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Background: Glioblastoma (GBM) is an aggressive primary brain tumor with unclear etiology. We aimed to identify causal risk 
genes by integrating single-cell RNA sequencing (scRNA-seq) and Mendelian randomization (MR).
Methods: Differentially expressed genes (DEGs) from public databases were overlapped and analyzed via MR to screen for causal 
genes. A prognostic model was built using these genes and validated through immune infiltration analysis, single-cell mapping, and 
experimental assays (RT-qPCR, Western blot).
Results: A 6-gene prognostic signature (TMEM158, HOXB2, CKAP4, PEPD, PFDN5, NPC2) was established, where higher risk 
scores correlated with poorer overall survival and distinct immune profiles. scRNA-seq confirmed tumor cell-specific expression, 
validated experimentally. Multivariate MR highlighted CKAP4 and PFDN5 as having direct causal links to GBM.
Conclusion: The 6-gene signature predicts GBM prognosis, and CKAP4/PFDN5 are promising causal biomarkers and therapeutic 
targets. This integrated approach provides novel molecular insights and supports personalized therapy development in GBM.
Keywords: glioblastoma, single-cell analysis, Mendelian randomization analysis, differentially expressed genes, gene set enrichment 
analysis, drug sensitivity analysis

Introduction
Glioblastoma (GBM) represents the most prevalent and aggressive primary malignant neoplasm of the adult central 
nervous system.1 Despite the current standard therapeutic regimen—comprising maximal safe surgical resection followed 
by concurrent temozolomide (TMZ) administration with radiotherapy and subsequent maintenance TMZ therapy for 6– 
12 months2—clinical outcomes remain dismal, with median survival typically not exceeding 15 months. Consequently, 
the identification of robust molecular biomarkers for early diagnosis and the discovery of novel therapeutic targets are 
both urgently needed and critically important for improving patient prognosis. In recent years, multi-omics integration 
analysis has emerged as a powerful and transformative approach for deciphering the intricate molecular architecture of 
tumors.3 By synergistically combining genomic, transcriptomic, proteomic, and epigenomic data, multi-omics strategies 
substantially enhance our understanding of spatial and temporal heterogeneity in cancer biology and pave the way for 
innovative precision medicine approaches to target and modulate tumor progression.4

Single-cell RNA sequencing enables gene expression analysis at the single-cell level. This technique could provide 
a detailed understanding of GBM by elucidating heterogeneity, drug resistance mechanisms, and signaling pathways.5

Mendelian randomization (MR) has emerged as a powerful tool to identify causal risk genes for complex diseases and 
cancers, avoiding confounding and reverse causation.6,7 Recent applications in glioblastoma have further validated its 
ability to prioritize actionable therapeutic targets.8,9 It was usually the factors of concern, such as genes, that were taken 
as exposure factors, and diseases were regarded as outcome. This method is fundamentally grounded in Mendel’s law of 
independent assortment, which posits that genetic variations are randomly distributed within a population and are 
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independent of potential confounding factors. In practice, Mendelian Randomization estimates the causal effect of an 
exposure on an outcome by identifying genetic variations—particularly single nucleotide polymorphisms (SNPs) that are 
significantly associated with the exposure factors under investigation. By utilizing these genetic variants as instrumental 
variables, MR effectively mitigates confounding bias and addresses the challenges of reverse causation that are prevalent 
in traditional observational studies.6 The process of conducting MR involves several critical steps. Firstly, researchers 
must select genetic variations that exhibit a strong association with the exposure factors of interest. Secondly, it is 
essential to validate that these genetic variations remain independent of any confounding factors. Finally, the causal effect 
is estimated by analyzing the relationship between the identified genetic variations and the corresponding outcomes. This 
systematic approach enhances the reliability of causal inference in epidemiological research.7 The IVs for MR analysis 
was required to meet three assumptions: 1. Relevance assumption: The SNPs were assumed to be strongly correlated 
with the exposure factors. 2. Independence assumption: The SNPs were assumed to be independent of the confounding 
factors. 3. Exclusion restriction assumption: The SNPs were assumed to affect the outcome only through the exposure 
factors. MR leverages data from genome-wide association studies (GWAS) to identify genetic variations associated with 
GBM. By selecting relevant genetic variants, MR assesses their causal effects on GBM risk, thereby enhancing our 
understanding of how specific genetic factors contribute to the development of this aggressive cancer. Consequently, this 
approach holds significant implications for advancing personalized medicine in the management of GBM, ultimately 
improving outcomes for patients.8,9

To date, no research has integrated MR analysis with single-cell analysis to explore how cell-type-specific gene 
expressions might differentially impact GBM risk. The innovation of our study lies in its identification of differentially 
expressed genes (DEGs) in specific cell types within GBM. Then, MR analysis with three major hypotheses was 
conducted to explore the causal relationship between the intersection genes of these DEGs and GBM. Moreover, the 
further screening of candidate core genes closely related to GBM prognosis, culminating in the construction of a risk 
prediction model. Moreover, our study comprehensively evaluates candidate biomarkers through gene set enrichment 
analysis, immune infiltration analysis, drug prediction and MR analysis. Finally, these biomarkers were validated using 
reverse transcription quantitative PCR and Western blot experiments. These findings offer new perspectives for under
standing the complex mechanisms of GBM, and the identified biomarkers hold potential for transitioning from theoretical 
research to becoming instrumental tools in the clinical management of GBM.

Materials and Methods
Data Extraction
RNA-seq data for TCGA-GBM was downloaded from the TCGA Hub on the UCSC Xena website (http://xena.ucsc.edu/ 
). The dataset comprised a total of 172 samples, including 5 healthy control samples and 167 GBM samples (140 primary 
and IDH-wildtype samples were selected for this study).10 The RNA-seq data from these 140 selected GBM tissue 
samples and 5 adjacent non-cancerous tissue samples were utilized for differential gene identification and prognostic 
analysis. Clinical information on patients with TCGA-GBM was shown in Supplementary Table 1. The GSE68848 
dataset (comprising 228 GBM tissue samples and 28 normal samples) was used to validate the expression of prognostic 
genes. The CGGA-325 dataset, along with a single-cell RNA-seq (scRNA-seq) dataset, were downloaded from the 
CGGA database (http://www.cgga.org.cn/). The CGGA-325 dataset, which includes 74 GBM tissue samples with 
comprehensive survival information, was utilized to validate the prognostic model. In contrast, the scRNA-seq dataset 
contained 20 GBM tumor tissue samples and 8 samples from the tumor periphery, which were employed for single-cell 
analysis. The Genome-Wide Association Studies (GWAS) data of expression Quantitative Trait Loci (eQTL) of candidate 
genes was searched from Integrative Epidemiology Unit (IEU) open GWAS (https://gwas.mrcieu.ac.uk/). Additionally, 
the GWAS dataset for GBM (id: finn-b-C3_GBM) was acquired from the IEU OpenGWAS (https://gwas.mrcieu.ac.uk/). 
The dataset was selected based on the principle of having the most SNPs. This dataset comprises 218,792 samples, 
including 91 case samples and 218,701 control samples, along with 16,380,466 SNPs. The research design related to the 
MR data and other information about the potential population were described in Supplementary Table 2. This study also 
performed multi-omics integration. First, single-cell RNA-seq was used to identify cell-type-specific DEGs. Second, bulk 
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RNA-seq was applied to identify prognosis-related DEGs. Third, GWAS-based Mendelian randomization was performed 
to prioritize causal genes overlapping from the above two sets. Finally, the causal genes were used to build a prognostic 
model, which was further interpreted by immune infiltration, functional enrichment, single-cell mapping, and experi
mental validation.

Single-Cell Analysis
Single-cell RNA sequencing (scRNA-seq) enables unbiased dissection of intratumoral heterogeneity and cell-type- 
specific gene expression at single-cell resolution, which is superior to traditional bulk RNA-seq that only provides 
average signals across millions of cells.5,11 In the CGGA-scRNA-seq samples, the scRNA-seq data were filtered using 
“Seurat” (version 4.0.5)11 (CreateSeuratObject), with min.cells = 3 and min.features = 10 as filtering criteria. 
Mitochondrial genes were quantified using “PercentageFeatureSet,” retaining cells with < 10% mitochondrial gene 
content. The scRNA-seq data were then standardized by “NormalizeData” and the 2,000 hypervariable genes were 
screened by “FindVariableFeatures” for subsequent cell type identification. To address batch effects between any two 
groups of samples, CCA was employed. The overall data was downscaled using PCA, and an elbow plot was generated to 
identify the optimal dimensions. Following dimensionality reduction, unsupervised cell clustering was conducted using 
“FindNeighbors” and “FindClusters,” visualized via “t-SNE.” Marker genes for each subpopulation were compared to 
known marker genes in the CellMarker database to determine cell subpopulation types, employing filtering 
parameters min.pct = 0.6, only.pos = TRUE, and logfc.threshold = 0.5. Identifying cell types were validated using the 
“SingleR” algorithm. Cells that play important roles in disease were selected as key cells.

Identification of Candidate Genes
In the CGGA-scRNA-seq samples of GBM and tumor peripheral tissue, differential genes for various cell types were 
identified using the “FindMarker” function, identifying DEGs1 with a P-value < 0.05. In the TCGA-GBM dataset, the 
“DESeq2” package (v1.36.1)12 was used to compare gene expression between GBM and normal samples, identifying 
DEGs2 with a P-value < 0.05 and |log2fold change (FC)| > 0.5. Additionally, candidate genes were identified by 
intersecting DEGs1 and DEGs2 using the “ggVenn” package (version 1.2.2). Furthermore, genes that were significantly 
upregulated or downregulated in GBM tumors were identified through single-cell RNA sequencing and differential 
expression analysis. And the roles of these genes in tumor progression were explored.

Mendelian Randomization Analysis
The two-sample Mendelian randomization (MR) analysis was performed independently of the single-cell RNA-seq 
expression matrices. While single-cell data were used to identify cell-type-specific differentially expressed genes 
(scRNA-seq DEGs, termed DEGs1), the MR analysis itself relied solely on independent genetic data: expression 
quantitative trait loci (eQTL) summary statistics for candidate genes and genome-wide association study (GWAS) 
summary statistics for GBM, both sourced from the IEU OpenGWAS database. Mendelian randomization (MR) is 
a genetically informed method that uses SNPs as instrumental variables to infer causal relationships, effectively reducing 
confounding and reverse causation compared with traditional observational correlation studies.6,7,13 Three basic premises 
underlie MR studies: (1) Relevance: a robust and significant correlation exists between instrumental variables (IVs) and 
exposure factor. (2) Independence: IVs are unrelated to confounding factors. (3) Exclusion restriction: IVs can only 
influence outcomes through exposure factors and not through other channels. The causal relationship between candidate 
genes (exposure factors) and GBM (outcome) was analyzed using the “TwoSampleMR” package (version 0.5.6).13 MR 
analysis was performed using the “mr” function, incorporating five algorithms: MR Egger,14 Weighted Median,15 Inverse 
Variance Weighted (IVW),16 Simple Mode,17 and Weighted Mode.18 The IVW method was deemed pivotal for result 
determination, with a significance threshold of P-value < 0.05, indicating that GBM potentially increases the risk of 
candidate genes, and an OR below 1 suggesting a protective effect. In order to obtain effective instrumental variables 
(IVs), the extract_instruments function in the TwoSampleMR (v 0.5.6) package19 was used to read the GWAS data of the 
exposure factors and outcome events. And the IVs were screened according to the following steps. Firstly, SNPs that 
were significantly associated with the exposure factors were selected (p < 5×10−8). Then, the SNPs with linkage 
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disequilibrium were removed using the parameter “clump = TRUE” (R2 = 0.001, kb = 10,000). Based on the GWAS data 
of the outcome, the SNPs that were significantly associated with the outcome were removed (with “clump = TRUE” and 
“rsq = 0.8”). Meanwhile, the genes with a SNP count of at least 3 were retained, and the samples with complete SNP data 
were also kept. The strength of each IV was evaluated by calculating the F-statistic. The IVs with an F-statistic greater 
than 10 were considered to have no weak instrument bias and possess strong predictive ability. The IVs with an F-statistic 
less than 10 might generate bias and were therefore excluded. IVs with F statistics less than 10 are excluded. Among 
them, the formula for F was given as F ¼ ðsamplesize:exposure� 2Þ � ððR� RÞ=ð1 � R� RÞÞ, R represents the degree 
of explanation of the exposure factor by the instrumental variable, and samplesize.exposure represents the number of 
instrumental variables. Through the above steps, high-quality IVs were obtained and used for the subsequent MR 
analysis to ensure the reliability of the results and the effectiveness of causal inference. Funnel, scatter, and forest plots 
were employed for result visualization.

Sensitivity Analysis of MR
To validate the MR findings, a series of stringent sensitivity analyses were undertaken. The mr_heterogeneity function 
was initially applied to evaluate heterogeneity using Cochran’s Q test.20 The heterogeneity test was mainly conducted to 
check whether there was heterogeneity among the IVs, which could indicate pleiotropy or measurement errors. Among 
them, the fixed-effects IVW approach was applied if the p was more than 0.05; if not, the random-effects IVW method 
was applied. Subsequently, the mr_pleiotropy_test function was utilized to examine the possibility of horizontal 
pleiotropy and identify any potential confounders; a nonsignificant result (P- value > 0.05) indicated no significant 
pleiotropy.21 The stability of the causal estimates was further confirmed through Leave-One-Out (LOO) analysis, which 
systematically excluded individual SNPs to ensure the robustness of the results in the absence of any single variant.22 

Pleiotropic Clustering for Mendelian Randomization (PCMR), an analytical framework for MR, was employed to more 
accurately estimate the causal effect of an exposure on an outcome by correcting for pleiotropic effects in the presence of 
horizontal pleiotropy. Specifically, the LD pruning (r2 < 0.1, kb = 10, p > 0.5) was performed using the ld_clump() 
function from the ieugwasr package (v 1.0.4) to obtain a background SNP set (X_clump1), while independent genetic 
variants significantly associated with the exposure were retained as the IVs set (X_clump). A two-stage analysis was then 
conducted via the PCMR method: potential pleiotropic clustering patterns were first identified based on X_clump1; 
subsequently, the causal effect of the exposure on the outcome was evaluated using X_clump while controlling for 
horizontal pleiotropy, and the robustness of the results was validated via the Bootstrap method. For GWAS and eQTL 
data, the p-values were converted into chi-squared statistics by using the qchisq function in the stats package (v 4.2.2). 
The lambda GC (λGC) was obtained through taking the ratio of the median chi-squared statistic to the theoretical median. 
Subsequently, a standardization process was conducted to adjust the λGC to the benchmark of 1000 samples. Eventually, 
a faceted bar plot was drawn by applying ggplot2 package (v 3.5.2) to present both the original and standardized λGC 
values. After that, based on the results of the MR analysis, the steiger test was adopted using the directionality_test 
function in the TwoSampleMR package (v 0.6.15) to evaluate the directionality between the exposure factors and the 
outcome. The conditions for passing the steiger test were that the correct causal direction was TRUE and p < 0.05. 
Finally, the genes that passed the MR analysis were named as key genes.

Enrichment Analysis of Key Genes
To elucidate the biological roles of the selected key genes, Gene Ontology (GO) contained cellular component (CC), 
molecular function (MF) and biological process (BP), were analyzed. Then, Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway analyses was conducted. GO and KEGG were employed the “ClusterProfiler” package (version 4.4.4) 
(P-value<0.05),23 based on Human Gene Annotation package “org.Hs.egdb” (version3.15.0). The enriched pathways 
were sorted by P-value score, visualizing through gapminder (version 1.0.0) (https://CRAN.R-project.org/package= 
gapminder) and GOplot (version 1.0.2).24

https://doi.org/10.2147/IJGM.S605071                                                                                                                                                                                                                                                                                                                                                                                                                                        International Journal of General Medicine 2026:19 4

Huang et al                                                                                                                                                                          

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://CRAN.R-project.org/package=gapminder
https://CRAN.R-project.org/package=gapminder


Construction and Validation of Risk Model
In the TCGA-GBM dataset, a risk model was constructed to investigate the prognostic impact of key genes on GBM 
patients. We constructed a risk model to investigate the prognostic impact of the key genes on GBM patients. The key 
genes were first subjected to univariate Cox analysis to identify those with greater prognostic significance (P-value < 
0.02) via “survival” package (version 3.3–1). Next, the “glmnet” package (version 4.1–4) was used to perform least 
absolute shrinkage and selection operator (LASSO) analysis select biomarkers with highly correlated features. The risk 
coefficient for each selected biomarker was then calculated. To assess the prognostic utility of the risk model, GBM 
patients were assigned a risk score derived from the expression levels and associated risk coefficients of the identified 
genes. The median risk score was subsequently employed as a threshold to segregate GBM patients into high-risk and 
low-risk groups. The formula for risk score was:

n: the number of prognostic genes included in the model (n = 6 in this study). coef(gene_i): the regression coefficient of 
the i-th prognostic gene obtained from LASSO-Cox analysis. expr(gene_i): the normalized expression level of the i-th 
prognostic gene in the sample.

Regression coefficients for the six genes: HOXB2: coef = 0.13207; NPC2: coef = 0.28953; TMEM158: coef = 
−0.18435; PFDN5: coef = 0.12051; PEPD: coef = −0.30577; CKAP4: coef = 0.23731.

Additionally, survival curves were constructed for both the high-risk and low-risk groups in the TCGA-GBM dataset to 
assess the overall survival (OS) rates of patients with GBM. The accuracy of the risk model was validated using ROC analysis. 
Moreover, the findings were further validated using the CGGA-325 sample set to strengthen the reliability of the risk model.

Independent Prognostic Analysis
In the TCGA-GBM dataset, the distribution of patients among various clinical subtypes was analyzed using the χ2-test to 
determine any significant differences between the high-risk and low-risk groups. The “ggstatsplot” package (version 
0.11.0)25 was utilized to illustrate the disparities in clinical factors between the two risk groups. Subsequently, to delve 
deeper into the prognostic significance of the clinical factors in conjunction with the risk model, a univariate Cox analysis 
was conducted, incorporating both the clinical factors and the risk score (P < 0.05). The clinical factors were also tested 
for the proportional hazards (PH) assumption, and those that satisfied this assumption were included in a multivariate 
Cox analysis to pinpoint independent prognostic factors (P < 0.05). To elucidate the connections between the clinical 
factors and risk model, we constructed a nomogram, integrating the identified biomarkers, to forecast the 1- to 3-year 
survival rates for GBM patients. Calibration curves and ROC were subsequently plotted to evaluate the validity and 
precision of the risk model in predicting GBM prognosis.

Gene Set Enrichment Analysis (GSEA) Analysis
A comprehensive series of analyses was conducted to investigate the biological functions of the biomarkers. We 
investigated biological biomarkers by comprehensive series of analyses. Initially, we utilized log2FC to quantify the 
disparities between the high-risk and low-risk groups. Subsequently, the log2FC values were employed in GSEA (adjusted 
P < 0.05). We visualized the top-10 GSEA results by “GseaVis” package (version 0.0.5). Ultimately, we calculated the 
KEGG pathway scores in GBM samples using the “GSVA” package26 (version 1.38.2) and examined the disparities in 
KEGG pathways between the two groups via the “limma” package27 (version 3.46.0) (P-value < 0.01 log2|FC| > 0.015).

Immune-Related Analysis
Immune cell infiltration was quantified using the CIBERSORT algorithm to produce an immune score for each cell type. 
The TIDE score was used to evaluate immunotherapy response: a higher TIDE score indicates stronger immune 
exclusion and poorer predicted immunotherapy benefit.28,29 Immune infiltration scores were calculated by 
“CIBERSORT” algorithm for 22 immune cells from TCGA-GBM samples.29 We used the Wilcoxon test to compare 
the difference in immune infiltration scores between the high-risk and low-risk groups, and visualized the results with 
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boxplot by “ggpubr” package (version 0.4.0)30 (P-value < 0.05). We conducted Spearman correlation coefficient (|cor| > 
0.3, P-value < 0.05) to study the association between biomarkers and immune cell abundance. Additionally, based on 43 
immune checkpoint genes obtained from reference,28 we employed Wilcoxon test to compare the expression levels of 
immune checkpoint genes across the two risk groups (P-value < 0.05). Furthermore, we obtained tumor immune 
dysfunction and exclusion (TIDE) scores and data on immune therapy responses for each GBM from the TIDE database. 
Subsequently, we conducted Wilcoxon test to compare the TIDE scores between the high-risk and low-risk groups. 
Ultimately, we analyzed the correlation between TIDE scores and the risk scores.

Drug Sensitivity Analysis
We calculated the half maximal inhibitory concentration (IC50) values for 138 common chemotherapeutic drugs from the 
GDSC database by the “pRRophetic” package (version 0.5).31 Subsequently, we employed the Wilcoxon test to compare 
the disparities of drug sensitivity across the low-risk and high-risk groups. Finally, we conducted correlation analysis 
between the top 10 sensitive drug for each group and risk score (P-value < 0.05, |cor| > 0.3).

Correlation Expression Analysis of Biomarkers
We generated boxplots by “ggpubr” package (version 0.4.0)30 from TCGA-GBM dataset to represent the variations in 
biomarker expression levels between GBM and normal samples. Biomarker expressions in GBM and normal samples 
from validation set GSE68848 were analyzed using the wilcoxon rank sum test with a threshold of P < 0.05. 
Additionally, the causal relationship between biomarkers and GBM was analyzed using the “TwoSampleMR” package 
(mv_harmonise_data function, version 0.5.6).13 Furthermore, biomarker expressions in various cell sub-populations were 
observed and visualized using t-SNE plots and violin plots.

Single-Cell Communication Analysis
To explore the communication network between different cells, the ligand-receptor interactions between different cell 
types in the disease and control groups of the single-cell dataset were analyzed using the CellChat package (v 1.6.1).32 

The number and intensity of interactions between different cell types were visualized through network diagrams and 
heatmaps, which were plotted using the netVisual_circle and netVisual_heatmap functions, respectively. The key cells 
were subjected to dimensionality reduction and clustering analysis (resolution = 0.4) using the RunPCA, FindNeighbors, 
and FindClusters functions of the Seurat package (v 5.1.0), and were re-clustered into different subpopulations. Cell 
pseudotime trajectory analysis of key cell clusters was performed using the Monocle package (v 2.30.1).33 The 
trajectories of key cell clusters were segmented according to trajectory nodes. To detect the expression levels of 
biomarkers in the pseudotime of key cells, a dynamic heatmap was plotted to observe the expression of biomarkers. 
Functional enrichment analysis of each annotated cell cluster was conducted using the analyze_sc_clusters function of 
the ReactomeGSA package (v 1.16.1)34 and the enrichment results were extracted from different cells through the 
pathways function. Cell cycle stages for each cell were assigned using the CellCycleScoring function of the Seurat 
package (v 5.1.0) based on the built-in cell cycle-related gene set cc.genes. Subsequently, the PCA results were plotted 
using the DimPlot function, with coloring according to cell cycle stages.

Participants
In our study, we collected samples from GBM patients to facilitate RNA extraction and protein analysis. Specifically, 5 
GBM tissue samples and 5 peripheral tumor tissue samples were obtained for RNA extraction, while an additional set 
comprising 3 GBM tissue samples and 3 peripheral tumor tissue samples was gathered for Western blot analysis. All 
patients involved in the study underwent surgical procedures in 2023. Eligible participants were adults aged 18 years or 
older with histologically confirmed supratentorial GBM. Inclusion criteria excluded individuals with known HIV or 
chronic hepatitis B or C infections, as well as those with any medical conditions that might affect the oral intake of 
medications. All subjects participating in the study were informed of consent; each participant provided written consent 
personally. The collection of specimens strictly followed the guidelines set forth by the Ethics Committee of The First 
Affiliated Hospital of Guangxi Medical University, in accordance with the principles of the Declaration of Helsinki, 
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under the approval number 2024-E300-01. The sample sizes for RT-qPCR (n=5 pairs) and Western blot (n=3 pairs) were 
determined as a pilot validation based on resource availability and the primary aim of confirming the direction of 
expression changes observed in large-scale bioinformatic analyses.

Reverse Transcription Quantitative Polymerase Chain Reaction (RT-qPCR)
Total RNA was isolated from 50 mg tissue samples using Trizol reagent. Subsequently, the RNA was reversed transcribed 
into complementary DNA utilizing the SureScript First-Strand cDNA Synthesis Kit (Servicebio, China). Quantitative 
PCR analysis was conducted utilizing the Fast SYBR Green qPCR Master Mix (Servicebio, China). The qPCR reactions 
were executed on a CFX96 real-time quantitative fluorescence PCR instrument (Bio-Rad, China), following this 
protocol: an initial pre-denaturation step at 95°C for 1 minute, followed by 40 cycles of denaturation at 95°C for 
20 seconds, annealing at 55°C for 20 seconds, and extension at 72°C for 30 seconds. Subsequently, we quantified the 
relative expression levels of the genes by 2-ΔΔCt method (P<0.05). Each RT-qPCR analysis was replicated three times to 
ensure reliability. The primer sequences used are provided in Table 1.

Western Blot
Samples were lysed using RIPA buffer (HAT, China) supplemented with 1% phenylmethylsulfonyl fluoride (PMSF) and 
1% protease inhibitor to ensure protein integrity. Equal amounts of total protein from each sample were resolved on 10% 
SDS-PAGE gradient gels, followed by transfer onto polyvinylidene difluoride (PVDF) membranes. To prevent non- 
specific binding, membranes were blocked with 5% skim milk. Subsequently, they were incubated with primary 
antibodies at 4°C overnight. The membranes were then exposed to secondary antibodies. Following incubation, the 
blots were thoroughly washed and analyzed using an image analysis system.

Statistical Analysis
Statistical analyses were conducted using R software (version 4.2.2). Statistical thresholds were defined as follows:

Single-cell DEGs: P < 0.05; Bulk RNA-seq DEGs: P < 0.05 and |log2FC| > 0.5; Survival & Cox regression: P < 0.2; 
LASSO selection: λ.min (optimal value); MR causal analysis: IVW P < 0.05; GO/KEGG enrichment: P < 0.05; GSEA: 
adjusted P (padj) < 0.05; Immune infiltration and drug sensitivity: P < 0.05; correlation: |cor| > 0.3 and P < 0.05; Box/ 
violin plots: Wilcoxon rank-sum test P < 0.05.

Table 1 Primer Sequences for qPCR

Gene Primer Sequences

TMEM158 F-CGCTTCCAGTTCCGAAAAGC

R-TGCCATGAATCTAGGGCACG

PFDN5 F-TTCGTTAAGTCGGCCTTCCC
R-CCCAGGGACATACATCTGGTC

PEPD F-GATGAGATTGCCAGCGTCCT

R-GTGCTCGAAGAGGCACTCAA
CKAP4 F-AAGCTGTGAAGCAAGGGGAG

R-GGATTTGGTGAGCTCCGTCA

NPC2 F-GTCTAAAAGCAGCAAGGCCG
R-TGAGAAACAGAGGGATATTCGC

HOXB2 F-CGAAATCTCCCCCTCCCAAAA

R-TGGGGAAGGTTTGCTCGAAA
GAPDH F-CGAAGGTGGAGTCAACGGATTT

R-ATGGGTGGAATCATATTGGAAC

Note: Primers were designed for RT-qPCR validation. The 
primer sequences for TMEM158, HOXB2, CKAP4, PEPD, 
PFDN5, and NPC2 used in qPCR are listed in the table.
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Results
Identification of Five Major Cell Clusters in GBM
The flowchart of our study is shown in Figure 1. Following quality control and normalization of the CGGA scRNA-seq data 
(Supplementary Figure 1), 21,021 genes and 2,000 highly variable genes were retained for analysis. Principal component 
analysis (PCA) using the first 30 significant components and subsequent clustering revealed nine initial cell clusters, which 
were annotated into five major cell types based on established marker genes: proliferating cells (high TOP2A), tumor cells, 
myeloid cells, lymphocytes, and normal cells (high MOG) (Figure 2A–C). Tumor and myeloid cells constituted the largest 
proportions of cells (Figure 2D–E), and tumor cells were designated as the key cellular population for subsequent analyses.

Integration of single-cell and bulk RNA-seq identifies 41 causal GBM risk genes and 
their biological functions
Comparison of GBM versus peripheral tissue in the CGGA scRNA-seq dataset yielded 4,500 cell-type-specific differ
entially expressed genes (DEGs1). In the TCGA-GBM cohort, comparison of tumor versus normal tissue identified 9,793 
DEGs2 (5,026 up, 4,767 down) (Figure 3A and B). Intersection of these two gene sets yielded 2,554 overlapping 
candidate genes (Figure 3C). The F-values of SNPs for 2,554 genes were calculated (Supplementary Table 3). Two- 
sample Mendelian randomization (MR) analysis, employing the inverse variance weighted (IVW) method as primary, 
identified 41 of these overlapping genes as having a significant causal relationship with GBM risk (Supplementary 
Table 4). Among these, 21 were risk factors (OR > 1) and 20 were protective factors (OR < 1). Using HOXB2as an 
example, MR analysis showed a significant causal effect (IVW OR > 1, p=0.0008), with sensitivity analyses (hetero
geneity, pleiotropy, leave-one-out) confirming the robustness and reliability of the findings (Tables 2–4, Supplementary 
Table 5 and Figure 3D–H). The CHVP test p-values for all 41 genes were found to be >0.9e−07, indicating that no 
significant level of pleiotropic interference was detected in the instrumental variables (Supplementary Table 6). Genetic 
background standardization showed close alignment between datasets (Figure 3I). All SNPs had a variance explanation 

Figure 1 Flowchart of the whole study. This study integrated single-cell RNA-seq (scRNA-seq), bulk RNA-seq, and two-sample Mendelian randomization (MR) to identify 
causal and prognostic genes in GBM. Differential expression analysis was performed using DESeq2 and Seurat; causal inference used the Inverse Variance Weighted (IVW) 
method; prognostic modeling used LASSO-Cox regression;The predictive performance and generalizability of the model were rigorously validated using three independent 
external cohorts: GSE68848, and CGGA-325; experimental validation used RT-qPCR and Western blot.
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(R2) for the exposure that was greater than the variance explanation of SNPs for the outcome, and all P-values were less 
than 0.05. These results indicated that the direction was correct (Supplementary Table 7). To delve deeper into the 
biological roles of the 41 key genes, a comprehensive GO analysis was conducted, encompassing three key aspects: 
Biological Process (BP), Molecular Function (MF), and Cellular Component (CC). In terms of biological processes, 
candidate genes are significantly associated with the regulation of viral entry into host cells, modulation by symbiont 
entry into host et al In terms of molecular function, candidate genes are significantly associated with amyloid-beta 
binding, 5′-3′ DNA helicase activity et al In terms of cellular component, candidate genes are significantly associated 
with trans-Golgi network membrane, trans-Golgi network et al (Supplementary Figure 2A) According to the KEGG 

Figure 2 Cell clustering and annotation. (A) t-SNE clustering based on scRNA-seq data after quality control (min.cells = 3, min.features = 10, <10% mitochondrial genes). 
(B) Five cell types annotated using CellMarker and SingleR. (C) Dot plot of marker genes with filtering thresholds: min.pct = 0.6, logfc.threshold = 0.5. (D–E) Cell 
proportion statistics across clusters.
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Figure 3 Screening for differentially expressed genes. (A) Volcano plot of DEGs in TCGA-GBM using DESeq2; thresholds: P < 0.05 and |log2FC| > 0.5. (B) Heatmap of top 
10 up/down DEGs. (C) Overlap of scRNA-seq DEGs (DEGs1) and bulk DEGs (DEGs2). (D–H) Two-sample MR using the IVW method (P < 0.05 as significance threshold), 
with leave-one-out (LOO) sensitivity analysis. (I) λGC before and after standardization.
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analysis, the key genes exhibited a significant association with arginine and proline metabolism, as well as tuberculosis 
(Supplementary Figure 2B and Supplementary Table 8).

Construction and Validation of a Six-Gene Prognostic Risk Signature
Univariate Cox regression (P < 0.2)35 identified nine candidate prognostic genes from the 41 key genes (Figure 4A). 
Subsequent LASSO-Cox regression analysis selected an optimal 6-gene model (TMEM158, HOXB2, CKAP4, PEPD, 
PFDN5, NPC2) when the penalty parameter (λ) was minimized (Figure 4B and C). It is important to distinguish the aims 
of the different analyses: the multivariate MR identified CKAP4 and PFDN5 as having the strongest evidence for 
independent direct causal effects on GBM risk. In contrast, the LASSO-Cox prognostic model selected the combination 
of six genes that collectively provided the most accurate prediction of patient survival, irrespective of whether each 
gene’s influence is direct or mediated through other pathways. The risk score was calculated as: RiskScore = (0.13207 × 
HOXB2) + (0.28953 × NPC2) + (−0.18435 × TMEM158) + (0.12051 × PFDN5) + (−0.30577 × PEPD) + (0.23731 × 
CKAP4) (Table 5). In the TCGA-GBM cohort, patients stratified into high- and low-risk groups by the median risk score 
(cutoff=1.056) showed significantly different overall survival, with the high-risk group associated with poorer prognosis 
(Figure 4D–E). The model demonstrated predictive accuracy with 1-, 2-, and 3-year AUCs all > 0.6 (Figure 4F). These 
prognostic findings were successfully validated in the independent CGGA-325 dataset (Figure 4G–I).

Table 2 MR Analysis of the HOXB2 Gene in 
Glioblastoma (GBM)

Method b se p

MR Egger 0.296 0.265 0.293

Weighted median 0.435 0.205 0.034

Inverse variance weighted 0.433 0.163 0.0008
Simple mode 0.48 0.29 0.129

Weighted mode 0.406 0.185 0.053

Note: MR methods: IVW, weighted median, MR Egger, simple 
mode, weighted mode. In the IVW method, the odds ratio (OR) 
of HOXB2 was greater than 1, suggesting that HOXB2 is asso
ciated with an increased risk.

Table 3 Heterogeneity Test

Method Q Q_df Q_pval I2

MR Egger 3.121 9 0.959 0

Inverse variance weighted 3.55 10 0.965 0

Note: Heterogeneity was assessed by Cochran’s Q test. The hetero
geneity test found no heterogeneity in HOXB2 (Q-pvalue > 0.05).

Table 4 Horizontal Pleiotropy

Egger Intercept se pval

0.055764517 0.085 0.529

Note: Horizontal pleiotropy was evaluated 
by MR Egger intercept. Horizontal pleio
tropy test found no confounding factors in 
HOXB2 (P > 0.05)).
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The Risk Score is an Independent Prognostic Factor and Delineates Distinct 
Functional Phenotypes
Clinical analysis revealed the high-risk group had a significantly higher proportion of deceased patients and of the 
mesenchymal molecular subtype (Table 6, Figure 5A and B). Both univariate and multivariate Cox analyses identified the 
risk score as the sole independent prognostic factor for GBM (Table 7, Figure 5C and D). A prognostic nomogram 
incorporating the risk score was constructed, and its calibration curves showed good agreement between predicted and 
observed 1-, 2-, and 3-year survival (Figure 5E–H). The nomogram’s predictive AUCs for 1- to 3-year all exceeded 0.6 

Figure 4 Risk model construction, evaluation, and validation. (A) Univariate Cox regression (P < 0.2). (B and C) LASSO regression with λ.min to select 6 genes. (D) Risk 
score distribution. (E) Kaplan-Meier survival curves compared by log-rank test. (F) Time-dependent ROC AUC. (G–I) External validation in CGGA-325. Risk score was 
calculated as: RiskScore = Σ(coef_i × normalized expression_i).
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(Figure 5I). Functional analysis revealed the high-risk group was enriched for pathways such as hematopoietic cell 
lineage and Staphylococcus aureus infection. Gene set variation analysis (GSVA) identified 28 differentially active 
pathways between risk groups, including activation of chemical carcinogenesis and cytochrome P450 drug metabolism, 
and inhibition of cell cycle and Notch signaling in the high-risk group (Supplementary Figure 3A–B).

Immune Microenvironment and Drug Sensitivity Associated with the Risk Signature
CIBERSORT analysis revealed significant differences in immune cell infiltration between risk groups, specifically in 
plasma cells, CD8+ T cells, and resting/activated memory CD4+ T cells (Figure 6A and B). Among the six biomarkers, 
NPC2 showed the strongest positive correlation with CD8+ T cell abundance and negative correlation with resting 
memory CD4+ T cells (Figure 6C). Expression of 27 immune checkpoint genes differed significantly between groups 
(Figure 6D). Analysis of Tumor Immune Dysfunction and Exclusion (TIDE) scores showed a negative correlation with 
risk scores, and the low-risk group had significantly higher TIDE scores, suggesting a potentially less favorable response 
to immunotherapy (Figure 6E and F). Drug sensitivity analysis predicted that low-risk patients were more sensitive to 
agents like AMG.706 and axitinib, whereas high-risk patients were more sensitive to drugs targeting metabolic and 
signaling pathways such as GDC0941 and DMOG (Supplementary Figure 4A). The sensitivity of several drugs (eg., 
AMG.706, DMOG) showed significant correlation with the risk score (Supplementary Figure 4B).

Single-Cell Communication and Dynamics of Biomarker Expression
Cell-cell communication analysis revealed enhanced interaction networks, particularly between tumor and proliferating 
cells, in GBM compared to normal tissue (Figure 7A–F). The five major cell types were co-enriched in 1,709 metabolic 
pathways (Figure 7G and Supplementary Table 9). Sub-clustering of tumor cells identified 8 subpopulations (Figure 7H). 
Pseudotime trajectory analysis ordered these cells into 5 differentiation states, with subclusters 0 and 1 at the earliest 
stage (Figure 7I–K). Dynamic expression analysis along the pseudotime trajectory showed that HOXB2 and PEPD 
decreased gradually, NPC2, TMEM158 and PFDN5 increased then decreased, and CKAP4 increased progressively 
(Figure 7L). Cell cycle analysis revealed no pronounced heterogeneity across phases (Figure 7M).

Validation of Biomarker Expression and Identification of CKAP4 and PFDN5 as 
Potential Causal Drivers
Expression of all six biomarkers (TMEM158, HOXB2, CKAP4, PEPD, PFDN5, NPC2) was significantly upregulated in 
GBM tumors in the TCGA dataset (Figure 8A). While univariate MR analysis indicated all six genes were significantly 
associated with GBM, multivariate MR analysis, accounting for pleiotropy, identified only CKAP4 and PFDN5 as 
retaining significant independent causal associations (Table 8 and Figure 8B). Single-cell expression analysis confirmed 
that these biomarkers were predominantly expressed in tumor and proliferating cells (Figure 8C). Experimental valida
tion using RT-qPCR and Western blot on clinical GBM samples confirmed the significant upregulation of both mRNA 
and protein levels for all six genes compared to adjacent non-tumor tissue (Figure 8D–F). These expression findings were 
consistent in the external validation dataset GSE68848 (Supplementary Figure 5).

Table 5 The Risk Coefficients of the Biomarkers

Gene coef exp(coef) se(coef) z

TMEM158 −0.18435 0.83165 0.16569 −1.113
HOXB2 0.13207 1.14119 0.06286 2.101

CKAP4 0.23731 1.26783 0.18011 1.318

PEPD −0.30577 0.73656 0.24892 −1.228
PFDN5 0.12051 1.12807 0.14983 0.804

NPC2 0.28953 1.3358 0.14199 2.039

Note: Coefficients were estimated by LASSO-Cox regression. The risk 
coefficients of TMEM158, HOXB2, CKAP4, PEPD, PFDN5, and NPC2 
were presented in the table.
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Discussion
Glioblastoma (GBM) is the most aggressive primary malignant tumor of the central nervous system.1 Current research 
predominantly relies on correlative associations, while systematic approaches that prioritize causal genetic factors and 
integrate multi-omics data for prediction remain limited. In this study, we integrated single-cell transcriptomics with 

Table 6 Risk and Clinical Data in TCGA-GBM

Total Risk P value

High Low

Age(year)

Mean (SD) 61.8 (±11.9) 62.9 (±12.4) 60.7 (±11.4) 0.36
Gender

Female 50 (35.7%) 26 (37.1%) 24 (34.3%) 0.86

Male 90 (64.3%) 44 (62.9%) 46 (65.7%)
Vital status

Alive 26 (18.6%) 7 (10.0%) 19 (27.1%) 0.016

Dead 114 (81.4%) 63 (90.0%) 51 (72.9%)
OS(Months)

Mean (SD) 388.1 (±330.2) 324.2 (±277.7) 451.9 (±366.4) 0.007

MGMT status
Methylated 43 (38.7%) 17 (31.5%) 26 (45.6%) 0.17

Unmethylated 68 (61.3%) 37 (68.5%) 31 (54.4%)

NA 29

Original Subtype

Classical 39 (28.1%) 11 (15.7%) 28 (40.6%) < 0.001

G-CIMP 1 (0.7%) 0 (0.0%) 1 (1.4%)
Mesenchymal 48 (34.5%) 30 (42.9%) 18 (26.1%)

Neural 25 (18.0%) 19 (27.1%) 6 (8.7%)
Proneural 26 (18.7%) 10 (14.3%) 16 (23.2%)

NA 1

KPS

Mean (SD) 74.8 (±14.5) 73.8 (±13.4) 75.6 (±15.5) 0.54
Chr 19/20 co-gain

Gain chr 19/20 19 (14.0%) 6 (8.6%) 13 (19.7%) 0.083

No chr 19/20 gain 117 (86.0%) 64 (91.4%) 53 (80.3%)

NA 4

Chr 7 gain/Chr 10 loss

Gain chr 7 and loss chr 10 95 (69.9%) 50 (71.4%) 45 (68.2%) 0.71
No combined CNA 41 (30.1%) 20 (28.6%) 21 (31.8%)

NA 4

HM450

No 99 (70.7%) 49 (70.0%) 50 (71.4%) 1
Yes 41 (29.3%) 21 (30.0%) 20 (28.6%)

HM27

No 70 (50.0%) 37 (52.9%) 33 (47.1%) 0.61
Yes 70 (50.0%) 33 (47.1%) 37 (52.9%)

Notes: Values are n (%) or mean ± SD; categorical variables compared by χ2-test. There were significant 
differences in survival time, survival status, and original subtype between the high-risk and low-risk groups.
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Figure 5 Correlation between prognostic model and clinical factors. (A and B) Categorical variables compared by χ2-test. (C and D) Univariate and multivariate Cox 
regression. (E) Nomogram for 1-/2-/3-year survival. (F–H) Calibration curves. (I) AUC for nomogram prediction.
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Mendelian randomization (MR) to identify genetically implicated genes, subsequently developing and validating 
a prognostic signature for GBM. Through single-cell analysis, we characterized five distinct cell populations: tumor 
cells, proliferating cells, lymphocytes, myeloid cells, and normal cells. Furthermore, MR analysis identified 41 candidate 
key genes. We constructed a six-gene risk model comprising TMEM158, HOXB2, CKAP4, PEPD, PFDN5, and NPC2. 
The model demonstrated that elevated risk scores were significantly associated with poorer survival outcomes in GBM 
patients. Additionally, multivariate MR analysis suggested a potential direct causal association of CKAP4 and PFDN5 
with GBM. RT-qPCR and Western blot analyses confirmed significantly upregulated mRNA and protein expression 
levels of these six genes in GBM tissues compared to controls. Collectively, these six genes constitute a functionally 
interconnected module that drives GBM progression by modulating proliferation, differentiation, protein homeostasis, 
immune infiltration, and oncogenic signaling pathways, thereby providing a mechanistic basis for their prognostic value.

Our single-cell analysis delineated the cellular architecture of GBM, identifying nine clusters consolidated into five 
major types: tumor cells, proliferating cells, myeloid cells, lymphocytes, and normal cells. The predominance of tumor 
and myeloid populations highlights a tumor–immune ecosystem central to GBM pathology.8,10 Annotation was validated 
by marker genes (TOP2A in proliferating cells, MOG in normal cells). By intersecting differentially expressed genes 
from single-cell (CGGA) and bulk (TCGA) datasets, we identified 2,554 consistently dysregulated genes. MR analysis 
established a causal relationship for 41 of these genes with GBM risk, moving beyond correlation to suggest potential 
drivers and protectors. Enrichment analyses (GO, KEGG) of these 41 genes revealed their involvement in viral entry/ 
symbiosis pathways, amyloid-beta binding, helicase activity, and MAPK scaffolding, with cellular localization to the 
trans-Golgi network, linking them to immune evasion, proteostasis, and oncogenic signaling. Their association with 
arginine and proline metabolism further ties them to metabolic reprogramming and immunosuppression.

From these causal candidates, Cox and LASSO regression distilled a robust 6-gene prognostic signature (TMEM158, 
HOXB2, CKAP4, PEPD, PFDN5, NPC2). This signature integrates multiple pathogenic axes: transcriptional regulation 
(HOXB2), lipid trafficking and immune modulation (NPC2), protein folding and proteostasis (PFDN5), proteolytic 
metabolism (PEPD), and membrane dynamics (CKAP4, TMEM158). The six-gene prognostic signature (TMEM158, 
HOXB2, CKAP4, PEPD, PFDN5, NPC2) encompasses multiple layers of GBM pathogenesis. HOXB2, a homeobox 
transcription factor, acts as a canonical oncogene in GBM by promoting stemness and mesenchymal transition.36,37 Our 
observation that HOXB2 was consistently identified as a risk factor in both MR and Cox regression supports its causal 
role in driving poor survival. CKAP4 exerts oncogenic functions primarily by activating the PI3K/AKT pathway and 
inhibiting the Hippo signaling pathway, thereby accelerating proliferation, migration, and angiogenesis in high-grade 
gliomas.38,39 This mechanistically explains why CKAP4 emerged as an independent causal gene in multivariate MR and 

Table 7 Risk Score and Independent Prognostic Analysis of Clinical Factors

Univariate Analysis Multivariate Analysis

HR HR (95% CI) pvalue HR HR (95% CI) pvalue

age 1.013 1.013(0.995–1.031) 0.157 1.040 1.04(1.011–1.071) 0.007

gender 1.031 1.031(0.701–1.515) 0.878 0.695 0.695(0.371–1.305) 0.258
MGMT status 1.555 1.555(0.991–2.439) 0.055 1.350 1.35(0.715–2.548) 0.355

Mesenchymal 1.075 1.075(0.664–1.742) 0.768 0.631 0.631(0.277–1.441) 0.275

Neural 1.378 1.378(0.795–2.388) 0.253 1.068 1.068(0.453–2.519) 0.881
Proneural 1.321 1.321(0.772–2.26) 0.310 0.737 0.737(0.263–2.063) 0.561

Karnofsky Performance Score 0.988 0.988(0.971–1.006) 0.188 0.990 0.99(0.964–1.017) 0.470

Chr 19/20 co-gain 1.626 1.626(0.953–2.774) 0.075 4.281 4.281(1.312–13.971) 0.016
Chr 7 gain/Chr 10 loss 1.082 1.082(0.719–1.628) 0.706 1.553 1.553(0.762–3.165) 0.226

HM27 0.922 0.922(0.636–1.338) 0.670 0.805 0.805(0.431–1.502) 0.495

HM450 1.128 1.128(0.735–1.73) 0.581 NA NA NA
riskScore 1.367 1.367(1.091–1.714) 0.007 2.867 2.867(1.467–5.601) 0.002

Notes: Univariate and multivariate Cox proportional hazards regression. In the univariate analysis, RiskScore is a prognostic factor. In 
the multivariate analysis, age, Chr 19/20 co-gain, and riskScore were prognostic factors.
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Figure 6 Immune-related analysis. (A) Immune cell scores inferred by CIBERSORT. (B) Differences between risk groups by Wilcoxon test (P < 0.05) *P < 0.05, 
**P < 0.01. (C) Spearman correlation (**|cor| > 0.3, P < 0.05**). (D) Immune checkpoint gene expression. *P < 0.05, **P < 0.01. (E–F) TIDE score and correlation 
with RiskScore. **P < 0.01.
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Figure 7 Tumor cell-related analyses between GBM and normal groups. (A–F) Cell–cell communication analyzed by CellChat. (G) Metabolic pathway activity. (H) UMAP 
clustering (resolution = 0.4). (I–K) Pseudotime trajectory by Monocle. (L) Biomarker dynamics. (M) Cell cycle scoring using Seurat.
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Figure 8 Expression of Prognostic Model Genes. (A) Expression in GBM vs normal using log2-transformed counts. *P < 0.05, **P < 0.01, ***P < 0.001 (B) Multivariate 
Mendelian randomization to identify independent causal genes. (C) scRNA-seq violin plots. (D) RT-qPCR using 2−ΔΔCt method. (E and F) Western blot quantification. 
*p<0.05 **p<0.01.
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predicts poor prognosis.40–42 PFDN5 acts as a co-factor of c-Myc and regulates protein folding and proteostasis.43,44 

Deregulation of PFDN5 disrupts Myc-driven transcriptional programs and autophagy, leading to uncontrolled prolifera
tion and metabolic reprogramming.45,46 Our study is the first to establish a causal link between PFDN5 and GBM, likely 
via Myc-mediated oncogenic signaling. PEPD (prolidase) contributes to collagen metabolism and cell survival;47,48 its 
dysregulation promotes invasiveness and treatment resistance.49,50 NPC2 is involved in lipid trafficking and antigen 
presentation;51,52 its strong correlation with CD8+ T-cell infiltration suggests a critical role in shaping the immune 
microenvironment of GBM.53 TMEM158 is a transmembrane protein that modulates cell-matrix adhesion and 
signaling,54 sustaining tumor cell survival and stemness.55 Collectively, these genes form a regulatory network that 
drives hallmark capabilities of GBM, including uncontrolled proliferation, immune evasion, metabolic reprogramming, 
and therapeutic resistance. The risk score, calculated from these genes, was an independent prognostic factor. Patients 
stratified into high- and low-risk groups showed significant survival differences, with the high-risk group enriched for the 
aggressive mesenchymal subtype. The signature’s prognostic value was confirmed in an independent cohort (CGGA-325) 
and was successfully incorporated into a clinically applicable nomogram.

Functionally, the high-risk phenotype was characterized by an altered immune landscape and metabolic adaptation. 
GSVA indicated activation of chemical carcinogenesis and cytochrome P450 drug metabolism pathways, alongside 
inhibition of cell cycle and Notch signaling, suggesting a shift towards therapy resistance. Immune deconvolution 
revealed significant differences in plasma cells, CD8+ T cells, and memory CD4+ T cells between risk groups. 
Notably, NPC2 expression strongly correlated with CD8+ T cell infiltration. Analysis of 27 immune checkpoints and 
TIDE scores suggested the high-risk group might be less immune-evasive and potentially more responsive to immu
notherapy, indicating the model’s utility in predicting therapeutic vulnerability. This immune stratification can be 
attributed to the causal genes in our signature: NPC2 modulates lymphocyte infiltration, CKAP4 promotes an immuno
suppressive microenvironment, and HOXB2 drives inflammatory signaling, collectively leading to distinct immune 
landscapes between risk groups. Correspondingly, drug sensitivity analysis predicted risk-dependent vulnerabilities: low- 
risk patients to anti-angiogenics (eg., AMG.706, axitinib) and high-risk patients to metabolic/PI3K-mTOR inhibitors (eg., 
GDC0941, DMOG), aligning with their distinct biological states.56,57

Single-cell communication analysis revealed enhanced interactions, particularly between tumor and proliferating cells 
in GBM. Pseudotime trajectory analysis of tumor subpopulations showed dynamic expression of the six biomarkers 
during differentiation, underscoring their roles in tumor progression. Cell cycle analysis showed no pronounced 
heterogeneity, indicating a uniformly proliferative state.

Table 8 Mendelian Randomization Analysis of Biomarkers

Gene nsnp b se pval or Type

TMEM158 17 −0.62013 0.28558 0.0299 0.6209 Univariate
HOXB2 11 0.433174 0.1629 0.0078 1.346 Univariate

CKAP4 7 −0.81312 0.27345 0.0029 0.5295 Univariate

PEPD 3 2.369722 0.83372 0.0045 3.5477 Univariate
PFDN5 3 −2.58634 1.09187 0.0178 0.1047 Univariate

NPC2 4 2.066133 1.03813 0.0466 3.1529 Univariate

TMEM158 12 −0.18315 0.27404 0.5039 0.8739 Multivariate
HOXB2 5 0.517613 0.5829 0.3745 1.4212 Multivariate

CKAP4 4 −1.09308 0.53479 0.041 0.417 Multivariate
PEPD 2 0.876483 0.93396 0.348 1.7666 Multivariate

PFDN5 3 −2.38924 0.85821 0.0054 0.1266 Multivariate

NPC2 3 1.07594 1.04698 0.3041 1.9755 Multivariate

Note: Causal inference was performed using two-sample MR; significance threshold: P < 
0.05. Univariate mendelian randomization analysis revealed that TMEM158, HOXB2, CKAP4, 
PEPD, PFDN5, and NPC2 are significant factors. Multivariate MR analysis showed that only 
CKAP4 and PFDN5 remained significant, suggesting that these two genes might be directly 
associated with GBM.
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Validation across datasets (TCGA, GSE68848) and via RT-qPCR/Western blot confirmed consistent upregulation of 
all six biomarkers in GBM tissue, with enrichment in tumor and proliferating cells. Multivariate MR analysis refined 
these associations, identifying CKAP4 and PFDN5 as having the strongest evidence for independent, direct causal effects 
on GBM risk, distinguishing them as prime mechanistic candidates.

The roles of CKAP4 and PFDN5 warrant specific emphasis.
CKAP4 has been validated as a driver of glioma malignancy by inhibiting Hippo signaling and activating PI3K/AKT 

cascades,58,59 supporting our result that CKAP4 is an independent causal gene for GBM.41 Its upregulation correlates 
with poor survival, and our MR analysis provides novel genetic epidemiological evidence supporting a causal role in 
GBM, beyond prior functional studies.42,58,59 While prior studies have established CKAP4’s functional roles in glioma 
biology, our work provides novel genetic epidemiological evidence supporting a causal relationship between CKAP4 and 
GBM risk, moving beyond correlative expression associations. This causal inference, derived from Mendelian rando
mization, strengthens the rationale for targeting CKAP4 in GBM and distinguishes our contribution from previous 
descriptive or functional studies.58,59

PFDN5 regulates protein homeostasis and interacts with c-Myc to control transcription and proliferation,43,44 

representing a novel causal dependency in GBM that warrants further functional validation.45,46 To our knowledge, 
this is the first study to propose a direct causal link between PFDN5 and GBM, identifying it as a novel dependency.

Collectively, we propose a model where this gene module drives GBM: CKAP4 via Hippo/PI3K signaling; PFDN5 
via c-Myc/proteostasis; HOXB2 via stemness/mesenchymal transition; NPC2 via immune microenvironment remodel
ing; PEPD via invasiveness; and TMEM158 via cell survival. This integrated signature offers a composite biomarker for 
prognosis. Individually, these genes nominate distinct therapeutic avenues: CKAP4 and PFDN5 for targeted 
therapy;43,44,58,59 HOXB2 for epigenetic targeting; NPC2 and PEPD for metabolic/microenvironment strategies; and 
TMEM158 for adhesion-mediated signaling. Future diagnostic and therapeutic trials could prioritize validating these 
genes as blood- or tissue-based biomarkers and developing corresponding targeted agents, especially against CKAP4 and 
PFDN5.

Our study has limitations. The retrospective design may introduce bias, requiring validation in prospective, multi- 
center cohorts. Experimental validation, though consistent, was performed on a limited sample set. While MR suggests 
causality, the precise molecular mechanisms of CKAP4 and PFDN5 require functional validation in GBM models. Future 
work should bridge computational discovery with mechanistic studies and clinical translation to develop precision 
strategies for high-risk GBM patients.

Conclusion
In conclusion, by integrating single-cell RNA sequencing with two-sample Mendelian randomization, this study system
atically identified both prognostic and genetically supported causal genes in glioblastoma. We established and validated 
a robust 6-gene prognostic signature (TMEM158, HOXB2, CKAP4, PEPD, PFDN5, NPC2), where a higher risk score 
was significantly associated with poorer overall survival, mesenchymal subtype enrichment, and distinct immune 
microenvironment profiles. Multivariate Mendelian randomization analysis further suggested that CKAP4 and PFDN5 
may exert independent causal effects on GBM risk. These findings highlight the prognostic value of the six-gene 
signature for patient stratification and nominate CKAP4 and PFDN5 as priority candidates for further investigation as 
potential therapeutic targets in GBM. Collectively, the six genes provide a valuable resource for advancing diagnostic 
precision and targeted therapy development in GBM.
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