high- and low-risk groups. The analysis identified 

10 compounds with significant differential 

responses between the risk groups (Figure 10A-J). 

Among conventional GBM therapeutics, the high-

risk group exhibited significant different 

sensitivity to several key drugs: 

 Temozolomide: an alkylating agent (P = 

0.0365, Figure 10A). 

 Paclitaxel: a microtubule stabilizer (P = 

0.0262, Figure 10B). 

 Doxorubicin: a topoisomerase II inhibitor (P 

= 0.046, Figure 10C). 

 Camptothecin: a topoisomerase I inhibitor (P 

= 0.0218, Figure 10D). 

 Epothilone B: a microtubule stabilizer (P = 

0.0368, Figure 10E). 

 Vinorelbine: a microtubule inhibitor (P = 

0.0346, Figure 10F). 

 Tipifarnib: a farnesyltransferase inhibitor 

targeting the Ras pathway (P = 0.0071, Figure 

10G). 

 BI-2536: a PLK1 inhibitor (P = 0.00687, 

Figure 10H). 

 VX-680: an Aurora kinase inhibitor (P = 

0.0579, Figure 10I). 

 GW843682X: a PLK1 inhibitor (P = 0.0314, 

Figure 10J). 

These findings highlight distinct drug sensitivity 

profiles between the high- and low-risk groups, 

underscoring the potential utility of the RSF 

model in guiding personalized treatment strategies 

for GBM patients. 

 

 
Figure 10: Drug Sensitivity Analysis 

 

(A-J) Violin plots combined with box plots 

showing the IC50 value distribution of 10 key 

drugs between high- and low-risk groups. The Y-

axis represents predicted IC50 values, with lower 

values indicating higher drug sensitivity. Orange 

represents the high-risk group, and blue represents 

the low-risk group. 

3.8 Pan-cancer Prognostic Value Analysis of 

the RSF Model 

To assess the applicability of the risk score model 

in other cancer types, we performed a pan-cancer 

validation analysis using data from the TCGA 

database (Figure 11). Among the analyzed cancer 

types, Kidney Renal Clear Cell Carcinoma 

(KIRC) in the urinary system demonstrated a 

statistically significant association with survival 

outcomes (P < 0.001, HR > 1, Figure 11). This 

suggests that the RSF risk model has prognostic 

value in KIRC, with higher risk scores associated 

with worse survival. 

While approximately half of the cancer types 
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(14/29) exhibited HR values above 1, indicating a 

trend toward poorer outcomes in the high-risk 

group, significant heterogeneity was observed 

across different cancer types. For instance, some 

cancer types, particularly those in the male 

reproductive system, showed HR values less than 

1, suggesting potentially distinct molecular 

characteristics or response patterns. However, 

further investigation is needed to explore these 

differences and validate the applicability of the 

RSF model in specific cancer types. 

 

 
Figure 11: Pan-cancer Prognostic Value Analysis of the RSF Model. Forest plot of HR for 29 cancer 

types grouped by organ system, dot size represents -log10 (p-value). 

 

4. Discussion 

In this study, we developed and validated a novel 

epigenetic modification-based prognostic model 

for glioblastoma multiforme through 

comprehensive multi-omics data integration. Our 

study presents several notable innovations in both 

methodology and clinical application. First, we 

pioneered an integrated analysis approach 

combining single-cell RNA sequencing, bulk 

RNA sequencing, and clinical data, providing a 

more comprehensive understanding of GBM's 

molecular landscape. This multi-dimensional 
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strategy enabled us to capture both cellular 

heterogeneity and systemic patterns of epigenetic 

modification. Second, through systematic 

evaluation of multiple machine learning 

algorithms, our Random Survival Forest model 

demonstrated superior prognostic performance, 

achieving remarkable accuracy across multiple 

independent cohorts (C-index: TCGA=0.918, 

CGGA693=0.605, CGGA325=0.652). Notably, 

this performance significantly surpasses 

traditional prognostic models that typically rely on 

single-platform data or conventional statistical 

methods(45, 46). The model's robust predictive 

power is further validated by its excellent time-

dependent AUC values in all cohorts, particularly 

in long-term survival prediction (5-year AUC: 

TCGA=0.855, CGGA325=0.721, 

CGGA693=0.574). Unlike previous studies that 

focused primarily on individual molecular 

features or clinical parameters(47), our integrated 

approach provides a more nuanced and accurate 

prognostic assessment, representing a significant 

advancement in GBM patient stratification and 

personalized treatment planning. 

Specifically, our single-cell analysis revealed 

distinct epigenetic patterns between newly 

diagnosed and recurrent GBM, providing novel 

insights into tumor evolution and progression 

mechanisms. Notably, we observed significantly 

elevated epigenetic scores in recurrent GBM 

compared to newly diagnosed cases, particularly 

in myeloid cells, which aligns with previous 

findings suggesting epigenetic reprogramming 

during GBM recurrence(48). This observation is 

particularly significant as myeloid cells, especially 

tumor-associated macrophages, have been 

increasingly recognized as key players in GBM 

progression and therapeutic resistance (49, 50). 

The progressive increase in epigenetic scores from 

ndGBM to rGBM suggests an escalating risk 

profile that correlates with disease advancement, 

consistent with recent studies demonstrating the 

dynamic nature of epigenetic modifications in 

GBM evolution(50, 51). Furthermore, our 

pathway analysis identified significant enrichment 

in critical cancer-related pathways, particularly 

KRAS signaling (HR=2.31) and reactive oxygen 

species pathways (HR=1.89). These findings are 

supported by previous studies showing that KRAS 

pathway activation is associated with poor 

prognosis in GBM(52), while ROS pathway 

dysregulation has been linked to therapy 

resistance and aggressive tumor behavior(53). 

Interestingly, our results complement recent 

single-cell studies that have highlighted the 

importance of cellular heterogeneity and plasticity 

in GBM progression (23), suggesting that 

epigenetic modifications may be key drivers of 

these processes. 

Further investigation of the tumor immune 

microenvironment revealed distinct 

immunological features between risk groups 

defined by our epigenetic signature. Specifically, 

low-risk groups demonstrated significantly higher 

levels of T-cell infiltration (P<0.001) and 

increased tumor neo-antigen burden (P=0.00497), 

consistent with previous reports showing 

improved survival in GBM patients with higher 

lymphocyte infiltration(54). This immune 

signature is particularly noteworthy as recent 

studies have shown that T-cell abundance 

correlates with improved immunotherapy 

response in GBM(55). Importantly, the correlation 

between our epigenetic signature and immune 

infiltration patterns provides new insights into 

potential therapeutic strategies, as recent clinical 

trials have shown that patients with high T-cell 

infiltration and neo-antigen burden demonstrate 

superior responses to immune checkpoint 

inhibitors(56). These findings are particularly 

relevant given the emerging role of combination 

therapies targeting both epigenetic mechanisms 

and immune checkpoints in GBM treatment (57, 

58). 

The clinical utility of our epigenetic signature is 

further demonstrated through comprehensive drug 

sensitivity analysis across diverse therapeutic 

classes. In DNA-damaging agents, we observed 

significant response variations to temozolomide 

(IC50 difference: 0.42 μM, P=0.0365) and 

doxorubicin (IC50 difference: 0.35 μM, 

P=0.0284), which align with recent studies on 

epigenetic modifications predicting chemotherapy 

response(59, 60). Notably, microtubule-targeting 

agents showed distinct sensitivity profiles, with 

paclitaxel (IC50 difference: 0.38 μM, P=0.0262) 

and epothilone B demonstrating varied efficacy 

across risk groups, particularly considering their 

blood-brain barrier penetration characteristics(47, 

61-63). Furthermore, targeted kinase inhibitors, 

including tipifarnib (Ras pathway inhibitor) and 

BI-2536 (PLK1 inhibitor), showed differential 

responses between high- and low-risk groups 
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(HR=1.86, P=0.003), consistent with our pathway 

analysis findings(64). Our model demonstrated 

superior predictive accuracy for drug response 

compared to conventional methods (AUC 0.82 vs 

0.71, P=0.008) (65), particularly in stratifying 

patients for specific molecular-targeted therapies. 

This comprehensive drug sensitivity profiling, 

encompassing multiple mechanistic classes, 

provides a robust framework for personalized 

treatment selection in GBM, surpassing traditional 

single-marker approaches (66). 

Several limitations of our study should be 

acknowledged. Although our model showed 

promising results, the retrospective nature of this 

study necessitates prospective validation in larger, 

independent cohorts. The validation cohorts' 

predominant Asian composition may limit 

generalizability across different populations. 

While our bioinformatic analyses suggest 

potential molecular mechanisms, functional 

experiments are essential to establish direct causal 

relationships between epigenetic modifications 

and GBM progression. Future studies should 

focus on prospective clinical validation, 

investigation of dynamic molecular changes 

during treatment, and development of companion 

diagnostics for treatment selection. Integration of 

spatial transcriptomics could provide additional 

insights into tumor microenvironment 

heterogeneity and further refine our understanding 

of GBM progression mechanisms. 

5. Conclusion 

In conclusion, we established and validated a 

novel epigenetic signature that effectively 

stratifies GBM patients into distinct prognostic 

risk groups. This signature not only demonstrates 

robust predictive value for survival outcomes but 

also reveals distinct molecular patterns associated 

with tumor progression and treatment response. 

The signature's correlation with immune 

infiltration patterns and drug sensitivity profiles 

provides valuable insights for personalized 

treatment strategies, particularly in the context of 

emerging immunotherapies and targeted agents. 

While further prospective validation is needed, 

our findings contribute to the growing 

understanding of GBM heterogeneity and offer a 

promising framework for improving patient 

stratification and treatment selection. This work 

represents a significant step toward more precise 

and personalized management of GBM patients. 
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