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Abstract
Background  Neutrophils play a key role in the tumor microenvironment (TME); however, their functions in 
glioblastoma (GBM) are overlooked and insufficiently studied. A detailed analysis of GBM-associated neutrophil 
(GBMAN) subpopulations may offer new insights and opportunities for GBM immunotherapy.

Methods  We analyzed single-cell RNA sequencing (scRNA-seq) data from 127 isocitrate dehydrogenase (IDH) 
wild-type GBM samples to characterize the GBMAN subgroups, emphasizing developmental trajectories, cellular 
communication, and transcriptional networks. We implemented 117 machine learning combinations to develop a 
novel risk model and compared its performance to existing glioma models. Furthermore, we assessed the biological 
and molecular features of the GBMAN subgroups in patients.

Results  From integrated large-scale scRNA-seq data (498,747 cells), we identified 5,032 neutrophils and classified 
them into four distinct subtypes. VEGFA+GBMAN exhibited reduced inflammatory response characteristics and 
a tendency to interact with stromal cells. Furthermore, these subpopulations exhibited significant differences in 
transcriptional regulation. We also developed a risk model termed the “VEGFA+neutrophil-related signature” (VNRS) 
using machine learning methods. The VNRS model showed higher accuracy than previously published risk models 
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and was an independent prognostic factor. Additionally, we observed significant differences in immunotherapy 
responses, TME interactions, and chemotherapy efficacy between high-risk and low-risk VNRS score groups.

Conclusion  Our study highlights the critical role of neutrophils in the TME of GBM, allowing for a better 
understanding of the composition and characteristics of GBMAN. The developed VNRS model serves as an effective 
tool for evaluating the risk and guiding clinical treatment strategies for GBM.

Clinical trial number  Not applicable.

Graphical abstract 

Highlights
	• Large-scale scRNA-seq of GBM identified four neutrophil subtypes and characterized their molecular 

landscape.
	• Trajectory analysis identified the developmental process of MNDA+GBMAN into VEGFA+GBMAN.
	• VEGFA+GBMAN exhibits significant immunosuppressive and hypoxic characteristics.
	• A VNRS prognostic model based on VEGFA+GBMAN was proposed using 117 machine learning combinations.
	• The VNRS model demonstrates significant superiority and can accurately predict patient characteristics.
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Introduction
The TME of GBM is a complex ecosystem comprising 
not only neoplastic cells but also a diverse array of non-
tumor elements, including immune and stromal cells 
[1, 2]. Among these, neutrophils, the most abundant 
immune cells in the human circulatory system, serve as 
the primary line of defense against microbial infections 
and are rapidly recruited to sites of tissue injury and 
inflammation [3]. In the context of GBM, IDH-wildtype 
GBM represents the most common and aggressive sub-
type of astrocytic tumors, accounting for over 95% of 
all GBM cases [4]. This subtype is characterized by a 
higher degree of immune cell infiltration and a more pro-
nounced immunosuppressive microenvironment com-
pared to IDH-mutant GBM. Furthermore, the function of 
myeloid cells, including neutrophils, may be differentially 
modulated by tumor necrosis and inflammation in IDH-
wildtype GBM, which constitutes a key distinguishing 
feature from its IDH-mutant counterpart [5].

As key components of the TME, neutrophils are widely 
distributed throughout the circulatory system, and those 
in the brain parenchyma may primarily originate from 
the skull and adjacent spinal bone marrow [6]. In the cir-
culatory system, neutrophils constitute more than half of 
all white blood cells, whereas in the TME of GBM, their 
number is only about one-seventh of that of monocytes. 
Additionally, neutrophils are characterized by a relatively 
short lifespan (19 h to 5.4 days) and a lack of proliferative 
capacity, distinguishing them from other immune cells 
[7]. This limited lifespan and function have contributed 
to a perception of neutrophils as specialized cells with a 
restricted range of activities in immune defense. Conse-
quently, research on the functional diversity of neutro-
phils is less extensive than that on other myeloid cells [8, 
9]. These factors lead to an underestimation of the role of 
neutrophils in GBM, resulting in a greater research focus 
on macrophages, which are more numerous in the TME 
of GBM, while neutrophils receive comparatively less 
attention.

As research into gliomas advances, the critical role of 
neutrophils in glioma biology becomes increasingly evi-
dent. Few studies demonstrated that neutrophils undergo 
phenotypic changes upon interaction with glioma cells, 
acquiring a range of functions, including contributions to 
glioma progression and immune suppression [10, 11]. In 
the early stages, neutrophils inhibit tumor cells through 
antibody-dependent cellular cytotoxicity. However, with 
prolonged contact, their antitumor effects diminish, 
while pro-tumor activities intensify. Additionally, neu-
trophils interact with other cells via various factors and 
receptors, further driving glioma proliferation, invasion 
and angiogenesis [12].

In GBM, the precise functions and molecular basis 
underlying the heterogeneity of specific neutrophil 

subpopulations remain diverse and challenging to eluci-
date [13]. ScRNA-seq is a powerful tool for investigating 
immune cell heterogeneity [14]. Advances in single-cell 
technologies now enable the accurate identification of 
neutrophil subtypes with distinct features during GBM 
progression. This approach aids in uncovering dynamic 
changes in gene expression within these subtypes, eluci-
dating the molecular mechanisms that drive tumorigen-
esis, and identifying potential diagnostic and therapeutic 
targets. However, it is important to note that neutrophil 
is a fragile cell type, prone to loss during tissue dissocia-
tion. Moreover, neutrophils express a limited number of 
genes, and the expression levels of key genes are often 
low, complicating the analysis of their subtypes and gene 
expression profiles. Additionally, the high cost of single-
cell sequencing technologies presents a significant bar-
rier to their broader application in clinical research on 
neutrophils. Nevertheless, subtyping neutrophils in 
GBM patients to assess prognosis and inform treatment 
decisions is feasible. Developing a simple and effective 
method for characterizing the “neutrophil signature” in 
GBM patients is essential. As bioinformatics advances, 
machine learning is increasingly used in clinical risk 
modeling [15]. However, the efficacy of these multi-
gene expression signatures may be difficult to validate 
and implement effectively due to limitations in single 
machine learning approach and statistical methods.

Based on this foundation, we integrated an unprec-
edented large-scale scRNA-seq dataset to characterize 
GBMAN. Through trajectory analysis and differentiation 
potential calculations, we identified key developmen-
tal features of GBMAN. Furthermore, we examined the 
dynamic interactions between neutrophils and other cell 
types. Subsequently, transcriptional regulatory network 
analysis was employed to uncover the epigenetic land-
scape of GBMAN. Lastly, given the diagnostic impor-
tance of GBMAN, we developed a novel risk prediction 
model leveraging advanced machine learning techniques. 
In conclusion, our study offers enhanced insights into the 
landscape of GBMAN and provides a predictive frame-
work that supports clinical diagnosis and improves treat-
ment outcomes for GBM patients.

Materials and methods
Data sources
In this study, we analyzed scRNA-seq data from 127 sam-
ples of 66 IDH wild-type GBM patients collected from 
nine datasets. The inclusion criteria required samples 
to be either primary or recurrent and to include tumor 
cells, immune cells, and stromal cells. The datasets used 
were EGAS00001004656 [16], EGAS00001005300 [17], 
GSE138794 [18], GSE141383 [19], GSE162631 [20], 
GSE173278 [21], GSE182109 [22], GSE223063 [23], and 
GSE235676 [24], sourced from the Gene Expression 
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Omnibus (GEO) and European Genome-phenome 
Archive (EGA) databases (Table S1). These datasets were 
publicly available or accessed with formal authorization. 
We also obtained bulk RNA-seq and microarray data for 
GBM and normal samples from the GEO, the Cancer 
Genome Atlas (TCGA), and the Genotype-Tissue Expres-
sion (GTEx) databases [25, 26]. The criteria for inclusion 
required tumor sample sizes exceeding 150. The datas-
ets included in this analysis were TCGA-GBM (n = 155), 
GSE13041 (n = 191) [27], and GSE16011 (n = 155) [28].

Single-cell RNA sequencing data process and integration
To ensure the accuracy of the results, we unified the ref-
erence genome for all scRNA-seq data to hg38 genome. 
All expression matrices, except for EGAS00001005300, 
were generated using hg38 genome. To align the raw data 
of EGAS00001005300 with the hg38 version of the 10X 
reference genome (v2.0.0), we employed the Cellranger 
(v3.0.2) pipeline. All data were preprocessed using the 
Scanpy (v1.9.3) package [29]. First, low-quality cells were 
filtered out based on a cutoff threshold of total RNA fea-
tures fewer than 200 and mitochondrial RNA exceed-
ing 30%. Subsequently, following quality control and 
preliminary normalization, we performed batch effect 
correction using Batch Balanced k-Nearest Neighbors 
(BBKNN) to align multiple samples while preserving bio-
logical variance [30, 31]. The implementation was car-
ried out through Scanpy’s sc.external.pp.bbknn function 
using the following key parameters: (1)

principal component input (n_pcs = 50) from precom-
puted principal component analysis (PCA), (2) per-batch 
neighbor connections (neighbors_within_batch = 3), (3) 
approximate nearest neighbor detection (approx = True) 
accelerated by Annoy library with n_trees = 10, and (4) 
Euclidean distance metric (metric = “euclidean”). The 
UMAP algorithm was used to construct neighborhood 
graphs and perform dimensionality reduction on the 
gene expression profiles of each cell, focusing on the 
1,500 most variable genes [32]. Finally, clustering analy-
sis was performed on the modified neighborhood graph 
using the Leiden community detection algorithm (resolu-
tion = 0.6) [33].

In the identification of subgroups within GBMAN, 
1500 highly variable genes were selected, and the clus-
ter resolution was set to 1. To avoid artifacts in expres-
sion due to accidental noise and dissociation, a total of 
1514 genes associated with mitochondria (50 genes), heat 
shock proteins (178 genes), ribosomes (1253 genes), and 
dissociation (33 genes) were excluded [34].

Cell annotations
The h5ad data produced by Scanpy was transformed into 
a Seurat object [35]. Based on the clustering results, we 
determined the cell types of each cell group by analyzing 

the expression of well-established marker genes [35, 36]. 
Ultimately, apart from the unknown cell, a total of 15 cell 
types were annotated for further analysis.

Assessment of GBMAN subsets purity
We applied the default parameter settings of the ROGUE 
package to assess GBMAN heterogeneity, following 
the recommended procedures [37]. The Ratio of Global 
Unshifted Entropy (ROGUE) index ranges from 0 to 
1, where a value of 1 indicates a completely pure sub-
type, and 0 represents the highest level of population 
heterogeneity.

Trajectory analysis
To investigate the dynamic developmental trajectories 
of neutrophil subsets, we mapped them onto a diffusion 
map and conducted trajectory analyses using the Cyto-
TRACE2 and Palantir Python packages. CytoTRACE2 
(v1.0.0) facilitates the inference of cell differentiation 
order by quantifying the similarity of gene expression 
profiles between individual cells [38]. In addition, Palan-
tir (v1.3.3) was employed to further analyze the trajectory 
characteristics of distinct subsets and assess their differ-
entiation potential [39]. Finally, by fitting differentiation 
potential curves and calculating their first and second 
derivatives, we identified the pseudotime points marking 
the rapid evolution of these subsets.

Immune response enrichment analysis
We employed immune response enrichment analysis to 
evaluate the correlation between gene expression and 
cytokine response in GBMAN subgroups [40]. The rows 
of the input gene expression matrix represent individual 
genes, while the columns correspond to cell IDs. Using 
cytokine response data specific to neutrophils from the 
immune dictionary database, we extracted the relevant 
gene expression matrix. Subsequently, we computed the 
similarity between the gene expression profiles of various 
neutrophil subtypes and a reference neutrophil sample. 
we applied the Wilcoxon rank-sum test to assess the dif-
ferential response intensity of each neutrophil subgroup 
under various cytokine treatments and calculated the 
corresponding enrichment scores.

Cell communication analysis
To study the roles of different neutrophil subtypes in reg-
ulating other cells within the GBM microenvironment, 
we used CellChat package (v1.6.1) to infer, analyze, and 
visualize receptor-ligand signaling pathways between 
various cell types, with all parameters set to default [41]. 
Additionally, we utilized the scMLnet package (v0.1.0), 
including signals with a p-value less than 0.05 and a 
log2FC greater than 1 to generate a multi-layer signaling 
network [42]. This detailed the effects of each neutrophil 
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subtype on other cell types and elucidated the ligand-
receptor-transcription factor (TF)-target gene cascade.

Gene regulatory network analysis
An analysis of the gene regulatory network was con-
ducted employing the single-cell regulatory network 
inference and clustering (SCENIC) methodology, utiliz-
ing the pySCENIC (v0.10.0) implementation [43]. The 
workflow of pySCENIC was conducted with default 
parameters, taking the raw count matrix of all neutro-
phils as input [44]. The igraph package was employed to 
visualize the gene regulatory networks of differential reg-
ulatory pathways between primary and recurrent events 
[45]. The pathway enrichment analysis between the pri-
mary and recurrent groups was performed using the 
GSEA function in the clusterProfiler package [46].

Development of VNRS model using univariate Cox and 117 
machine learning combinations
Differentially expressed genes in VEGFA+neutrophil 
subpopulations were identified using the FindAllMark-
ers function within the Seurat package, employing the 
Wilcoxon rank-sum test as the statistical method. Signa-
ture markers were defined as genes achieving an average 
log2 fold change (avg_log2FC) greater than 1 combined 
with an adjusted p-value below 0.05. Prognosis-associ-
ated genes were then identified through univariate Cox 
regression analysis using the coxph function from the 
survival R package, with a significance threshold set at 
p < 0.1. To develop a robust predictive model, we inte-
grated ten machine learning algorithms: stepwise Cox, 
CoxBoost, Lasso, Ridge, Elastic Net (Enet, α = 0.1–0.9), 
survival-SVMs, SuperPC, Generalized Boosted Regres-
sion Models (GBMs), partial least squares Cox (plsRcox), 
and Random Survival Forest (RSF). A total of 117 algo-
rithm combinations were tested under a leave-one-out 
cross-validation (LOOCV) framework using the mime 
R package [47]. Model performance was evaluated by 
consistency index (C-index) across validation datas-
ets. The TCGA-GBM dataset served as the training set, 
while external validation cohorts from Gravendeel et al. 
and Lee Y et al. were used for independent verification. 
The final model selection prioritized the highest average 
C-index across validation sets. Patients were stratified 
into high- and low-risk groups based on the median risk 
score derived from the prognostic model. Kaplan-Meier 
survival curves were generated using the survfit function 
from the Survival (v3.5-5) and Survminer (v0.4.9) pack-
ages to assess intergroup survival differences [48]. The 
risk indices of each gene in the risk model formula avail-
able in Table S2.

Immune evaluation and prediction of the response to 
immunotherapy
We investigated the differences in immune cell activ-
ity and proportions between VNRS high-risk and low-
risk groups. The ESTIMATE algorithm was applied 
to evaluate both immune cell proportions and tumor 
purity [49]. Additionally, single-sample gene set enrich-
ment analysis (ssGSEA) from the GSVA (v1.48.2) [50] 
was employed to analyze the variations in immune cell 
activity and immune pathways between these groups. 
Immunotherapy with checkpoint inhibitors is an increas-
ingly critical strategy for treating GBM. Furthermore, we 
examined the correlation between the model genes and 
46 immune checkpoint inhibitor (ICI) genes using corre-
lation analysis.

Immune-cell interaction enrichment analysis
TimiGP identified immune cell interactions in VNRS 
high- and low-risk groups [51]. TimiGP is a robust com-
putational method designed to infer intercellular interac-
tions in the TME, demonstrating the association between 
the relative abundance of immune cells and prognosis, 
and it can indicate which immune cells or cell interac-
tions are beneficial to patient outcomes. The 28 cell types 
reported by Charoentong et al. were used to infer cell-cell 
interactions in high- and low-risk groups [52].

Drug sensitive analysis
Sensitivity scores for drugs were acquired from the 
Genomics of Drug Sensitivity in Cancer (GDSC) data-
base [53] through the utilization of the oncoPredict pack-
age [54]. GDSC2 dose-response curves were normalized, 
and batch effects were mitigated. Gene expression pro-
files of the studied cell lines were log2-transformed and 
harmonized. Tenfold cross-validation optimized model 
robustness, with λ automatically selected via minimum 
cross-validated error. A comprehensive analysis was con-
ducted on 198 anticancer compounds from the GDSC2 
dataset. Unlike GDSC1, the GDSC2 dataset integrates 
more contemporary sequencing data and experimental 
outcomes.

Statistical analysis
Statistical analyses and graphical representations were 
carried out by R (v4.3.1), Python (v3.10.9), and Graph-
Pad Prism (v8.3). Survival curves were analyzed using 
the Kaplan-Meier method with the log-rank test for sig-
nificance testing, while the Pearson correlation coeffi-
cient was employed to determine the strength of linear 
associations. For comparisons across multiple groups, 
one-way ANOVA was applied. Significance levels in the 
graphical data are denoted as follows: *P < 0.05, **P < 0.01, 
***P < 0.001, ****P < 0.0001, with “ns” indicating a lack of 
statistical significance.
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Results
Composition of GBMAN’s four main subpopulations
Neutrophils are among the less infiltrated immune cells 
in GBM. To comprehensively understand the land-
scape of GBMAN, we collected scRNA-seq data from 
primary and recurrent IDH wild-type GBM samples 
across nine datasets (Fig S1A-C). To ensure accuracy, we 
included only samples that contained both tumor cells 
and microenvironment cells, with the reference genome 

standardized through upstream analysis. Rigorous qual-
ity control was conducted (Fig S1D), and the BBKNN 
algorithm was employed to eliminate batch effects [30, 
31]. As a result, we integrated a large single-cell tran-
scriptome dataset comprising 498,747 cells from 127 
samples of 66 patients (Fig. 1A).

After dimensionality reduction and clustering, we 
annotated the cell clusters with detailed marker infor-
mation, identifying 15 distinct cell types, including 

Fig. 1  Composition of GBMAN’s four main subpopulations. (A) Integration of 127 human GBM scRNA-seq data across 9 individual datasets using BBKNN. 
A total of 498,747 single-cell transcriptomes were processed and integrated to reduce batch effects and ensure robust clustering. UMAP was employed 
to visualize the high-dimensional data in a two-dimensional space. (B) Violin plot illustrating marker gene expression for each major cell cluster. The plot 
highlights the expression levels of key markers across identified cell clusters. The width of each violin represents the distribution density of gene expres-
sion. (C) UMAP visualization of four distinct subgroups of neutrophils. Each subgroup is color-coded for clarity. (D) The box plot shows the ROGUE scores 
of the four subgroups. (E) FeaturePlot showing the spatial distribution of four marker genes across the UMAP embedding. (F) Heatmap depicting the 
correlation between the four neutrophil subgroups. Hierarchical clustering was performed to assess the similarity of gene expression profiles among 
subgroups, with colors representing correlation coefficients. (G) The proportion changes of the four neutrophil subtypes in primary and recurrent cases
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Fig. 2 (See legend on next page.)
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tumor-associated neutrophil (TAN), cancer-associated 
fibroblast (CAF),

pericyte, endothelial, prolif-CD8+ T, CD8+ T, CD4+ 
T, B cell, monocyte, prolif-like Mo_TAM, Mo_TAM, 
Mg_TAM, tumor, prolif-like tumor, and oligodendrocyte 
(Fig.  1B) [35, 36]. Cells without specific marker expres-
sion were classified as unknown cell. We then isolated 
TANs and performed secondary dimensionality reduc-
tion and clustering, identifying four GBMAN subtypes: 
MNDA+GBMAN, LGALS1+GBMAN, ADM+GBMAN, 
and VEGFA+GBMAN (Fig. 1C). Specific marker expres-
sion for each subtype is illustrated in Fig. 1D.

To verify the validity of these subgroups, we assessed 
the purity of each GBMAN subtype and found that 
ROGUE values exceeded 0.9 for all four subtypes 
(Fig.  1E), indicating high purity and stability [37]. Cor-
relation analysis revealed that MNDA+GBMAN and 
LGALS1+GBMAN shared similar characteristics, as did 
ADM+GBMAN and VEGFA+GBMAN (Fig.  1F). Finally, 
a comparison of subgroup proportions showed that the 
proportion of MNDA+GBMAN significantly decreased 
in recurrent patients, while VEGFA+GBMAN increased 
markedly (Fig.  1G). These findings suggested that four 
subtypes of neutrophils are present in the GBM micro-
environment, with VEGFA+GBMAN becoming more 
prominent in recurrent samples.

Developmental trajectory characteristics of GBMAN
TANs, despite their short lifespan, are continually influ-
enced by various factors within the immune microenvi-
ronment, leading to dynamic shifts between pro-tumor 
and anti-tumor activities during their development [55]. 
To precisely map the evolutionary process of GBMANs, 
we analyzed primary TANs using the diffusion map 
method to investigate their developmental trajecto-
ries. This technique arranges cells based on transition 
probabilities, allowing for better preservation of dif-
ferentiation pathways [56, 57]. Additionally, through 
the application of the Palantir algorithm, we found that 
neutrophils gradually develop from MNDA+GBMAN 
to VEGFA+GBMAN (Fig.  2A-B). Notably, we identified 
that ADM+GBMAN also exhibits significant differentia-
tion potential, suggesting a shift in neutrophil differentia-
tion at this stage (Fig. 2C). Finally, using the Cytotrace2 
algorithm, we confirmed that the stemness score of 

MNDA+GBMAN progressively decreases as it differen-
tiates into VEGFA+GBMAN (Fig.  2D), a finding further 
corroborated by the VECTOR algorithm (Fig. S2A).

TANs can adopt one of two phenotypes: N1 or N2. The 
N2 phenotype is regarded as immunosuppressive and 
plays a role in promoting tumor growth [58]. Using the 
ssGSEA algorithm, we observed that VEGFA+GBMAN 
had the higher N2 score (Fig. 2E). To elucidate the func-
tional dynamics, we clustered genes with distinct expres-
sion patterns into four stages and performed GO (BP/
CC/MF) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) enrichment analyses (Fig.  2F). These analyses 
revealed that neutrophils initially participate in defense 
and immune responses, with the TNF pathway acti-
vated to exert cytotoxic effects. Over time, cell migration 
becomes prominent, driven by ligand activity, and even-
tually, leukocyte migration features emerge, exhibiting 
clear hypoxic characteristics.

We then performed first derivative fitting to derive 
a curve showing how differentiation potential changes 
over pseudo-time. A second derivative analysis identified 
three critical pseudo-time points of significant changes 
in neutrophil differentiation potential (Fig.  2G). These 
points correspond to: (1) the initial phase of rapid dif-
ferentiation, (2) changes in differentiation induced by 
specific factors, and (3) a second phase of accelerated 
differentiation. These findings suggested that neutrophil 
reprogramming is pivotal in the ADM+GBMAN stage. 
Finally, we scored each cell using hallmark gene sets via 
ssGSEA and fitted the data to track changes (Fig.  2H). 
We observed that, under increasing hypoxic and gly-
colytic conditions, the interferon-gamma and inflam-
matory responses initially rise until the ADM+GBMAN 
stage, after which they decline rapidly. This indicated 
that GBMANs initially contribute to pro-inflammatory 
and anti-tumor responses, but as hypoxia and glycolysis 
intensify, they are ultimately reprogrammed into immu-
nosuppressive VEGFA+GBMAN.

Intercellular communication and cytokine-mediated 
transformation between the GBMAN subpopulation and 
other cells
Next, we aimed to elucidate the interactions between 
GBMAN and other cells within the GBM microenviron-
ment. Recent advancements, such as the development of 

(See figure on previous page.)
Fig. 2  Developmental Trajectory Characteristics of GBMAN. (A) Diffusion map visualization of the distribution of four neutrophil subsets. The diffusion 
map captures the underlying structure of the data, revealing the relative positions and relationships of the four neutrophil subsets. (B-D) Feature plots 
respectively display the pseudotime, differentiation potential, and stemness score. (E) Boxplot shows a comparison of N2 scores among the four sub-
groups. (F) Gene trajectories were clustered based on expression patterns over pseudotime, and functional enrichment analyses were performed for 
Gene Ontology Biological Processes (GO_BP), Molecular Functions (GO_MF), Cellular Components (GO_CC), and KEGG pathways. (G) Scatterplot depict-
ing the correlation between pseudotime (developmental progression) and differentiation potential for each neutrophil subset. The plot reveals how 
the differentiation potential changes as cells progress along the pseudotime trajectory. (H) Scatterplots showing the association between pseudotime 
and key functional states, including hypoxia, glycolysis, interferon-γ response, and immune response. These plots illustrate how cellular functional states 
evolve along the developmental continuum
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an immune dictionary, have highlighted the pleiotropic 
effects of cytokines, offering a framework for deducing 
the roles of specific cytokines and the networks of cell-to-
cell communication in immune responses [40]. Utilizing 
neutrophil immune factor response data, we conducted 
matrix similarity analysis and found that ADM+GBMAN 
formation is predominantly stimulated by factors such as 
IL18 and IL36a, while VEGFA+GBMAN is primarily trig-
gered by IL1a, IL1b, IL18, and TNFa (Fig. 3A).

Next, using CellChat analysis, we identified intercel-
lular communication patterns and compared communi-
cation intensities across different groups (Fig.  3B). The 
results indicated that all subgroups had stronger interac-
tions with stromal cells (e.g., CAF and endothelial cells), 
followed by tumor cells and macrophages. Moreover, 
comparisons between primary and recurrent samples 
revealed that signaling intensity is stronger in primary 
samples, regardless of whether the subgroups functioned 
as ligand or receptor providers (Fig. S3A-D).

During the differentiation from MNDA+GBMAN to 
VEGFA+GBMAN, we observed that when TANs acted 
as source cells, the SELL-CD34/PODXL axis exhibited a 
decreasing effect on endothelial cells, while the VEGFA-
VEGFR1/VEGFR2 axis progressively strengthened. 
Additionally, the HBEGF-EGFR axis showed increasing 
activation in tumor cells. In other myeloid and lymphoid 
cells, the MIF-(CD74 + CXCR4) and MIF-(CD74 + CD44) 
axes were particularly prominent in VEGFA+GBMAN. 
When TANs acted as recipient cells, several axes from 
multiple cell sources, such as SPP1/FN1/COL1A1-CD44 
and ANXA1-FPR1/FPR2, were significantly prominent 
in ADM+GBMAN (Fig.  3C) (Fig S3E), suggesting these 
receptor-ligand pairs may be critical in driving the trans-
formation into VEGFA+GBMAN and promoting immu-
nosuppressive functions.

Given the strong immunosuppressive nature of 
VEGFA+GBMAN, we further investigated its impact 
on other cells by integrating intercellular pathways and 
intracellular subnetworks (Ligand-Receptor-TF-Tar-
get Gene) (Fig.  3D-F) (Fig. S3F-G). This analysis, which 
incorporated cell type-specific gene expression, prior 
network information, and statistical inference, revealed 
that VEGFA+GBMAN predominantly influences ITGB1 
through ligands such as VEGFA, SPP1, and PLAU. This 
interaction affects TFs like HIF1A and TWIST1, lead-
ing to the activation of target genes such as SERPINE1, 
thereby promoting ECM remodeling and angiogen-
esis in stromal cells and facilitating immune evasion by 
tumor cells. Additionally, ligands such as VEGFA and 
HBEGF, interacting with EGFR, activate TFs like STAT1 
and ETV4, leading to the expression of target genes 
such as CCND2, which promotes tumor cell growth and 
development.

Comprehensive map of the gene regulatory networks in 
GBMAN subtypes
Epigenetic regulation plays a critical role in determin-
ing cell phenotypes and their potential for reprogram-
ming [59]. To explore the epigenetic characteristics of 
different GBMAN subtypes, we first evaluated their 
genomic stability. Our findings revealed a gradual 
decrease in genomic instability from MNDA+GBMAN 
to VEGFA+GBMAN (Fig.  4A), suggesting an increas-
ing suppression of the anti-tumor immune response 
and a reduced likelihood of functional alterations due 
to external interventions. Identifying key gene regula-
tory networks (GRNs) that induce and maintain these 
cell states may offer novel strategies for reprogramming 
GBMANs. We employed SCENIC analysis and per-
formed PCA on the TF activity matrix (Fig.  4B), which 
reveals a clear distinction between MNDA+GBMAN 
and VEGFA+GBMAN. This indicated a progressive 
differentiation in transcriptional regulatory features 
among the four GBMAN subtypes. Further analysis 
identified specific TFs for each subtype (Fig. 4C). In the 
primary group, MNDA+GBMAN is associated with 
CREB5 and FOXP1, LGALS1+GBMAN with BHLHE41 
and CEBPE, ADM+GBMAN with SRF and STAT4, 
and VEGFA+GBMAN with KLF10 and SREBF1. In the 
recurrent group, MNDA+GBMAN is associated with 
ZNF217 and KLF7, LGALS1+GBMAN with RUNX3 and 
POLE4, ADM+GBMAN with NFAT5 and EGR2, and 
VEGFA+GBMAN with ZNF432 and ATF2.

To assess the impact of GRNs on pathway changes 
in GBMAN subtypes across primary and recurrent 
stages, we conducted GSEA analysis on the differen-
tially expressed genes of each GBMAN subtype. We 
then analyzed the enriched genes based on the TF-target 
gene set (Fig. 4D-G). Our analysis revealed that ZBTB14 
upregulates the KRAS signaling pathway in primary 
MNDA+GBMAN by regulating genes such as DIRC3. 
Additionally, STAT1 downregulates the interferon-α 
response pathway in recurrent LGALS1+GBMAN 
through the regulation of genes like SLC39A7, and also 
downregulates the MYC target gene V1 pathway in recur-
rent ADM+GBMAN by regulating TAP1. SPI1 was found 
to downregulate the complement pathway in recurrent 
ADM+GBMAN by targeting genes such as CXCR1 and 
CCNL2. These results demonstrated marked disparities 
in gene regulatory networks between primary and recur-
rent GBMAN, as well as notable variations among the 
four subgroups, with each network presiding over unique 
functions.

Development and evaluation of VNRS prediction model
Given the short overall survival (OS) of GBM and its 
cold tumor characteristics, developing effective prog-
nostic strategies has become a central focus of GBM 
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Fig. 3  Intercellular communication and cytokine-mediated transformation between the GBMAN subpopulation and other cells. (A) Enrichment results 
of immune factors in neutrophil subpopulations. (B) The shell plot illustrates the communication strength of each neutrophil subgroup with other types 
of cells. (C) The dot plot displays specific ligand-receptor pairs that mediate interactions between each neutrophil subset 
(source) and other cell types (target). (D-F) The Sankey diagram shows the Ligand-Receptor-TF-TargetGene relationships for the three cells with the stron-
gest interaction intensity with VEGFA+GBMAN.
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Fig. 4  Comprehensive map of the gene regulatory networks in GBMAN subtypes. (A) The boxplot compares the genomic instability scores across dif-
ferent subgroups, reflecting the extent of genomic alterations in four GBMAN subpopulations. (B) PCA plot visualizing the activity patterns of TFs across 
various neutrophil subpopulations. The plot highlights distinct clusters based on TF activity, revealing key regulatory differences between subgroups and 
their potential roles in functional diversity. (C) Specific TFs of various neutrophil subpopulations in the primary and recurrent groups. (D-G) The left figure 
shows the GSEA enrichment analysis of differences between different neutrophil subpopulations in primary and recurrent cases, while the right figure 
presents the gene regulatory network of each pathway
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research [27]. Building on the previously identified 
VEGFA+GBMAN immunosuppressive feature, this study 
seeks to construct a robust predictive model, termed the 
“VEGFA+Neutrophil-Related Signature” (VNRS). Using 
specific marker genes from VEGFA+GBMAN, we identi-
fied genes associated with prognosis. Through univariate 

Cox regression analysis based on TCGA-GBM samples, 
we identified 67 genes linked to hazard ratio (HR) and 
gene expression, as shown in Fig. 5A.

To develop a consistent prognostic model, we addition-
ally gathered two large cohort datasets as validation sets 
and implemented a machine learning-based integration 

Fig. 5  Development and evaluation of VNRS prediction model. (A) The figure shows the univariate analysis results of differentially expressed genes in 
the VEGFA+GBMAN subgroup. The right figure shows the expression of each gene in the TCGA-GBM cohort. (B) Heatmap summarizing the construction 
of 117 predictive models and their corresponding concordance index (C-index) across three large datasets. The C-index quantifies the predictive accu-
racy of each model, with higher values indicating better performance in discriminating between outcomes. (C) Table displaying the results of univariate 
regression analysis for the predictive model in three independent cohorts. (D) Kaplan-Meier curves comparing OS between high- and low-risk groups 
as defined by the predictive model. The curves are shown for both the training set (used to develop the model) and validation sets (used to test its gen-
eralizability), demonstrating the model’s ability to stratify patients based on risk. (E) ROC curves evaluating the predictive performance of the model at 
1-, 2-, and 3-year time points in the three large cohorts. The AUC values are reported, reflecting the model’s accuracy in predicting survival outcomes at 
different time intervals
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framework. Specifically, we applied the “Leave-One-
Out Cross-Validation” (LOOCV) approach to fit 117 
predictive models and calculated the C-index for each 
model in both the training and validation sets, as illus-
trated in Fig. 5B. The optimal model, combining StepCox 
(backward) and plsRcox, achieved the highest average 
C-index of 0.643. Next, we conducted a meta-analysis of 
univariate Cox regression across the three large cohorts 
using the optimal model (Fig.  5C). The HR values were 
2.72, 1.31, and 1.37, respectively, with all p-values being 
less than 0.001. In the meta-analysis, both the random 
effects and fixed effects models yielded HRs greater 
than 1, with p-values under 0.05. Subsequently, we clas-
sified samples into high-risk and low-risk groups based 
on the median risk score calculated by the VNRS model 
and performed a log-rank survival analysis (Fig. 5D). The 
findings revealed that in all three large cohorts, the high-
risk group was significantly correlated with poor progno-
sis, with statistical significance. Accordingly, this model 
was designated the VNRS model. Finally, we assessed 
the 1-year, 2-year, and 3-year ROC curves for the model 
across the three large GBM cohorts (Fig.  5E). In the 
TCGA-GBM cohort, the area under the curve (AUC) 
values were 0.766, 0.763, and 0.803, respectively; in the 
Gravendeel cohort, the AUC values were 0.631, 0.717, 
and 0.812, respectively; and in the LeeY cohort, the AUC 
values were 0.666, 0.654, and 0.639, respectively. These 
results demonstrated that the VNRS model exhibits 
strong predictive power and robustness.

Validation of the superiority of the VNRS model compared 
to published predictive models
To evaluate the superiority of the VNRS model, we com-
piled 95 previously published glioma-related prediction 
models for a comprehensive comparison. Risk scores 
were calculated for these 95 models across three large 
cohorts, and corresponding HR values were derived 
(Fig. 6A). The results revealed that only the VNRS model 
consistently showed a significant association with poor 
prognosis in all cohorts, with HR values exceeding 1 and 
p-values less than 0.01, outperforming other published 
models. Additionally, when comparing the C-index, the 
VNRS model exhibited superior performance in all three 
cohorts, ranking second, fifth, and first, respectively 
(Fig.  6B). Similarly, the 1-year, 2-year, and 3-year AUC 
values for the VNRS model were consistently among 
the highest in nearly all cohorts, frequently achieving 
first place (Fig. 6C-E). These findings suggested that the 
VNRS model demonstrates great predictive accuracy and 
generalizability.

Immune infiltration and checkpoint activation in high 
VNRS risk GBM
Given the important role of the tumor immune micro-
environment in GBM, we next evaluated the ability of 
the VNRS model to predict tumor immune infiltration. 
According to the ESTIMATE algorithm, higher stromal 
scores, immune scores and ESTIMATE scores, along 
with lower tumor purity scores, indicated that tumors 
with a high VNRS risk score had a higher degree of 
immune cell infiltration (Fig.  7A-D). This finding sug-
gested that GBM with high VNRS scores has lower 
purity, which may lead to poorer prognosis in this sub-
group of patients. The overall level of immune infiltra-
tion is insufficient to reveal specific cellular infiltration 
differences between the high and low-risk groups, and 
the relationship between them remains unclear, prompt-
ing us to conduct further analyses. By summarizing pre-
viously published tumor-related immune cell gene sets 
gathered by Immuno-Oncology Biological Research [60], 
we inferred the levels of immune cell infiltration between 
the high and low-risk groups (Fig.  7E). In the high-risk 
group of TCGA-GBM, only CD8 T cells and T helper 
cells showed decreased infiltration levels, while immuno-
suppressive myeloid-derived macrophages, neutrophils, 
and regulatory T cells were significantly increased, fur-
ther confirming the role of the VNRS model in predicting 
tumorigenesis and immunosuppression.

Subsequently, we validated our conclusions using the 
pan-cancer metagenes for 28 immune cell subpopula-
tions summarized by Charoentong et al., and found that 
macrophages and neutrophils had higher infiltration 
levels in the high-risk group, while the activity of che-
mokine receptors was also higher (Fig. 7F). Interestingly, 
the activity of immune checkpoints was also elevated. 
This led us to explore the differences in the efficacy of 
immune checkpoint therapy between the high and low-
risk groups. Correlation analysis showed a strong asso-
ciation between the expression of model genes and the 
expression of 46 immune checkpoint genes (Fig. 7G). The 
high-risk group was associated with upregulated expres-
sion of immune checkpoint molecules such as CD276, 
PDCD1, and LGALS9 (Fig. 7H), suggesting that patients 
with higher VNRS risk scores might be more sensitive to 
related ICI therapies.

Robust prognostic assessment and therapeutic insights via 
the VNRS model
Since the VNRS model is based on the immunosuppres-
sive properties of VEGFA+GBMAN, we sought to deter-
mine whether it accurately evaluates the negative impact 
of neutrophils in the samples. Using the timigp method 
[51], we identified cell types associated with favorable 
or unfavorable prognosis in both high-risk and low-
risk groups. Our findings indicated that neutrophil is a 
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Fig. 6  Validation of the superiority of the VNRS model compared to published predictive models. (A) Heatmap comparing the HR of the proposed model 
with those of previously published models related to LGG and GBM. HR values represent the strength of association between the model’s risk scores and 
patient outcomes, with higher HR values indicating stronger prognostic performance. (B) The results of the model’s C-index are compared with previ-
ously published models related to LGG and GBM. The C-index quantifies the model’s predictive accuracy, with higher values (closer to 1) indicating better 
discrimination between outcomes. (C-E) The results of the model’s 1/2/3-year AUC values are compared with previously published models related to 
LGG and GBM

 



Page 15 of 22Yang et al. Biology Direct           (2025) 20:45 

Fig. 7  Immune infiltration and checkpoint activation in high VNRS risk GBM. (A-D) Violin plots comparing the Stromal Score, Immune Score, Tumor Purity, 
and ESTIMATE Score between the high- and low-risk groups. These scores reflect the composition of the TME. (E) Boxplot displaying the ssGSEA scores 
for immune cell gene sets derived from previously published studies. These scores quantify the relative abundance of specific immune cell populations 
in the high- and low-risk groups, revealing differences in immune cell infiltration and activation. (F) Boxplot showing the scores of pan-cancer immune 
metagenes, which represent consensus immune-related gene signatures across various cancer types. (G) Correlation matrix illustrating the associations 
between the expression levels of ICI genes in the high- and low-risk groups. This analysis identifies potential co-expression patterns and interactions 
among these genes, which may influence immune evasion or response to immunotherapy. (H) Boxplot comparing the expression levels of ICI genes 
between the high- and low-risk groups. This analysis revealed differences in the expression of key immune checkpoint molecules, providing insights into 
the immune landscape and potential therapeutic vulnerabilities
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significant contributor to poor prognosis in the high-risk 
group (Fig. 8A). Interestingly, in the low-risk group, neu-
trophils were identified as the primary beneficial cell type 
(Fig.  8B). Cell interaction enrichment analysis revealed 
no beneficial neutrophil-related interactions in the high-
risk group (Fig.  8C). However, in the low-risk group, 
neutrophils demonstrated beneficial interactions with 
Th1 cells, Tγδ cells, and CD4 memory T cells (Fig. 8D). 
These findings suggested that the VNRS model effectively 
assesses neutrophil immune function in GBM patients. 
We next examined metabolic pattern differences between 
the high- and low-risk groups (Fig. 8E). In the high-risk 
group, gluconeogenesis, glycolysis, and the pentose phos-
phate pathway were significantly upregulated, providing 
energy for cancer cell proliferation and promoting tumor 
growth and survival. These glucose metabolism pathways 
also supplied alternative sugar sources to meet the high 
energy and biosynthetic demands of tumor cells. Further 
analysis indicated significant upregulation of pathways 
related to structural molecule degradation in the high-
risk group, likely reflecting enhanced extracellular matrix 
remodeling, which may contribute to tumor invasion and 
metastasis. Enzyme-mediated drug metabolism pathways 
were also upregulated in this group, suggesting stronger 
detoxification capacities and drug resistance, which may 
reduce treatment efficacy. Additionally, we observed pro-
nounced hypoxic characteristics in the high-risk group, 
accompanied by increased production and secretion of 
extracellular vesicles and exosomes (Fig.  8F). This sug-
gested enhanced intercellular communication under 
hypoxic conditions, microenvironment remodeling, and 
augmented immune evasion by tumor cells. Exosomes 
carrying drug-resistant molecules further enhanced the 
resistance of tumor cells to treatment.

Furthermore, we performed a drug sensitivity analy-
sis using the oncoPredict platform with 198 drugs from 
the GDSC2 dataset. The results demonstrated that Ribo-
ciclib, PF.4,708,671, WIKI4, ZM447439, and WZ4003 
exhibited significantly enhanced sensitivity in the high-
risk group compared to other agents, suggesting their 
potential as targeted therapeutics (Fig.  8G) (Fig. S4A). 
Furthermore, correlational analysis revealed a statistically 
significant inverse relationship (p < 0.05) between the half 
maximal inhibitory concentration (IC50) values of these 
compounds and VNRS risk scores - the lower IC50 val-
ues strongly correlated with elevated risk scores (Fig. 
S4B). This negative association further corroborated the 
heightened therapeutic susceptibility of high-risk group 
patients to these pharmacological agents. At the same 
time, this also indicated the strong resistance of the high-
risk group to chemotherapy.

The validation of VNRS model genes expression at RNA 
and protein levels
Finally, we validated the differential expression of genes 
in GBM and low grade glioma (LGG) using TCGA and 
GTEx datasets. The results revealed that CAST, CANX, 
KLF10, KDELR2, NDRG1, CLCN7, SLC20A1, TPRA1, 
SEC20D and DENND2D were highly expressed in tumor 
samples, while LGALS8 and TOLLIP were expressed at 
lower levels in tumor samples (Fig.  9A-H) (Fig. S4C-F). 
Immunohistochemistry of high grade glioma (HGG) and 
LGG samples was performed from the Human Protein 
Atlas (HPA), the protein expression data of these genes 
confirmed the above results (Fig. 9I-L) (Fig. S5A-G).

Discussion
Neutrophil functions and phenotypes in cancer are 
highly complex and diverse. Increasing evidence high-
lights the pivotal role of neutrophils in the pathogenesis 
of GBM, influencing tumor initiation, local progression, 
and metastasis [61]. Further investigation into neutrophil 
diversity within the TME can provide valuable insights 
into TANs in GBM. Targeting neutrophil recruitment, 
reprogramming, depletion, neutrophil extracellular trap 
inhibition, neutrophil engineering-based drug devel-
opment, and enhancing drug efficacy hold significant 
therapeutic potential for GBM. Advances in single-cell 
analysis may identify molecular markers on neutrophils, 
revealing their heterogeneity in circulation and the TME 
[34]. However, studies specifically exploring neutrophil 
heterogeneity in GBM remain limited. Our research 
aimed to address this gap, with the potential to enhance 
immunotherapy outcomes in GBM patients.

Our study revealed transcriptomic differences among 
neutrophils, classifying GBMAN into four subgroups 
marked by MNDA, LGALS1, ADM, and VEGFA. 
MNDA, a cell surface protein, is expressed in normal 
and abnormal hematopoietic cells and plays a crucial role 
in normal hematopoiesis. Its stable expression supports 
hematopoietic stem cell self-renewal and secretion, regu-
lating immune cell activity and promoting interactions 
between immune cells and tumor cells through receptors 
such as PD-1. LGALS1, a glycan-binding protein, modu-
lates intracellular and extracellular processes, promot-
ing cell survival. Previous studie indicated that knocking 
down LGALS1 can inhibit M2 macrophages and MDSCs 
within the GBM microenvironment [62]. ADM, a peptide 
hormone, acts as a local paracrine and autocrine media-
tor, facilitating angiogenesis, cell proliferation, and anti-
inflammatory activities. VEGFA is a critical biomarker 
widely used in diagnosing and treating tumors, cardio-
vascular diseases, and other conditions. By comparing 
the differentiation potential of each subgroup, we pro-
pose that neutrophils initially support pro-inflammatory 
activities, a function later co-opted by tumor-secreted 
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Fig. 8  Robust prognostic assessment and therapeutic insights via the VNRS model. (A-B) The barplot illustrates the favorable prognostic factors for the 
high-risk and low-risk score groups. These factors highlight key immune cells associated with better clinical outcomes in each group. (C-D) The dot plot 
displays the cell-type pairs that are beneficial for prognosis based on cell-cell interaction analysis in the high-risk and low-risk score groups. (E) Boxplot 
showing the metabolic differences between the high-risk and low-risk score groups. This analysis identifies key metabolic pathways or metabolites that 
are dysregulated in each group, providing insights into the metabolic reprogramming associated with risk stratification. (F) Boxplot comparing the ex-
pression levels of tumor-associated gene signatures between the high-risk and low-risk score groups. These signatures represent key biological processes 
or pathways that are differentially activated in each group, offering potential mechanistic explanations for their prognostic differences. (G) OncoPredict 
drug sensitivity analysis results show the IC50 of drugs (WIKI4 and ZM447439) between the high-risk score group and the low-risk score group
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cytokines to promote abnormal tumor growth. This tran-
sition likely occurs during the LGALS1+GBMAN and 
ADM+GBMAN stages, marking a critical point of neutro-
phil reprogramming. Moreover, a study on neutrophils in 
pancreatic cancer revealed that high VEGFA expression 
at stage T3 significantly enhances intratumoral angiogen-
esis, correlating with poor prognosis [12]. Our research 
identifies the development of MNDA+GBMAN into 
VEGFA+GBMAN, which is associated with increased 
hypoxia and glycolysis. VEGFA+GBMAN exhibits the 
lowest inflammatory response and the strongest inter-
action with stromal and tumor cells, suggesting a role 
in guiding angiogenesis and providing essential nutri-
ents and oxygen to stromal and tumor cells, particularly 

within glycolytic-hypoxic niches. Previous studies have 
linked human cancer resistance to anti-angiogenic ther-
apies with neutrophil infiltration, and neutrophil deple-
tion has been shown to reduce tumor angiogenesis and 
growth [13]. Glycolytic by-products promote tumor 
immune evasion and growth, with glycolytic activity 
in TANs significantly increased. Our research further 
explores and identifies VEGFA+GBMAN in GBM, high-
lighting its role in inhibiting anti-tumor immunity, pro-
moting angiogenesis, and enhancing tumor cell survival, 
invasiveness, and metastasis through extracellular matrix 
degradation.

Each tumor type’s unique biological and genetic char-
acteristics may influence biomarker expression. The low 

Fig. 9  The validation of VNRS model genes expression at RNA and protein levels. (A-H) Differences in RNA levels of risk model genes between tumor 
samples and normal samples in the TCGA and GTEx databases. (I-L) Differences in protein levels of VNRS model genes between HGG samples and LGG 
samples
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diagnostic rate in the early stages and high resistance to 
treatment present significant challenges for GBM [63]. 
Despite advances in molecular biology and immunology, 
large-scale studies applying machine learning models 
to predict patient prognosis and drug efficacy based on 
GBMAN remain limited. To address this, we employed 
univariate Cox regression analysis and machine learning-
based integration procedures to identify prognostic genes 
from VEGFA+GBMAN. A prognostic model was con-
structed using 12 key genes. Among these, CAST inhib-
its calpain, a protein that regulates the WNT/β-catenin 
pathway [64]. Overexpression of KLF10 reduces extracel-
lular matrix degradation, supports cell proliferation, and 
may extend neutrophil lifespan [65]. Abnormal KDELR2 
expression predicts poor prognosis in breast cancer, with 
the HDAC3-KDELR2 axis accelerating cancer progres-
sion [66]. NDRG1 enhances VEGFA-induced corneal 
angiogenesis [67], while SLC20A1, a phosphate trans-
porter protein, regulates apoptosis and insulin signaling 
[68]. These findings highlight the prognostic potential of 
VNRS model genes in enhancing GBM immunity. While 
this investigation provides valuable insights, several limi-
tations warrant consideration. First, the study’s exclusive 
reliance on RNA expression data constrained our ability 
to assess critical biological dimensions including genetic 
variants and post-transcriptional regulatory mechanisms. 
Second, though enhanced by multifaceted algorithmic 
validation and robust cohort analyses, the intrinsic het-
erogeneity of TME - where dynamic cellular interac-
tions and spatial biology modulate immune responses 
- presents persistent interpretative challenges. These 
methodological safeguards strengthen confidence in our 
key findings, yet future work integrating multi-omics 
approaches will be essential to address these constraints 
systematically. Future refinement of the model incor-
porating these factors could improve accuracy. Despite 
these limitations, our results confirm the feasibility of the 
methods used and their potential for clinical application. 
The neutrophil landscape outlined in this study lays the 
foundation for future research.

Our findings suggested that recruited neutrophils, 
regardless of their initial phenotype, adapt to the tumor 
environment, converging toward a unified evolution-
ary trajectory. This process ensures that long-lived, 
pro-angiogenic VEGFA+GBMAN continuously sup-
ply resources to support tumor growth. Our research 
revealed how neutrophils, despite being short-lived effec-
tor cells, adjust their functions to meet the demands of 
the tissue environment. Through extensive bioinfor-
matics analysis and machine learning algorithms, we 
developed a robust signature for the “VEGFA+neutrophil-
related signature” in GBM patients. The VNRS model 
shows promise as a tool for optimizing treatment strate-
gies and monitoring plans for GBM patients. This study 

provides a new perspective on neutrophil roles in GBM 
and proposes new strategies for treatment and prognosis. 
Future research may explore therapeutic interventions 
targeting specific neutrophil subtypes in GBM.

Conclusion
In summary, this study utilized large-scale scRNA-seq 
to identify different GBMAN subpopulations, analyzing 
their developmental trajectories, communication pat-
terns, and regulatory networks. It particularly focused 
on the role of VEGFA+GBMAN in promoting an immu-
nosuppressive TME, and mapped out the blueprint of 
GBMANs. The VNRS model was subsequently devel-
oped using machine learning techniques, resulting in a 
novel prognostic model. This model demonstrates com-
paratively favorable predictive performance within exist-
ing glioma risk models. The VNRS not only serves as an 
independent prognostic factor for OS but also proves 
valuable in assessing immunotherapy response and che-
motherapy efficacy in GBM patients. Our findings pro-
vide critical insights into the role of neutrophils within 
the GBM microenvironment and highlight the previously 
underappreciated importance of GBMAN. We uncov-
ered significant transcriptional differences between these 
subpopulations, indicating their potential functional 
diversity within the TME. The VNRS model represents 
a promising tool for guiding personalized treatment and 
improving patient outcomes in GBM, while also paving 
the way for new immunotherapy strategies.
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