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Abstract
Background  Glioblastoma (GBM) is a highly aggressive primary brain tumor with limited treatment success and poor 
prognosis. Despite surgical resection and adjuvant therapies, GBM often recurs, and resistance to radiotherapy and temo-
zolomide presents significant challenges. This study aimed to elucidate molecular signatures associated with treatment 
responses, identify potential biomarkers, and enhance personalized treatment strategies for GBM.
Methods  We conducted a comprehensive analysis using the Gene Expression Omnibus (GEO) and The Cancer Genome 
Atlas (TCGA) databases. The GEO dataset (GSE206225) was used to identify differentially expressed genes (DEGs) between 
radiation-sensitive/resistant and temozolomide-sensitive/resistant GBM samples. TCGA data were utilized for subsequent 
analyses, including Lasso-Cox regression, risk score model construction, Kaplan–Meier survival analysis, and gene set 
enrichment analysis (GSEA). Hub genes were identified through survival analysis, and a gene prognostic nomogram was 
developed. Additionally, validation of the three-gene risk signature through multiple external cohorts and validation of 
protein expression levels were performed.
Results  DEG analysis identified 111 genes associated with chemoradiotherapy resistance, providing insights into the 
complex landscape of GBM treatment response. The risk score model effectively stratified patients, showing significant 
differences in overall survival and progression-free survival. GSEA offered a deeper understanding of pathway activities, 
emphasizing the intricate molecular mechanisms involved. NNAT, IGFBP6, and CYGB were identified as hub genes, and 
a gene prognostic nomogram demonstrated predictive accuracy.
Conclusion  This study sheds light on the molecular intricacies governing GBM treatment response. The identified hub 
genes and the gene prognostic nomogram offer valuable tools for predicting patient outcomes and guiding personal-
ized treatment strategies. These findings contribute to advancing our understanding of GBM biology and may pave the 
way for improved clinical management.
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1  Introduction

Glioblastoma (GBM) is the most common and highly aggressive primary brain tumor, classified as grade IV by the World 
Health Organization (WHO) due to its characteristic histopathological features, including necrosis and endothelial pro-
liferation [1]. In 2010, approximately 138,054 individuals in the United States were diagnosed with a primary malignant 
brain tumor, with malignant gliomas being the predominant subtype, accounting for 80% of cases and approximately 
17,000 new diagnoses annually. GBM predominantly affects individuals aged 60 to 80, and its prevalence is expected to 
rise with an aging population [2, 3].

The etiology of GBM remains largely unknown for most patients. Approximately 5% of individuals carry germline 
mutations that predispose them to various tumor types, including GBM [4, 5]. In addition, a small subset of patients has 
a family history of cancer. Ionizing radiation is the primary established risk factor for GBM, though only a minority of 
radiation-induced cranial tumors progress to GBM [6, 7]. Other potential factors, including exposure to cell phones, viral 
triggers (such as cytomegalovirus), and other environmental exposures, are under investigation, but their roles remain 
unclear [8–12].

Currently, there are no early detection methods for GBM. Magnetic resonance imaging (MRI) remains the most sensi-
tive diagnostic tool; however, by the time a lesion is detectable by MRI, the tumor has typically reached an advanced 
stage [13].

The standard treatment for newly diagnosed GBM patients includes maximal surgical resection followed by field 
radiotherapy combined with temozolomide chemotherapy for up to six maintenance cycles [14–16]. Despite these 
interventions, local recurrence is almost inevitable [17]. largely due to the genetic heterogeneity of GBM, the blood–brain 
barrier (BBB), and an immunosuppressive tumor microenvironment [18].

Resistance to radiotherapy is thought to be a significant contributor to the high mortality rate of GBM. The underly-
ing causes of radioresistance are complex and multifactorial, often associated with recurrence. Similarly, temozolomide 
resistance is a major obstacle in GBM treatment, and the mechanisms driving this resistance are not yet fully understood. 
Current research focuses on elucidating the molecular pathways involved in therapy resistance, particularly alterations in 
signal transduction pathways that drive tumor resilience [19]. Despite these efforts, GBM remains an incurable disease, 
with a poor prognosis. The median survival rate for patients is between 12 and 15 months, with only 2.3% surviving 
beyond 2 years and 1.2% beyond 3 years, even for younger patients in good health [20].

GBM’s aggressive nature presents substantial challenges for prognosis and treatment response. Identifying which 
patients would benefit most from radiotherapy and temozolomide remains difficult. A deeper understanding of the 
molecular mechanisms governing the responses to these therapies is critical for advancing personalized treatment 
strategies. In this context, we conducted a comprehensive analysis of differentially expressed genes (DEGs) in radiation-
sensitive and temozolomide-sensitive GBM samples. Our goal was to identify specific biomarkers that could predict 
therapeutic sensitivity and elucidate the molecular signatures associated with treatment response.

2 � Methods

2.1 � Overview

To provide a clear understanding of our comprehensive research process, we have included a detailed workflow table 
(Table 1). This table outlines each critical step of our study, from data collection to validation, including the specific tools 
and methodologies used. The table serves as a guide to the systematic approach taken to identify molecular signatures, 
construct prognostic models, and validate findings within different cohorts.

2.2 � Project selection and data collection

The data for this study were acquired from Gene Expression Ominibus, a public functional genomics data repository. 
Considering "glioblastoma", "radiation", and "resistance" as three key words for obtaining desired project, we ultimately 
enrolled series GSE206225 as our main dataset to analyze [21]. The overall goal of this project was to determine if 
there were baseline differences between patient-matched primary and recurrent tumors following serial radiation treat-
ment. The tissues were categorized into "Radiation sensitive" and "Radiation resistant" groups and further stratified into 
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"Temozolomide sensitive" and "Temozolomide resistant" groups. We employed GEO2R to analyze differentially expressed 
genes (DEGs) between these groups. Additionally, we used Metascape (http://​www.​metas​cape.​org/) to determine gene 
functions and pathways associated with the identified DEGs.

2.3 � Standard Cox regression analysis and prognostic model construction

The survival package was used for proportional hazards testing and standard Cox regression, while rms supported model 
construction and validation. Data were obtained from the TCGA-GBM project within the TCGA database, with RNA-seq 
data processed to TPM format alongside relevant clinical information. Additional variables, including WHO grade, IDH 
mutation status, and 1p/19q codeletion, were incorporated. Normal samples and those lacking clinical information 
were excluded, and TPM data were log2-transformed (log2(value + 1)) for standardization. In univariate Cox regression, 
variables meeting a specified P-value threshold were selected and included in the multivariate Cox model to assess 
independent prognostic significance for overall survival (OS).

2.4 � LASSO‑Cox regression analysis and construction of prognostic prediction mode

We used The Cancer Genome Atlas (TCGA) database to assemble the training cohort for GBM patients based on gene 
expression data and relevant clinical information. Analysis was conducted on 166 GBM cases with complete follow-up 
data, excluding cases with incomplete survival data. A Lasso-Cox regression analysis was used to refine the model and 
eliminate collinearities among radiation/temozolomide resistance genes. This analysis was conducted using the "glmnet" 
package, where the Cox penalty regression was implemented through the glmnet function, and tenfold cross-validation 
was executed with the cv.glmnet function [22, 23].

The penalization parameter was determined by assessing the minimum log-likelihood deviation through tenfold 
cross-validation in the metadata set, corresponding to the optimal λ value. With the specified λ, coefficients (Coef ) for 
each feature were extracted, leading to the formulation of a risk score model. This model entailed multiplying the β (Coef) 
values with the expression levels of drug resistance-related genes (GRPGs): Risk score = (β1 * GRPG1 + β2 * GRPG2 + β3 * 
GRPG3 + ⋯ + βn * GRPGn), where β represents the coefficients of GRPGs.

Based on the median risk score values, the 166 patients were classified into high-risk and low-risk groups using the risk 
score model. With the "survival" package and the "survminer" package, Kaplan–Meier survival analysis and log-rank tests 
were performed on these groups. This allowed for the elucidation of differences in overall survival (OS) and Progression 
Free Interval (PFI). As a consequence of this comprehensive approach, it was possible to analyze OS and PFI disparities 
with a high degree of accuracy compared to low-risk groups.

2.5 � Gene set enrichment analysis (GSEA) and gene set variation analysis (GSVA)

To comprehensively examine differential pathway activity between high-risk and low-risk groups, we used Gene Set 
Enrichment Analysis (GSEA). Six gene sets from the MSigDB database and tumor-specific gene sets from the CancerSEA 
study were utilized for enrichment analysis. The expression matrix representing the relationship between samples and 
genes was transformed using the GSVA package. This transformation converted the original "sample × gene" matrix into 
a "sample × pathway" matrix, directly reflecting associations between samples and pathways.

We then performed differential analysis using the limma package to identify pathways with significant differences 
between samples. By integrating GSEA and differential pathway analysis, we sought to reveal the intricate landscape of 
pathway activities associated with risk stratification, providing valuable insights into potential molecular mechanisms 
that contribute to the observed differences in OS and PFI.

2.6 � Identifcation of hub genes by Kaplan–Meier survival analysis

Following guidelines and policies (http://​portal.​gdc.​cancer.​gov/), we collected raw counts of RNA-sequencing data and 
corresponding clinical information from the TCGA GBM dataset. To compare survival differences between the groups, 
Kaplan–Meier survival analysis with log-rank tests was conducted. Univariate Cox proportional hazards regression analysis 
was used to calculate p-values, hazards ratios (HR), and Kaplan–Meier curves based on 95% confidence intervals (CIs). It 
was found that three genes, NNAT, IGFBP6, and CYGB, significantly correlated with survival time.

http://www.metascape.org/
http://portal.gdc.cancer.gov/
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2.7 � Expression analysis and correlation analysis

To analyze the molecular differences between two distinct groups within the TCGA glioma database, we utilized the 
Mann–Whitney U test (also known as the Wilcoxon rank sum test). Based on RNA-sequencing expression profiles and clini-
cal information for GBM from TCGA (https://​portal.​gdc.​cancer.​gov), expression and correlation analyses were conducted. 
A two-gene correlation map was generated using the R software package ggstatsplot. Spearman’s correlation analysis, 
a robust non-parametric statistical approach, was applied to describe correlations between quantitative variables that 
did not follow a normal distribution.

2.8 � Analysis of immune cell infltration on hub genes

The methodology for immune infiltration analysis utilized the TISIDB (Tumor Immune Single-cell Database) website. 
Initially, relevant immune infiltration information for tumor samples was retrieved, encompassing the relative abundance 
of various immune cell types and associated immune gene expression data. Through the TISIDB user interface, the target 
tumor type and relevant parameters were selected to obtain desired immune infiltration results, including proportions 
of different immune cell subtypes and expression levels of immune-related genes.

2.9 � The protein–protein interaction (PPI) analysis

The PPI analysis and gene enrichment analysis were conducted using the String database (https://​string-​db.​org/). The 
initial query of the database involved a list of genes or proteins of interest. String provided a comprehensive PPI network 
by integrating known and predicted protein interaction information. To ensure result reliability, high-confidence PPIs 
were selected by setting specific confidence score thresholds. Subsequent gene enrichment analysis utilized various 
public databases and annotation resources, including Gene Ontology (GO) annotations, Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathways, biological processes, molecular functions, among others. This approach provided insights 
into the functional and pathway-level implications within the list of genes or proteins of interest.

2.10 � Construction of nomogram with hub genes and development of calibration curves to predict 
the outcome of GBM

To construct the nomogram predicting overall recurrence, univariate and multivariate Cox regression analyses were 
conducted using RNA-sequencing expression profiles, along with corresponding clinical information for GBM from the 
TCGA dataset. A forest plot is generated using the R package ’forestplot’, which displays P values, HRs, and the 95% CIs. 
Subsequently, a nomogram was developed based on the multivariate Cox proportional hazards analysis results to esti-
mate X-year overall recurrence. The nomogram visually represented contributing factors, allowing clinicians to calculate 
an individual patient’s recurrence risk by assigning points associated with each risk factor. This was implemented using 
the ’rms’ R package, offering a user-friendly tool for personalized risk assessment and communication for GBM patients.

2.11 � Validation of the three‑gene risk signature through multiple external cohorts

We performed z-score normalization on all datasets to standardize the data and applied an exponential function to 
adjust for non-negativity and interpretability in risk assessment. After data preprocessing, risk scores for each sample 
were calculated using risk coefficients derived from the training set by the Lasso-Cox method.

To validate the three-gene risk signature, we used multiple independent external datasets (For example, GEO, CGGA 
datasets, etc.). The results consistently indicated that the high expression group was associated with poorer prognosis, 
demonstrating the robustness and reproducibility of the proposed risk signature across diverse cohorts.

https://portal.gdc.cancer.gov
https://string-db.org/
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2.12 � Validation of the protein expression levels of the hub genes via the human protein atlas

An immunohistochemistry (IHC) analysis was performed based on data downloaded from the Human Protein Atlas (HPA, 
http://​www.​prote​inatl​as.​org) in order to verify the protein expression levels in GBM and normal tissues. IHC results could 
be obtained for a number of proteins based on proteomics in normal and cancer tissues by HPA.

2.13 � Statistical analysis

All the analysis methods and R package were implemented by R version 4.0.3. Group comparisons were performed utiliz-
ing the Wilcoxon test. A significance level of P < 0.05 was considered statistically significant.

3 � Results

3.1 � Analysis of differentially expressed genes (DEGs) in radiation‑sensitive and temozolomide‑sensitive 
samples in a GBM cohort and their functional enrichment

We analyzed DEGs using the GEO dataset GSE206225 with GEO2R. Our findings revealed 319 DEGs between radiation-
sensitive and radiation-resistant groups and 1197 DEGs between temozolomide-sensitive and temozolomide-resistant 
groups in GBM, meeting the criteria of P < 0.05 and logFC > 1.

Figure 1A and B present volcano plots and heatmaps of these DEGs, respectively. Comprehensive lists of upregulated 
and downregulated genes are provided in Additional file 1: Tables S1 and S2. Using a Venn diagram, we identified 111 
overlapping DEGs between both groups (Fig. 1C). Further functional and pathway enrichment analysis of these DEGs 
using Metascape revealed significant enrichment in pathways such as interferon signaling, interferon-gamma signaling, 
regulation of system processes, and cell export (Fig. 1D).

3.2 � Prediction model built based on Lasso‑Cox regression

The clinical summary of the training cohort for GBM patients in the TCGA database is presented in Table S3. The TCGA GBM 
cohort had an average patient age of 59.4 years (range 21–89), with a predominance of males (107) over females (59). 
Racially, the cohort was primarily White (148), with smaller groups identifying as Black or African American (11) and Asian 
(7). Survival analysis showed that 133 patients were deceased at the study’s conclusion, with a median overall survival 
(OS) of 373 days. Disease progression was documented in 133 patients, with a median progression-free interval (PFI) of 
164 days. The integration of LASSO regression and Cox analysis resulted in a robust risk signature. The optimal lambda 
value was determined via tenfold cross-validation. Treatment factors such as the type of adjuvant therapy administered 
were explicitly included in the Cox analysis to evaluate their impact on patient outcomes. This adjustment for treatment 
heterogeneity ensures that the predictive accuracy of the nomogram is not confounded by differences in therapy, 
enhancing the clinical utility of the model in predicting patient outcomes.

LASSO regression with tenfold cross-validation yielded a prognostic model comprising ANK1, ARSI, CYGB, GLP1R, 
HSPA7, IGFBP6, NNAT, and PALM3 (Fig. 2A, B). The risk score formula, which combines Cox coefficients with categorical 
expression values, was established as follows: Risk score = (0.0735 * ANK1) + (0.04941 * ARSI) + (0.0163 * CYGB)–(0.0051 * 
GLP1R) + (0.0306 * HSPA7) + (0.06873 * IGFBP6) + (0.0218 * NNAT) + (0.0110 * PALM3).

Using a cut-off value of 1.790541, Kaplan–Meier analysis demonstrated significantly lower overall survival (OS) and 
progression-free interval (PFI) in high-risk patients compared to low-risk patients (P < 0.001). Functional validation of the 
model in the TCGA dataset confirmed its accuracy in predicting OS and PFI, with AUC values consistently exceeding 0.7. 
Predictive effectiveness over 1-, 2-, and 3-year periods was verified via ROC curve analysis for both OS and PFI (Fig. 2C–H).

3.3 � Functional enrichment analysis of genes in high‑risk and low‑risk groups

Gene Set Enrichment Analysis (GSEA) was used to examine biological processes associated with genes in both high-risk 
and low-risk groups, highlighting the top three enriched pathways (Fig. 3). In the high-risk group, KEGG pathway analysis 
showed enhanced focal adhesion, chemokine signaling, and cytokine-cytokine receptor interactions. Reactome analysis 

http://www.proteinatlas.org
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indicated enrichment in interleukin signaling, extracellular matrix organization, and neutrophil degranulation. Wikip-
athways analysis revealed enrichment in complete system, burn wound healing, and proinflammatory and profibrotic 
mediators.

Conversely, the low-risk group showed enrichment in pathways related to the cell cycle, spliceosome, and ribosome 
according to KEGG pathway analysis. Reactome analysis showcased enrichment in translation, processing of capped 
intron-containing pre-mRNA, and cell cycle mitotic pathways. GSEA analysis indicated a range of distinct biological 
activities in both high-risk and low-risk groups, providing insights into potential mechanisms contributing to differences 
in OS and PFI.

3.4 � Screening and verification of prognosis‑related DEGs

In our analysis of TCGA-READ DEGs, we identified key genes influencing GBM prognosis. Of the eight genes analyzed 
(ANK1, ARSI, CYGB, GLP1R, HSPA7, IGFBP6, NNAT, and PALM3), HSPA7 was excluded as it was identified as a pseudogene. 
The remaining seven genes underwent survival analysis. Using the median expression level of the 7-gene panel as a 
cutoff, patients were divided into high and low expression groups for survival analysis (Fig. 4).

Only three hub genes (NNAT, IGFBP6, and CYGB) showed significant correlations with poorer prognosis in Kaplan–Meier 
survival analysis (P < 0.05, Fig. 4). The other four genes did not exhibit significant differences in overall survival between 
high and low expression groups.

3.5 � Prognostic significance of IDH status and three genes (NNAT, CYGB, IGFBP6) in glioblastoma

Table 2 presents the univariate and multivariate Cox regression analysis results for various prognostic factors, includ-
ing IDH status, gender, race, age, Karnofsky Performance Score, and the three genes (NNAT, CYGB, IGFBP6). IDH status 

Fig. 1   Genetic profling and overall design to explore radiation/Temozolomide resistance. A Volcano plot of radiation resistant tissue vs. 
radiation sensitive tissue in GSE206225. |Log2 fold change|≥ 1 and P value ≤ 0.05 were set as cut-of values. B Volcano plot of Temozolomide 
resistanttissue vs. Temozolomide sensitive tissue in GSE206225. |Log2 fold change|≥ 1 and P value ≤ 0.05 were set as cut-of values. C The 
Venn diagram of diferentially expressed genes (DEGs) in radiation resistant/sensitive and Temozolomide resistant/sensitive. D 111 DEGs 
were imported into Metascape website for pathway enrichment analysis
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demonstrated significant independent prognostic value in both univariate (HR = 0.301, P = 0.002) and multivariate 
analyses (HR = 0.389, P = 0.024), confirming its important role in glioblastoma prognosis. In the univariate analysis, 
NNAT and CYGB showed significant prognostic effects (NNAT: HR = 1.534, P = 0.016; CYGB: HR = 1.477, P = 0.029), and 
IGFBP6 was close to significance (HR = 1.368, P = 0.072). However, in the multivariate analysis, the significance of the 
three genes was reduced (NNAT: P = 0.090; CYGB: P = 0.364; IGFBP6: P = 0.286), suggesting that their prognostic effects 
may be influenced by IDH status and other factors.

3.6 � Establishment and estimation of the three‑gene prognostic signature

Three prognostic genes were assessed individually using Cox proportional hazards regression analysis to determine 
their significance for predicting GBM outcomes (Fig. 5). The risk score for the three genes was established using their 
respective Cox coefficients: risk score = (0.0819)*NNAT + (0.2281)*IGFBP6 + (0.1361)*CYGB.

As a result, individual risk scores for each patient were calculated and the median cut-off point was determined 
using R’s "survminer" package, dividing patients into high-risk groups (n = 76) and low-risk groups (n = 77) (Fig. 5A). 
Figure 5B, C displays the survival outcomes of all patients in the training group along with a heatmap illustrating 
the three prognostic genes. The Kaplan–Meier survival curves indicate that the high-risk group had a poorer overall 
survival in comparison to the low-risk group (Fig. 5D). There was also a significant difference in the area under the 
curve (AUC) values in the three-gene prognostic signature for time-dependent ROC analysis (Fig. 5E) and for each 
gene individually (See Additional file 7: Fig. S1, S2, S3), indicating that the multi-gene model had superior predictive 
ability for 1-year, 2-year, and 3-year overall survival.

3.7 � Expression analysis of hub genes in GBM

The expression analysis of NNAT, IGFBP6, and CYGB revealed significant downregulation in GBM samples compared to 
normal brain tissues (Fig. 6A). This consistent reduction suggests a potential role for these genes in tumor biology related 
to their loss or reduced function.

3.8 � Study of the relationship between three hub genes and GBM‑related genes

Genes associated with GBM tumorigenesis were obtained from the GeneCards database. The top 20 genes linked to 
GBM were analyzed, with significant expression differences noted between control and GBM groups (Fig. 6B). Pear-
son correlation analysis indicated associations between hub genes (NNAT, IGFBP6, CYGB) and GBM-related genes 
(Fig. 6C). For instance, high NNAT expression correlated positively with BRAF, HRAS, and MSH2, while high IGFBP6 
expression correlated with ATM, BRAF, and CREBBP, and high CYGB correlated with EGFR, FBXW7, FGFR1, and MGMT.

3.9 � An investigation of three hub genes’ clinical predictive value using multiomics

We examined correlations between the three hub genes and immune-related genes from the TISIDB database, encom-
passing lymphocyte-related, chemokine-related, immunoinhibitor-related, MHC-related, immunostimulatory-related, 
and receptor-related categories (Fig. 7).

3.10 � Analysis of the signaling pathways involved in NNAT, IGFBP6, and CYGB hub genes

In order to investigate how the hub genes impact specific signaling pathways, we examined their impact on the three 
signaling pathways. GSVA results revealed that high expression of NNAT primarily enriched in pathways such as kras_sign-
aling_DN, estrogen_response_late, spermatogenesis, myogenesis, and pancreas beta cells, among others. Conversely, 
low expression of NNAT predominantly enriched in TGF_beta signaling, protein_secretion, and MYC targets v2. For 
IGFBP6, high expression was associated with enrichment in reactive_oxygen_species_pathway, inflammatory_response, 
apoptosis, epithelial_mesenchymal_transition, allograft_rejection, IL2_STAT5_signaling, and other pathways. On the 
contrary, low expression of IGFBP6 mainly enriched in MYC_targets_v2, mitotic_spindle, WNT_beta_catenin_signaling, 
E2F_targets, G2M_checkpoint, and other pathways. As for CYGB, high expression was linked to enrichment in pathways 
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like reactive_oxygen_species_pathway, epithelial_mesenchymal_transition, IL6_JAK_STAT3_signaling, apical_junction, 
inflammatory_response, and myogenesis. In contrast, low expression of CYGB primarily enriched in mitotic_spindle, 
MYC_targets_v2, DNA_repair, E2F_targets, G2M_checkpoint, and other pathways (Fig. 8A–C).

These genes were also subjected to GSEA analysis, and Fig. 8D, E and F depicts the enriched pathways for these 
genes. Based on results, NNAT expression was high in pathways such as neuroactive ligand receptor interaction, calcium 
signaling pathway, and olfactory transduction, while NNAT expression was low in pathways such as allograft rejection, 

Fig. 2   Screening of variations using Lasso regression. A Depicts the variation characteristics of the coefficients of variables as identified 
through Lasso regression. B Illustrates the selection process for the optimal parameter value in the Lasso regression model, employing the 
cross-validation method. C Presents the survival curves of two groups based on overall survival (OS) and follow-up time. D Demonstrates 
the receiver operating characteristic (ROC) curve validating the prognostic efficiency over 1, 2, and 3 years. ROC—receiver operating char-
acteristic; AUC—area under curve. E Displays the calibration curve for the overall survival nomogram model within the group. F Presents 
the survival curves of two groups based on Progression Free Interval (PFI) and follow-up time. G Demonstrates the ROC curve validating the 
prognostic efficiency of PFS over 1, 2, and 3 years. H Displays the calibration curve for the PFS nomogram model within the group
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autoimmune thyroid disease, and ribosome. Embryonic stem cells express high levels of IGFBP6 in signal pathway path-
ways involved in hematopoietic cell differentiation, complement cascades, and cytokine receptor interactions. high 
IGFBP6 expression occurs in notch signaling pathways, cell cycle pathways, and spliceosome pathways Conversely. 
Cytokine cytokine receptor interaction, chemokine signaling pathway, hematopoietic cell proliferation, and cytokine 
receptor interaction were associated with high expression of CYGB, whereas DNA replication, cell cycle, and spliceosome, 
were associated with low expression of CYGB.

Fig. 3   The GSEA analysis of high-risk goup and low-risk goup expression which was grouped by the risk score model



Vol.:(0123456789)

Discover Oncology          (2024) 15:743  | https://doi.org/10.1007/s12672-024-01649-y	 Analysis

Fig. 4   Kaplan–Meier survival analysis of NNAT, ANK1, GLP1R, ARS1, PALM3, IGFBP6 and CYGB (A). Kaplan–Meier survival analysis of NNAT (B), 
IGFBP6 (C), CYGB (D). High expression of NNAT, IGFBP6 and CYGB were significantly associated with better overall survival compared to low 
expression by Kaplan–Meier survival analysis (P = 0.02, P = 0.016 and P = 0.022, respectively)

Table 2   Univariate and 
multivariate Cox regression 
analysis of prognostic factors 
in glioblastoma

Characteristics Total (N) Univariate analysis Multivariate analysis

Hazard ratio (95% CI) P value Hazard ratio (95% CI) P value

IDH status 161
WT 149 Reference Reference
Mut 12 0.301 (0.138–0.654) 0.002 0.389 (0.171–0.883) 0.024
Age 168
 <  = 60 87 Reference Reference
 > 60 81 1.365 (0.973–1.915) 0.072 1.123 (0.783–1.611) 0.529

Karnofsky perfor-
mance score

128

 < 80 36 Reference
 > 80 92 0.838 (0.538–1.305) 0.434

Gender 168
 Female 59 Reference
 Male 109 1.026 (0.719–1.466) 0.887

NNAT 168
 Low 84 Reference Reference
 High 84 1.534 (1.083–2.174) 0.016 1.363 (0.953–1.950) 0.090

IGFBP6 168
 Low 84 Reference Reference
 High 84 1.368 (0.973–1.923) 0.072 1.229 (0.841–1.796) 0.286

CYGB 168
 Low 84 Reference Reference
 High 84 1.477 (1.041–2.096) 0.029 1.198 (0.811–1.767) 0.364
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3.11 � PPI network construction and analysis

A protein-interaction network was constructed using STRING (Fig. 9). Functional enrichments associated with NNAT, 
IGFBP6, and CYGB were observed in molecular functions such as growth factor binding and hormone activity. Enrich-
ment was also noted in pathways like aldosterone-regulated sodium reabsorption and ovarian steroidogenesis 
(Table 3). This analysis provides insights into the functional relationships of hub genes and their involvement in 
GBM pathogenesis.

Fig. 5   Risk model for GBM patients based on the hub genes. A The tuning parameters (log λ) of OS-related proteins were selected to cross-
verify the error curve. According to the minimal criterion and 1-se criterion, perpendicular imaginary lines were drawn at the optimal value. 
B The LASSO coefficient profile of genes and perpendicular imaginary line were drawn at the value chosen by tenfold cross-validation. C 
Risk score, survival time and survival status, expression of 3 hub genes in the training cohort; D KM survival curve distribution of 3 hub 
genes(IGFBP6, CYGB, NNAT) signature in the training cohort; E ROC curve and AUC of 3 hub genes signature classification
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3.12 � Nomogram construction and calibration curves for predicting GBM outcome

Using TCGA’s GBM dataset, we developed a nomogram incorporating NNAT, IGFBP6, CYGB, and clinical parameters such 
as age, gender, IDH status, and Karnofsky Performance Scores (Fig. 10A). Calibration curves indicated good alignment 

Fig. 6   The relationship of hub genes and the GBM-related genes. A The comparisons of the expression of the 3 hub genes between the 
normal and GBM patients. B The comparisons of the expression of multiple GBM-related genes between the normal and GBM patients. C 
The Pearson correlations between three hub genes (NNAT, IGFBP6 and CYGB) and GBM-related genes (* represented P < 0.05, ** represented 
P < 0.01)
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between predicted and observed overall survival at one, two, and three years, supporting the clinical applicability of 
the nomogram (Fig. 10B).

3.13 � Clinical validation results of NNAT, IGFBP6, and CYGB expression levels

Validation results from multiple datasets consistently showed poorer prognosis in the high-expression group (Fig. 11). 
IHC data from the Human Protein Atlas depicted differential expression of IGFBP6 in GBM and normal tissues, while no 
significant expression of CYGB was noted in either tissue type (Fig. 12). These variations suggest that the distinct expres-
sion levels of these hub genes may relate to inherent biological differences among GBM patients.

4 � Discussion

The standard post-surgical treatment regimen of Glioblastoma (GBM) is temozolomide (75 mg/m2) and radiation for 
6 weeks, followed by adjuvant temozolomide (150–200 mg/m2) every 28 days for six cycles [16]. The most widely used 
chemical therapy for GBM is temozolomide, a small molecular alkylating agent that methylates DNA purine bases directly 
[24]. O6-methylguanine lesions are responsible for the primary cytotoxic action, which induces apoptosis, autophagy, 
and cellular senescence [25–28]. Further, when administered concurrently with radiation therapy, temozolomide appears 
to have radiation-sensitizing properties, increasing the likelihood that radiation-induced DNA double-strand breaks will 
occur and that cells will die [29].

Chemoresistance is common in numerous cases of GBM, either due to inherent factors or acquired traits. An essen-
tial resistance mechanism to temozolomide treatment in GBM involves the methylation of the Methyl guanine methyl 
transferase (MGMT) gene promoter, leading to gene silencing and downregulation. MGMT, functioning as a repair gene, 
plays a crucial role by eliminating alkyl groups from the O6 position of guanine, thereby mitigating the impact of temo-
zolomide and other alkylating drugs [30]. Hence, focusing on transcriptional factors or epigenetic alterations associated 
with MGMT activation could be considered as potential options in GBM therapy [18].

Radiation therapy (RT), a cornerstone of traditional cancer treatment for GBM, demonstrates significant efficacy in 
eliminating or controlling specific tumors when used in conjunction with surgery and other therapies. However, the 
response of individual cells to radiation can vary, leading to disparate treatment outcomes. Resistance to radiation therapy 
is influenced by numerous factors, including mechanisms for repairing radiation-induced DNA damage, cell cycle arrest, 
evasion of apoptosis, the abundance of cancer stem cells, alterations in cancer cells and their microenvironment, the 
presence of exosomal and non-coding RNAs, metabolic reprogramming, and the occurrence of ferroptosis [31].

Fig. 7   Spearman correlations between expression of NNAT, IGFBP6 and CYGB (X axis) and lymphocyte, Immunoinhibitor, Immunostimulator, 
MHC molecule, Chemokine and receptor (Y axis) across GBM
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Despite the study of therapeutic resistance and hundreds of ongoing clinical trials, The therapeutic effect of GBM has 
not improved since 2005 [16]. Understanding the complex biology of GBM, particularly the mechanisms underlying radio-
therapy sensitivity, is crucial for developing effective treatments. Comprehensive research on the regulatory networks 
of long non-coding RNAs (lncRNAs) related to therapy resistance is still lacking, particularly based on clinical specimens.

To address these gaps, we conducted systematic bioinformatics analyses to identify potential biomarkers and mecha-
nisms linked to radiotherapy resistance in GBM patients. Using the GEO dataset GSE206225, we identified 319 and 1197 

Fig. 8   GSVA and GSEA analysis of high and low expression of NNAT, IGFBP6 and CYGB. A GSVA of NNAT; B GSVA of IGFBP6; C GSVA of CYGB; 
D GSEA of NNAT; E GSEA of IGFBP6; F GSEA of CYGB

Fig. 9   PPI network of 3 hub 
genes was constructed in 
STRING
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differentially expressed genes (DEGs) between radiation-sensitive vs. resistant groups and temozolomide-sensitive vs. 
resistant groups, respectively. We focused on the intersection of these DEGs to uncover shared mechanisms influencing 
treatment response, identifying 111 common DEGs. This intersectional approach enabled us to conduct a comprehensive 
evaluation of tumor responses to both radiation and temozolomide, identifying shared genetic markers for targeted 
interventions. Metascape enrichment analysis revealed that these DEGs were predominantly enriched in pathways related 
to interferon signaling, system regulation, and cellular export, suggesting involvement of immune and regulatory pro-
cesses in treatment response.

To develop a predictive model for GBM prognosis, we used LASSO regression and identified eight key genes (ANK1, 
ARSI, CYGB, GLP1R, HSPA7, IGFBP6, NNAT, PALM3) that formed the basis for calculating a risk score. This model effec-
tively stratified patients into high- and low-risk groups, demonstrating significant differences in overall survival (OS) and 
progression-free interval (PFI). The model’s predictive power was validated through ROC curve analysis. Further analysis 
identified three hub genes—NNAT, IGFBP6, and CYGB—that were significantly associated with patient survival. A nomo-
gram was then constructed, integrating these hub genes with key clinical parameters (age, sex, IDH mutation status, 
and Karnofsky Performance Score). This comprehensive approach improved risk stratification by combining genetic and 
clinical factors, thereby enhancing the accuracy of OS and PFI predictions.

In this study, we employed both standard Cox regression and Lasso-Cox regression to construct and refine the prog-
nostic model. Standard Cox regression was used for univariate and multivariate analysis to assess the independent prog-
nostic impact of each variable on overall survival (OS). However, due to potential multicollinearity among variables, we 
also used Lasso-Cox regression. Lasso-Cox, with its regularization technique, automatically selects the most predictive 
variables by reducing multicollinearity, thus yielding a more robust model. Combining these two approaches allowed 
us to comprehensively evaluate prognostic factors while enhancing model stability and predictive accuracy. Our mul-
tivariate Cox regression analysis indicates that although NNAT, IGFBP6, and CYGB show prognostic value in univariate 
analysis, their independence may be moderated by IDH status and other clinical factors. This highlights the importance 
of considering IDH status and other clinical characteristics when interpreting the prognostic value of these three genes 
in clinical applications. Lasso-Cox regression with Survival analysis confirmed that elevated expression levels of NNAT, 
IGFBP6, and CYGB correlated with poorer prognosis, forming a robust three-gene prognostic signature with enhanced 
predictive efficacy for 1-year, 2-year, and 3-year OS.

Neuronatin (NNAT), identified in 1994, has garnered attention for its distinctive expression in the neonatal mamma-
lian brain [32, 33]. NNAT plays diverse roles in tissue and organ development, as well as in adult organisms [33, 34], its 
involvement in the differentiation of keratinocytes and adipose tissue cells has been suggested [35, 36]. NNAT exhibits 
various physiological functions, including influencing insulin secretion [37], synaptic plasticity [38], calcium-induced cell 
migration [39], stress response [40] and etc. [41, 42]. Reports have linked NNAT protein levels with tissue degeneration, 
cancer, clinical diagnosis, and the etiological factors of various diseases [43, 44]. Downstream signaling studies have 
explored its impact on intracellular Ca2⁺ levels, regulation of Ca2⁺ ATPase in the endoplasmic reticulum (ER), and reduc-
tion in glucose-mediated insulin secretion, among others [45–47]. There has been considerable attention paid recently 
to NNAT’s relationship with cancer [48].A cytosine methylation signal can be modulated by NNAT’s three CpG islands in 
its promoter region [49]. Embryonic neoplasms such as Wilm’s tumor are characterized by aberrant cell growth when 
methylation is lost in this imprint control region [50]. Methylation loss and subsequent alterations in NNAT expression 
impact the growth phase of medulloblastoma [43, 51], neuroblastoma [52, 53], osteosarcoma [54], hepatocellular carci-
noma [55] and myxoid liposarcoma [56]. NNAT is also related to lung cancer [57, 58], breast cancer [59], pediatric leukemia 
[60] and other kinds of cancer. A study investigating factors contributing to chemotherapy resistance and GBM tumor 
recurrence identified NNAT as one of the differentially expressed proteins in tumor stem cells. Elevated NNAT expression 
was found in a distinct subset of primary GBM tumors and was significantly correlated with increased cellular prolifera-
tion and reduced patient survival [61].

Insulin-like growth factor binding protein 6 (IGFBP6), a gene encoding a protein, possesses various insulin-like growth 
factor (IGF)-independent actions, including inducing tumor cell migration, and modulating cell survival and differen-
tiation [62]. IGFBP6 have been confirmed to be related to many cancer, such as neuroblastoma [63], colorectal cancer 
[64], ovarian cancer [65], nasopharynx cancer [66], esophagus cancer [67] and other cancers. Some studies suggested 
that IGFBP6 might be an important regulator and prognostic factor for glioma and a potential therapeutic target for 
glioma patients [68, 69]. Several studies have indicated that IGFBP6 plays a role in immune infiltration and contributes 
to remodeling the tumor microenvironment in GBM [70, 71]. IGFBP6 was identified as a molecular subtype and an oxida-
tive stress-related prognostic biomarker in GBM through integrated analysis of multiomics data [72]. Researchers also 
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revealed that IGFBP6 secreted from temozolomide-sensitive cells influences the paracrine mechanism, impacting tumor 
proliferation and survival in chemoresistant cells [73].

Cytoglobin (CYGB) is approximately 25% similar to vertebrate myoglobin and hemoglobin, and 16% similar to human 
neuroglobin. CYGB has been found in neurons, solitary tracts, hepatocytes, and progenitor cells [74]. CYGB is dynami-
cally responsive to insults like fibrosis, oxidative stress, and hypoxia, and it has been implicated in cancer [75], Its down-
regulation in most cancer cells due to hypermethylation suggests it may function as a tumor suppressor gene [76, 77]. 
Conversely, in some malignancies, CYGB is upregulated, potentially linked to resistance to hypoxia [78]. Studies have 
shown that human GBM cell lines express CYGB, with significant increases in expression under hypoxic conditions, sug-
gesting it may contribute to defense mechanisms that enable cancer cells to survive in hypoxic environments [79–81].

Based on previous research on NNAT, IGFBP6, and CYGB, and our current findings, we believe that these three hub 
genes play a crucial role in radiotherapy and chemotherapy resistance in GBM.

Pearson correlation analysis indicated significant associations between NNAT, IGFBP6, CYGB, and various GBM-related 
genes. Elevated NNAT expression was positively correlated with BRAF, HRAS, and MSH2; increased IGFBP6 expression 
was associated with higher levels of ATM, BRAF, and CREBBP; CYGB was positively correlated with EGFR, FBXW7, FGFR1, 
and MGMT. This provides insights into potential molecular mechanisms underlying GBM development and progression.

Further analyses examined relationships between these hub genes and immune-related genes, emphasizing their 
potential roles in modulating immune responses in GBM. Correlations between NNAT, IGFBP6, and CYGB with various 
immune-related gene categories revealed their intricate involvement in the tumor microenvironment. Our findings 
are consistent with previous studies showing that IGFBP6 and CYGB, especially IGFBP6, play crucial roles in immune 
responses [82–84].

GSVA and GSEA analyses uncovered the functional roles of these genes, including their involvement in signaling 
pathways related to growth, inflammation, apoptosis, and cell cycle regulation. Protein–protein interaction network 
construction provided a comprehensive view of the functional enrichments associated with the three hub genes, high-
lighting their potential biological roles in GBM.

The integration of clinical characteristics and the hub genes into a nomogram demonstrated its clinical utility, sup-
ported by good agreement between predicted and observed survival probabilities. By combining clinical parameters 
and novel molecular markers, this nomogram enables clinicians to differentiate high-risk patients who may benefit from 
more aggressive treatment from those with better prognosis, thus guiding personalized treatment decisions.

This study has several important limitations that should be acknowledged. This study has several limitations. Firstly, 
the analysis was conducted using the GEO dataset GSE206225 and TCGA database, which may limit the generalizability 
of our findings due to the specific characteristics and sample sizes of these datasets. The absence of patient-derived 
xenograft (PDX) models limits the translational relevance of our findings, as PDX models are essential for evaluating 
tumor heterogeneity and confirming the efficacy of proposed biomarkers in a clinical-like setting. Additionally, our data 
did not include comprehensive molecular classification information, such as IDH mutation status or 1p/19q co-deletion, 
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Fig. 11   Validation of the three-gene (NNAT, IGFBP6 and CYGB) risk signature through multiple external cohorts

Fig. 12   The protein expression levels of NNAT, IGFBP6 and CYGB in brain tissues and GBM tissue from HPA online database
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per the 2021 WHO classification of CNS tumors. The retrospective nature of our data and potential confounding factors 
may also impact the reliability of these results.

While our diagnostic and prognostic models showed promising performance, the absence of experimental valida-
tion limits our conclusions regarding the functional roles of these genes in GBM development and treatment response. 
Future research incorporating updated molecular classifications, PDX models, and prospective validation in larger, diverse 
populations will be crucial to verify the clinical utility of our model and biomarkers.

In conclusion, our study sheds light on the mechanisms of GBM treatment resistance, particularly in the context of 
radiotherapy and temozolomide sensitivity. The identified three-gene signature (NNAT, IGFBP6, CYGB) holds promise 
for enhancing prognostic accuracy and guiding future research and therapeutic interventions for patients with GBM. 
However, further experimental validation and evaluation in diverse populations are warranted to establish the clinical 
utility of these findings.
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