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Abstract
Background  Glioma is the most common malignant brain tumor, characterized by high heterogeneity and 
poor prognosis. Microtubule dynamics regulate tumor progression and immune escape; however, the prognostic 
significance of microtubule-associated genes in glioma and their immunological significance still lack systematic 
investigation.

Methods  We integrated transcriptomic and clinical data from TCGA and CGGA cohorts to identify microtubule-
associated genes with prognostic significance. A risk score (RS) model was established using Cox regression 
and validated in independent cohorts. Spatial transcriptomics and single-cell RNA sequencing were applied to 
characterize the expression patterns of candidate genes across glioma microregions and immune cell populations. 
Functional enrichment analysis, immune infiltration assessment, and drug sensitivity profiling were performed to 
explore the biological mechanisms and clinical implications of the RS model.

Results  We identified 18 microtubule-associated genes that are significantly associated with glioma prognosis 
and constructed a three-gene RS model (PAFAH1B1, SNAPIN, and MAD1L1), which robustly predicts overall survival. 
Tumors with high-RS exhibited increased infiltration of M2 macrophages, enhanced immunosuppressive signaling, 
and reduced sensitivity to alkylating agents. Spatial and single-cell analyses confirmed that core RS genes are 
enriched at the tumor-immune interface and shaped macrophage polarization dynamics.

Conclusion  Our findings highlight microtubule-associated genes as key regulators of the glioma immune 
microenvironment. The RS model serves as a clinically applicable biomarker for prognostication and therapeutic 
stratification, with potential implications for optimizing immunotherapy and chemotherapy strategies in glioma 
patients.
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Introduction
Glioma is the most common primary malignant tumor of 
the central nervous system, accounting for approximately 
75% of all malignant brain tumors [1]. According to 
global cancer statistics, there are about 150,000 new cases 
annually, representing roughly 2% of all cancer diagno-
ses [2]. Among them, glioblastoma (GBM), classified as 
WHO grade IV, is the most aggressive type, with a dis-
mal prognosis and a median survival of only 14.4 months 
[3–5]. The current standard of care includes maximal 
surgical resection, radiotherapy, and temozolomide 
(TMZ) chemotherapy [6, 7]. However, most patients 
experience recurrence within six months after surgery, 
and the recurrence rate of GBM approaches 100% [8, 9]. 
Due to pronounced molecular and cellular heterogeneity, 
resistance to TMZ and other chemotherapeutic agents is 
prevalent [10], severely limiting therapeutic efficacy. The 
fifth edition of the World Health Organization (WHO) 
classification of central nervous system tumors further 
emphasizes the prognostic significance of molecular bio-
markers such as IDH mutation and MGMT methylation 
[11].

Despite these advances, reliable biomarkers capable of 
predicting therapeutic response and guiding personalized 
treatment strategies for glioma patients remain limited.
Given that therapeutic resistance and immune evasion 
are closely intertwined in glioma, identifying biomarkers 
that simultaneously reflect tumor-intrinsic programs and 
immune context is of particular clinical relevance.

Beyond intrinsic tumor cell heterogeneity, glioma pro-
gression is profoundly influenced by a highly immuno-
suppressive tumor microenvironment (TME). Unlike 
many peripheral malignancies, gliomas are characterized 
by sparse lymphocyte infiltration and a predominance 
of myeloid-derived cells, particularly tumor-associ-
ated macrophages (TAMs), which may constitute up to 
30–50% of the total tumor mass. Accumulating evidence 
indicates that TAMs in glioma preferentially acquire 
an M2-like, immunosuppressive phenotype, promot-
ing tumor growth, angiogenesis, immune evasion, and 
resistance to therapy through the secretion of anti-
inflammatory cytokines and suppression of cytotoxic 
T-cell activity [12, 13]. Importantly, TAM polarization is 
increasingly recognized as a dynamic and context-depen-
dent process shaped by tumor-intrinsic programs and 
spatial cues within the glioma microenvironment. Recent 
studies suggest that noncanonical mechanisms, includ-
ing cytoskeletal remodeling and cellular stress responses, 
may play critical roles in regulating macrophage func-
tional states and sustaining an immunosuppressive niche 
[14]. These observations highlight the need to investigate 
tumor–immune interactions from a spatially and cellu-
larly resolved perspective.

With advancements in sequencing technologies, there 
is an urgent need to identify novel biomarkers capable of 
predicting glioma patients’ responses to chemotherapy, 
targeted therapy, and immunotherapy, thereby improving 
long-term clinical outcomes.

In recent years, cytoskeletal remodeling has been rec-
ognized as a central driver of tumor progression. The 
cytoskeletal network, composed of actin filaments, 
intermediate filaments, and microtubules, plays piv-
otal roles in cell proliferation, migration, and invasion 
[15–17]. Among these components, microtubules are 
particularly critical, as their highly dynamic assembly 
and disassembly govern essential processes such as cell 
division, differentiation, and signal transduction. Studies 
have demonstrated that microtubule dynamics in GBM 
are hijacked to promote aberrant proliferation, infiltra-
tion, and therapy resistance [18, 19]. For example, dys-
regulation of the γ-tubulin ring complex (γ-TuRC) leads 
to abnormal microtubule nucleation and chromosomal 
instability, thereby driving malignant progression [20]. 
Mutations in genes such as TUBA1A and TUBB3 disrupt 
microtubule architecture, further fueling tumorigenesis 
[21, 22]. Moreover, aberrations in microtubule-associated 
proteins (MAPs) and post-translational modifications 
(PTMs) markedly enhance the migratory and inva-
sive capacities of glioma cells [23, 24]. Notably, beyond 
maintaining chromosomal segregation and intracellu-
lar transport, microtubules can also establish functional 
intercellular networks that mediate calcium signaling and 
organelle transfer, thereby bolstering glioma cell survival 
under stress or therapeutic pressure [25].

Microtubule heterodimers, composed of α- and 
β-tubulin, are the fundamental units of the cytoskeleton 
and are indispensable for maintaining cell morphol-
ogy, mediating intracellular transport, and orchestrating 
spindle formation and chromosomal segregation during 
mitosis [26, 27]. Clinically, microtubule-targeting agents 
(MTAs), which disrupt microtubule dynamics to sup-
press tumor cell division, have demonstrated remark-
able efficacy in the treatment of various cancers, such 
as paclitaxel and vinca alkaloids [28–30]. More recently, 
studies have revealed that post-translational modifica-
tions (e.g., acetylation) regulate microtubule stability and 
play a key role in cell migration [17]. In addition, novel 
microtubule-binding sites (e.g., the Tumabulin site) have 
been identified, providing potential targets for the devel-
opment of next-generation anticancer agents [27]. None-
theless, despite advances in other malignancies, the role 
of microtubule dynamics in glioma biology, remodeling 
of the immune microenvironment, and polarization of 
tumor-associated macrophages (TAMs) remains insuffi-
ciently understood.

In this study, we integrated multi-omics data-
sets, including bulk transcriptomics, single-cell 
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transcriptomics, and spatial transcriptomics, to system-
atically identify and validate key microtubule-related 
genes. Furthermore, we developed a microtubule-based 
risk score (RS) model and employed spatial and single-
cell analyses to elucidate its role in glioma heterogeneity 
and immune remodeling.

Materials and methods
Transcriptome data acquisition and preprocessing
Transcriptomic data of glioma samples were obtained 
from The Cancer Genome Atlas (TCGA) and the Chinese 
Glioma Genome Atlas (CGGA), while transcriptomic 
profiles of normal cerebral cortex tissues were derived 
from the Genotype-Tissue Expression (GTEx) database. 
Samples lacking essential follow-up information (e.g., 
survival time, survival status, or pathological classifica-
tion) were excluded. Batch effects were corrected and 
data were integrated using the SVA R package. Differen-
tial expression analysis was performed with the limma 
package, with significance thresholds set at P < 0.05 and 
FDR < 0.05.

Single cell transcriptome data analysis
Single-cell RNA sequencing (scRNA-seq) data were 
obtained from the CGGA database. Data preprocessing 
was conducted using the Seurat package, where low-
quality cells were filtered out (detected genes < 100, UMI 
count < 50, or mitochondrial gene ratio > 5%). Principal 
component analysis (PCA) was applied for dimension-
ality reduction, and the JackStraw method was used to 
determine the optimal number of retained components. 
Clustering was performed with the Louvain algorithm 
based on the top 20 principal components, and cell-type 
annotation was achieved using the SingleR package. Sub-
clusters were visualized using t-distributed stochastic 
neighbor embedding (t-SNE).

Pseudotime analysis was conducted with Monocle to 
reconstruct cellular developmental trajectories, while 
cell–cell communication networks were inferred using 
CellChat to explore intercellular signaling pathways.

Spatial transcriptomics data analysis
Spatial transcriptomic data were obtained from the 
GEO database. Quality control and batch effect correc-
tion were performed using the Seurat package, followed 
by nonlinear dimensionality reduction with UMAP. 
Cell subpopulations were identified using the Lou-
vain algorithm and subjected to differential expression 
analysis. Based on annotations from SingleR, single-cell 
identities were mapped onto spatial transcriptomic sec-
tions, enabling visualization of their spatial distribu-
tion within tissue structures. Heatmaps generated with 
ggplot2 depicted the expression patterns of key genes 
across different spatial regions. Additionally, the MIAF 

(Microenvironment Immune Activation and Facilitation) 
method was applied to evaluate the spatial enrichment of 
immune cells within the tumor microenvironment.

Feature gene selection and functional enrichment
Gene Ontology (GO) enrichment analysis was performed 
to characterize the biological processes associated with 
differentially expressed genes (DEGs), while Kyoto Ency-
clopedia of Genes and Genomes (KEGG) annotation 
was used to identify glioma-related pathways. Functional 
enrichment was further conducted using the MSigDB 
database (c2.cp.kegg and c5.go gene sets), with thresholds 
of NOM P < 0.05 and FDR < 0.25. Subsequently, a random 
forest model was constructed using the randomForest 
package. The optimal number of trees was determined 
by minimizing cross-validation error, and feature genes 
were selected based on an importance score > 2. This step 
was designed to reduce dimensionality while retaining 
microtubule-related genes with the strongest predictive 
contribution.

To further refine candidate genes beyond functional 
enrichment, immune-related gene sets were incorpo-
rated as a biological filtering layer rather than to define 
canonical immune genes. Specifically, immune-associ-
ated signatures were obtained from the MSigDB data-
base and intersected with prognostic microtubule-related 
genes identified from differential expression and survival 
analyses. This step aimed to retain genes at the interface 
of cytoskeletal regulation and immune context, thereby 
enhancing the biological interpretability of downstream 
analyses.

Construction of prognostic RS model
LASSO regression was applied to further minimize over-
fitting and to identify a parsimonious gene set suitable 
for robust risk score construction.Candidate genes iden-
tified from the random forest model were subjected to 
univariate Cox regression and least absolute shrinkage 
and selection operator (LASSO) regression to determine 
prognostic markers. Genes retained after LASSO regres-
sion, including PAFAH1B1, SNAPIN, and MAD1L1, 
demonstrated non-zero and stable regression coefficients 
across cross-validation and were therefore selected as 
core components for RS model construction.For each of 
the three genes, the corresponding regression coefficient 
(Coef ), hazard ratio (HR), and 95% confidence interval 
(CI) were explicitly calculated and reported to ensure 
transparency and reproducibility of the model.A risk 
score (RS) model was constructed based on the expres-
sion levels and regression coefficients of these genes:

	 RS =
∑

(Expi × Coefi)
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Specifically, PAFAH1B1 exhibited positive coefficients 
(HR > 1), indicating their association with increased mor-
tality risk, whereas MAD1L1 and SNAPIN showed a neg-
ative coefficient (HR < 1), suggesting a protective effect.

Each patient’s RS was calculated and stratified into 
high- and low-risk groups according to the median value.

Survival analysis and clinical correlation
Kaplan–Meier survival curves for risk groups and fea-
ture genes were generated using the survminer package. 
Stratified analyses were conducted based on clinicopath-
ological characteristics (e.g., tumor grade, age, and sex). 
A nomogram was constructed with the rms package, 
while forest plots and ROC curves were produced using 
the survival and timeROC packages to assess the model’s 
independence and predictive performance.

Single-cell trajectory and annotation
Based on CGGA scRNA-seq data, glioma and macro-
phage (M1/M2) subtypes were annotated using curated 
marker sets. Monocle3 was applied to reconstruct cell 
differentiation trajectories, thereby mapping evolution-
ary pathways between tumor core and peripheral regions.

RS, immune infiltration, and macrophage polarization
The immune cell composition of tumor samples across 
risk groups was quantified using CIBERSORT, while 13 
immune functions were evaluated via ssGSEA. Correla-
tions between RS-related genes and immune cell popu-
lations—particularly M2 macrophages—were visualized 
with Corrplot and validated using Spearman’s correlation 
tests. In addition, pan-cancer immune subtype classi-
fications from the UCLA dataset were used to compare 
immune subtype distributions between high- and low-RS 
groups.

RS, immunotherapy, and chemotherapy sensitivity
Immunotherapy response data were obtained from 
the Imvigor210 cohort, enabling comparison of treat-
ment outcomes (complete response, partial response, 
stable disease, and progressive disease) between high- 
and low-RS groups. Chemotherapy sensitivity data 
from the GDSC database were used to predict differen-
tial drug responses to common agents, including car-
mustine, irinotecan, cyclophosphamide, cisplatin, and 
temozolomide.

Statistical analysis
Comparisons between groups were conducted using 
Student’s t-test or Wilcoxon rank-sum test, depending 
on data distribution. Survival differences were evalu-
ated using the log-rank test. Statistical significance was 
defined as P < 0.05, with the following levels indicated: 

p < 0.05 (*), p < 0.01 (**), p < 0.001 (***), and p < 0.0001 
(****).

Results
Identification and expression analysis of microtubule-
related genes
RNA sequencing data of glioma and normal samples were 
downloaded from The Cancer Genome Atlas (TCGA) 
and the Genotype-Tissue Expression (GTEx) database. 
Differential expression analysis was performed using the 
R package limma, which identified a total of 6,102 differ-
entially expressed genes (DEGs). The expression profiles 
of these DEGs between tumor and normal tissues are pre-
sented in Fig. 1A. Gene Ontology (GO) enrichment anal-
ysis revealed that 130 genes were significantly enriched in 
microtubule-related biological processes (Fig. 1B). Based 
on feature importance ranking (importance score), 18 
key genes with an importance score greater than 2 were 
further selected (Fig. 1C). Finally, chromosomal localiza-
tion analysis indicated that these genes were distributed 
across different chromosomes (Fig. 1D).

Construction, evaluation, and validation of the risk score 
(RS)
Gene expression data and corresponding clinical infor-
mation were first subjected to univariate Cox regres-
sion and LASSO regression analyses (Fig.  2A–B). The 
results identified several high-risk genes, including 
PRC1, SNAPIN, CSPP1, MAD1L1, POLDIP2, CCT7, and 
CETN2. The model achieved optimal performance when 
the λ value was set to 3. After incorporating immune-
related gene sets, three microtubule-associated genes—
PAFAH1B1, SNAPIN, and MAD1L1-were ultimately 
selected for model construction. To balance prognostic 
relevance with model robustness and avoid overfitting, 
a stepwise feature-reduction strategy was applied. Can-
didate genes were prioritized based on prognostic sig-
nificance and feature importance, and further filtered by 
LASSO regression to retain only genes with stable, non-
zero coefficients. After incorporating immune-related 
gene sets as a biological prioritization layer, three micro-
tubule-associated genes—PAFAH1B1, SNAPIN, and 
MAD1L1—were consistently retained and ultimately 
selected for RS model construction.

Based on these genes, we established an RS model and 
calculated the risk score for each patient. Patients were 
stratified into high- and low-risk groups according to the 
median RS. Kaplan-Meier analysis demonstrated that 
patients in the high-risk group had significantly poorer 
overall survival compared with those in the low-risk 
group (Fig.  2C–D, p < 0.001). Further single-gene sur-
vival analyses revealed that high expression of MAD1L1 
and SNAPIN was associated with unfavorable prog-
nosis, whereas high PAFAH1B1 expression correlated 
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with longer survival (Fig.  2E–G). A risk heatmap illus-
trated the expression patterns of the three genes across 
risk groups and their associations with clinical features, 
including grade, age, and diagnosis (Fig. 2H).

Multivariate Cox regression analysis indicated that age, 
grade, and RS were all independent prognostic factors 
(Fig.  2I). ROC curve analysis compared the predictive 
efficacy of the model with clinical features, revealing that 
the AUC value of RS (0.827) was superior to that of Age 
(0.783) and Gender (0.534) (Fig. 2J).

A nomogram integrating the RS and clinical param-
eters was then developed to predict 1-, 3-, and 5-year 
survival probabilities (Fig.  2K). Time-dependent ROC 
analysis demonstrated that the model achieved AUC 
values of 0.795, 0.825, and 0.827 at 1, 3, and 5 years, 

respectively, indicating robust and consistent predictive 
performance (Fig. 2L).

Value of RS in immunotherapy and chemotherapy
The predictive value of RS for immunotherapy outcomes 
was assessed in the IMvigor210 cohort. The results dem-
onstrated that patients in the low-risk group had signifi-
cantly lower survival probabilities compared to those in 
the high-risk group (Fig. 3A, P = 0.030). Response-based 
subgroup analysis further revealed that low-risk patients 
were more likely to achieve complete or partial response 
(CR/PR), whereas high-risk patients were more prone to 
stable disease or progressive disease (SD/PD) (Fig.  3B, 
P = 0.0299). Receiver operating characteristic (ROC) 
curve analysis indicated that the predictive performance 

Fig. 1  Identification and characterization of microtubule-related genes in glioma. (A) Heatmap of 6102 differentially expressed genes between glioma 
and normal tissues. (B) GO enrichment highlighting 130 microtubule-related genes. (C) Feature importance ranking of candidate genes. (D) Chromo-
somal localization of 18 selected genes
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of RS for immunotherapy response achieved an AUC of 
0.619 (95% CI: 0.544–0.692) (Fig. 3C).

In the GDSC drug sensitivity analysis, no signifi-
cant difference in sensitivity to irinotecan was observed 
between the two risk groups (Fig.  3D, P > 0.05). How-
ever, patients in the high-risk group were more sensitive 

to carmustine, cyclophosphamide, and temozolomide 
(Fig. 3E–G, P < 0.05), while those in the low-risk group 
were more sensitive to cisplatin (Fig.  3H, P < 0.05). In 
contrast, both groups exhibited resistance to vincristine 
and vinblastine, with no significant difference in response 
(Fig. 3I, P = 0.9999).

Fig. 2  Construction and validation of the RS model. (A-B) Feature selection using univariate Cox and LASSO regression. (C-D) Kaplan–Meier survival 
analysis of TCGA and CGGA cohorts stratified by RS. (E-G) Survival analysis of individual genes. (H) Heatmap integrating RS with clinical features. (I) Multi-
variate Cox regression of RS and clinical factors. (J) ROC curves comparing predictive performance. (K-L) Nomogram and time-dependent ROC validating 
survival prediction
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Spatial transcriptomics reveals the correlation between 
key genes and malignant cell distribution in glioma 
microregions
Spatial transcriptomic analysis demonstrated that 
MAD1L1, PAFAH1B1, and SNAPIN exhibited hetero-
geneous expression across distinct glioma microregions 
and showed weak but statistically significant asso-
ciations with the distribution of malignant cells.At the 
tumor–normal interface, all three genes displayed mod-
est positive associations with malignant cell enrichment 
(Fig.  4A–C, MAD1L1: r = 0.152, P < 0.01; PAFAH1B1: 
r = 0.182, P < 0.01; SNAPIN: r = 0.143, P < 0.01).In the 
perivascular region, their expression levels were weakly 
yet consistently associated with malignant cell distribu-
tion (Fig. 4D-E, MAD1L1: r = 0.100, P < 0.01; PAFAH1B1: 
r = 0.104, P < 0.01; SNAPIN: r = 0.146, P < 0.01). In con-
trast, within the necrotic regions, MAD1L1 expression 
exhibited a weak negative association with malignant 
cells (Fig.  4G, r = − 0.071, P < 0.01), whereas PAFAH1B1 
and SNAPIN showed very weak but statistically sig-
nificant positive associations (Fig.  4H-I, PAFAH1B1: 
r = 0.034, P < 0.01; SNAPIN: r = 0.096, P < 0.01).

Beyond malignant cell distribution, spatial expression 
maps further revealed that regions with high expression 

of MAD1L1, PAFAH1B1, and SNAPIN frequently over-
lapped with immune-influenced microenvironmental 
niches, particularly at the tumor–normal interface and 
within perivascular areas, whereas comparatively lower 
expression levels were observed in non-immune-domi-
nant regions.

Taken together, although the observed correlations 
were modest in magnitude, their consistency across 
multiple spatial contexts supports a non-random spa-
tial association between these genes and malignant cell 
localization. Importantly, these patterns likely reflect the 
non-linear and context-dependent nature of spatial tran-
scriptomic relationships rather than direct or determin-
istic effects.

Spatial visualization further revealed that high-expres-
sion zones of these genes largely overlapped with malig-
nant cell-enriched areas, while low-expression regions 
were mainly located in areas dominated by non-malig-
nant cells. Together, these findings indicate that the spa-
tial expression patterns of MAD1L1, PAFAH1B1, and 
SNAPIN are associated with malignant cell localization 
within immune-influenced microenvironmental regions 
rather than reflecting classical metastatic behavior.These 
findings provide direct spatial evidence linking gene 

Fig. 3  Predictive value of the RS in immunotherapy and chemotherapy. (A-C) RS association with survival and response in the IMvigor210 cohort. (D-
G) Drug sensitivity analysis showing RS-associated differences for alkylating agents. (H) Sensitivity of RS subgroups to cisplatin. (I-J) Lack of differential 
response to vincristine and vinblastine
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expression patterns with specific cellular distributions in 
glioma.

Identification and functional analysis of tumor immunity-
related features
In the single-cell transcriptomic data from the CGGA 
cohort, UMAP visualization revealed the distribution 
of major cellular subpopulations, including astrocytes, 
macrophages, monocytes, and a small fraction of T cells 
(Fig. 5A). Further clustering analysis showed that macro-
phages could be subdivided into M1, M2, and other sub-
groups, among which the M2 population was markedly 
enriched (Fig.  5B). Pseudotime trajectory analysis dem-
onstrated dynamic expression changes of the key genes 
during cell-state transitions: MAD1L1 and PAFAH1B1 
expression gradually increased along pseudotime, 
whereas SNAPIN expression progressively decreased 
(Fig.  5C). Rather than representing static cell-type–spe-
cific markers, these temporal expression patterns sug-
gest that the three genes are associated with continuous 
transitions of tumor and immune cell states. Consis-
tently, UMAP scatter plots confirmed these findings, 
illustrating the distinct expression patterns of MAD1L1, 
PAFAH1B1, and SNAPIN across different cellular sub-
populations, thereby validating their dynamic alterations 
along the pseudotime trajectory (Fig.  5D–G). Nota-
bly, their dynamic expression trends were particularly 

evident within macrophage subsets, supporting a poten-
tial association with macrophage polarization processes 
during glioma progression. Together, these findings high-
light that the three genes may reflect functional dynamics 
within the tumor immune microenvironment, particu-
larly during malignant progression and immune state 
remodeling, without implying a direct causal role.

The significance of RS in the tumor immune 
microenvironment
To investigate the potential association between the dif-
ferentially expressed genes and immune-related pro-
cesses, we performed KEGG enrichment analysis. The 
results showed that genes in the high-RS group were 
predominantly enriched in immune-related pathways, 
including antigen processing and presentation, cell adhe-
sion molecules, cytokine–receptor interaction, ECM–
receptor interaction, and focal adhesion (Fig. 6A).

Subsequently, CIBERSORT analysis was applied to 
evaluate the impact of RS on immune infiltration in glio-
mas. The findings revealed that M2 macrophages were 
predominant in the high-RS group, whereas monocytes 
were more abundant in the low-RS group (Fig. 6B). Fur-
thermore, ssGSEA analysis demonstrated that differen-
tial expression of PAFAH1B1, SNAPIN, and MAD1L1 
was significantly associated with the infiltration of 15 

Fig. 4  Spatial expression patterns of microtubule-associated genes across glioma microregions. (A-C) Correlation of MAD1L1, PAFAH1B1, and SNAPIN 
with malignant cells At the tumor–normal interface. (D-F) Gene expression patterns in the perivascular region. (G-I) Spatial distribution of gene expres-
sion in necrotic areas
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Fig. 6  Role of the RS in shaping the glioma immune microenvironment. (A) KEGG enrichment analysis of immune-related pathways. (B) CIBERSORT 
showing distinct immune infiltration patterns between RS subgroups. (C) ssGSEA linking gene expression with immune cell infiltration and functions. (D) 
Immune subtype distribution across RS groups in TCGA cohort

 

Fig. 5  Single-cell transcriptomics reveals immune-related signatures in glioma. (A) UMAP visualization of major glioma cell subpopulations. (B) Mac-
rophage polarization trajectory toward the M2 phenotype. (C) Pseudotime expression dynamics of core genes. (D-G) Expression patterns of PAFAH1B1, 
SNAPIN, and MAD1L1 across glioma and macrophage subsets
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immune cell types and 13 immune-related functional sig-
natures (Fig. 6C).

Finally, immune subtype analysis indicated a distinct 
distribution pattern between the two risk groups. Spe-
cifically, patients in the high-RS group were primar-
ily enriched in the C4 lymphocyte-depleted subtype, 
whereas those in the low-RS group were more likely 
to belong to the C5 immunologically quiet subtype 
(Fig. 6D).

Discussion
Glioma is characterized by pronounced heterogeneity 
and an immunosuppressive microenvironment, which 
remain major barriers to effective therapy [31–34]. 
In this study, we systematically elucidated the central 
role of microtubule dynamics in glioma progression. 
By integrating multi-omics, spatial transcriptomics, 
and single-cell sequencing analyses, we identified three 
microtubule-associated signature genes (PAFAH1B1, 
SNAPIN, and MAD1L1) that are strongly correlated with 
glioma prognosis, and constructed a novel risk score 
(RS) model. Importantly, this RS model was designed 
not merely as a prognostic classifier, but as a biologi-
cally interpretable framework linking cytoskeletal regu-
lation to immune remodeling and spatial heterogeneity 
within the tumor microenvironment (TME). This model 
not only outperformed conventional clinical parameters 
in predicting overall survival (OS), but also reflected 
distinct immunological features of the TME, providing 
insights into potential responses to chemotherapy and 
immunotherapy. Spatial and single-cell analyses further 
revealed marked spatiotemporal heterogeneity in the 
expression of these genes across tumor regions and cel-
lular states, suggesting that they may influence glioma 
progression by regulating macrophage polarization and 
immune evasion.

Previously, extensive research on prognostic models 
for glioma has focused on extracellular matrix (ECM)-
related features (MLDPS) and radiogenomics (MOFS) 
[35, 36]. While these models have improved prognostic 
stratification, most emphasize either stromal remodeling 
or imaging-derived features and largely overlook cyto-
skeletal dynamics as a driver of tumor–immune inter-
actions. In contrast, this study is the first to incorporate 
microtubule dynamics into the prognostic prediction 
framework for glioma. By integrating immune-related 
gene sets as a biological prioritization layer, our RS model 
captures the intersection between microtubule regula-
tion and immunosuppressive remodeling, rather than 
relying solely on immune abundance or ECM composi-
tion. While earlier research highlighted the roles of ECM 
remodeling and immune suppression, most models failed 
to capture the interplay between cytoskeletal dynam-
ics and the immune microenvironment. Our RS model 

partially addresses this gap: on one hand, it demonstrated 
superior predictive accuracy (AUC up to 0.827); on the 
other hand, the spatial co-localization of SNAPIN with 
M2 macrophages, as well as the dynamic expression of 
PAFAH1B1 and MAD1L1 along differentiation trajecto-
ries, provides mechanistic interpretability that is often 
lacking in existing models. Thus, the novelty of this RS 
model lies not only in performance, but also in its capac-
ity to link cytoskeletal regulation with immune polariza-
tion and spatial tumor ecology.

Based on univariate Cox regression analysis and Lasso 
regression analysis, we selected immunogenic micro-
tubule genes from differentially expressed microtubule 
genes and identified three independent microtubule-
related immune genes associated with prognosis. Among 
these genes, PAFAH1B1, SNAPIN, and MAD1L1 are all 
closely related to neurodevelopment and cell division 
stability. PAFAH1B1, a platelet-activating factor acetyl-
hydrolase located on chromosome 17p13.3, whose muta-
tions can lead to neuronal migration disorders [37, 38]; 
SNAPIN, as a regulatory factor of the SNARE complex, 
is involved in neuronal survival and neurotransmit-
ter release. Its deficiency can result in reduced neuro-
nal viability, degeneration, and central nervous system 
developmental defects [39, 40]; MAD1L1 is a core com-
ponent of the spindle assembly checkpoint, and its struc-
tural abnormalities can cause mitotic errors and promote 
tumorigenesis [41, 42]. The convergence of these genes 
on cell division control and cellular stress adaptation may 
explain their association with aggressive glioma pheno-
types and poor prognosis.

It is noteworthy that the RS demonstrated robust pre-
dictive power, highlighting its potential significance in 
prognostic assessment. Kaplan–Meier analysis revealed 
that the overall survival of patients in the high-risk group 
was significantly lower than that in the low-risk group. 
To comprehensively evaluate prognosis, we developed a 
nomogram incorporating various clinical parameters to 
score individual survival probability. Decision curve anal-
ysis (DCA) and concordance index (C-index) results indi-
cated that the predictive accuracy of RS surpassed that 
of the traditional TNM stage. Furthermore, the nomo-
gram integrating RS with clinical parameters (age, tumor 
grade) significantly improved prognostic predictive pre-
cision (1-/3-/5-year AUC: 0.89/0.85/0.83), supporting 
the added clinical value of RS beyond existing prognostic 
models.

Immune cells play pivotal roles in shaping the TME, 
thereby influencing tumor progression and treatment 
response. Glioma cells secrete inhibitory cytokines (e.g., 
IL-10, TGF-β), recruit regulatory T cells (Tregs) and 
tumor-associated macrophages (TAMs), and establish an 
immunosuppressive niche [43–46]. CIBERSORT, KEGG, 
and ssGSEA analyses indicated that the high-risk group 
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was characterized by marked infiltration of M2-type 
macrophages, whereas the low-risk group was dominated 
by monocytes. This aligns with findings by Wei et al., 
showing that M2-TAMs secrete IL-10 and TGF-β, recruit 
Tregs, and suppress T-cell activity, thereby driving immu-
nosuppression [47]. The observed correlation between 
SNAPIN expression and M2 macrophage abundance 
further supports the notion that microtubule-associated 
genes may participate in immune polarization rather 
than acting as passive biomarkers. Moreover, immune 
subtype analysis indicated that high-risk patients were 
enriched in C4 (lymphocyte-depleted) tumors, whereas 
low-risk patients predominantly exhibited C5 (immuno-
logically quiet) tumors, implicating microtubule genes as 
regulators of immune composition and activity [48, 49].

Regarding treatment prediction, the RS achieved com-
parable predictive performance for immunotherapy 
response in the IMvigor210 cohort (AUC = 0.619) relative 
to PD-L1 tumor proportion score (TPS) testing (KEY-
NOTE-024: AUC 0.65–0.70). Furthermore, our results 
highlighted associations between microtubule genes and 
chemotherapy sensitivity: high-risk patients were more 
responsive to carmustine, cyclophosphamide, and temo-
zolomide, whereas low-risk patients showed greater sen-
sitivity to cisplatin. These findings suggest that the RS 
may assist in therapeutic stratification, particularly in 
recurrent or temozolomide-resistant glioma.

Tumor heterogeneity manifests across patients, within 
distinct tumor regions, and over time, and is a hallmark 
of cancer biology [50, 51]. Highly heterogeneous tumors 
recruit non-malignant stromal cells (e.g., immune cells, 
fibroblasts, endothelial cells) to remodel the TME, pro-
ducing spatial variations. This spatial distribution of 
malignant and stromal cells generates subregions with 
distinct microenvironments and functions, and is closely 
associated with poor prognosis [52–54]. Spatial tran-
scriptomic analyses further emphasized the role of 
microtubule genes in glioma heterogeneity. PAFAH1B1, 
SNAPIN, and MAD1L1 exhibited region-specific 
expression patterns across the tumor–normal interface, 
perivascular niches, and necrotic zones, and their distri-
bution correlated with malignant cell clusters. This spa-
tially dependent expression suggests that microtubule 
dynamics not only regulate intracellular processes but 
also shape the ecological landscape of tumor subregions, 
potentially through interactions with immune cells [55, 
56].

Single-cell RNA sequencing (scRNA-seq) provides a 
powerful approach to unravel transcriptomic features 
and intratumoral heterogeneity at single-cell resolution 
[57]. Initially reported by Tang et al. in 2009 [41], this 
technology enables quantitative profiling of gene expres-
sion, splicing, and allele-specific expression [58], and 
plays a critical role in dissecting drug-target pathways 

and tumor–TME interactions [59]. Compared with bulk 
RNA-seq, scRNA-seq offers the advantage of identifying 
cell-type-specific gene expression, annotating subpopula-
tions, and reconstructing differentiation trajectories via 
computational methods [60, 61]. Applied to glioma and 
its TME, this facilitates precise localization of malignant 
cells, characterization of stromal interactions, and iden-
tification of aberrant expression patterns, thus informing 
therapeutic strategies and advancing our understanding 
of TME contributions to glioma progression [62]. Based 
on cellular trajectory analysis, this study projected glioma 
cells with different differentiation states into five distinct 
subpopulations, primarily including abundant astrocytes, 
immune infiltrates, macrophages, monocytes, and a small 
proportion of T cells. Further pseudotemporal analysis 
using the Monocle package revealed that SNAPIN gradu-
ally becomes inactivated during differentiation, while the 
expression of PAFAH1B1 and MAD1L1 progressively 
increases—consistent with their roles in cell survival, 
migration, and stemness maintenance [63]. These find-
ings suggest a close association between glioma differen-
tiation trajectories and immune regulation processes.

In summary, this study employed integrated multi-
omics, spatial, and single-cell analyses to construct 
a microtubule-based RS model. The model not only 
confirmed its value in prognosis prediction but also 
revealed associations with immunosuppressive TME 
characteristics and chemotherapy/immunotherapy 
responses. Future studies are warranted to validate the 
stability of the RS in larger clinical cohorts and to fur-
ther explore therapeutic strategies targeting microtu-
bule-associated genes to modulate the glioma immune 
microenvironment.

Nevertheless, several limitations should be acknowl-
edged. This study is primarily based on integrative com-
putational analyses, and although consistent evidence 
was obtained across bulk, single-cell, and spatial tran-
scriptomic datasets, further experimental validation 
will be required in future studies to elucidate the causal 
mechanisms linking microtubule dynamics to immune 
remodeling and macrophage polarization in glioma.
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