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Abstract 14 

Background/Objectives: Glioblastoma (GBM) is widely recognized as a highly aggressive 15 

form of malignant tumor arising within the central nervous system. The proneural-to- 16 

mesenchymal (PN–MES) state transition is a key process underlying malignant progres- 17 

sion and therapeutic resistance. The present study was designed to elucidate the associa- 18 

tion between the PN–MES transition and arachidonic acid (AA) metabolic reprogram- 19 

ming in GBM. Methods: We integrated four public single-cell RNA-sequencing cohorts, 20 

two spatial transcriptomic cohorts and three bulk RNA-sequencing cohorts of GBM. By 21 

combining single-cell transcriptomics, spatial transcriptomics, pseudotime trajectory in- 22 

ference and cell–cell communication analysis, we systematically evaluated the cell-state 23 

dependence and spatial heterogeneity of AA metabolism in GBM. We further incorpo- 24 

rated machine-learning-based survival modelling, molecular docking, molecular dynam- 25 

ics simulations and in vitro functional assays to identify and validate potential prognostic 26 

biomarkers and therapeutic targets. Results: Mesenchymal-like (MES-like) tumor cells 27 

showed the highest AA metabolic activity, and AA metabolic reprogramming was closely 28 

coupled with PN–MES state transition. The PPIA–BSG signalling axis was selectively en- 29 

riched in tumor cells with high expression of arachidonic acid metabolism-related genes 30 

(AAMGs), whereas virtual knockout of BSG perturbed MES- and invasion-related gene 31 

modules. Spatial transcriptomic analysis confirmed that PPIA–BSG-associated communi- 32 

cation was enhanced within MES-like tumor niches and was coupled with inflammatory 33 

and hypoxic programmes. AA metabolism-related genes enabled robust prognostic strat- 34 

ification. Molecular simulation and in vitro experiments suggested that Venetoclax could 35 

bind BSG and suppress GBM cell viability. Conclusions: AA metabolic reprogramming 36 

defines mesenchymal-associated malignant niches in GBM and may contribute to PN– 37 

MES-related state evolution through PPIA–BSG-mediated microenvironmental commu- 38 

nication. AA metabolism-related features and the BSG-associated signalling axis may pro- 39 

vide candidate directions for prognostic stratification and targeted intervention. 40 
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 43 

1. Introduction 44 

Glioblastoma (GBM) represents roughly 14.5% of all central nervous system tumors 45 

and constitutes about 48.6% of malignant cases within this category, and remains one of 46 

the most aggressive human malignancies[1]. Among the molecular and cellular states of 47 

GBM, the mesenchymal subtype is generally associated with enhanced invasiveness and 48 

the poorest clinical outcome. The proneural-to-mesenchymal transition (PN–MES transi- 49 

tion) is increasingly recognized as a key biological process driving malignant progression 50 

and therapeutic resistance[2,3]. Previous studies have suggested that PN–MES transition 51 

is not governed by a single molecular event, but is shaped by multiple convergent pres- 52 

sures. For example, tumor microenvironmental cues can activate NF-κB signalling in tu- 53 

mor cells, thereby promoting their shift towards a mesenchymal-like phenotype[4-6]. 54 

Therapeutic stressors, including radiotherapy and temozolomide chemotherapy, may 55 

also induce PN–MES transition, and the acquired mesenchymal phenotype can further 56 

confer resistance to multiple treatment modalities[7,8]. In parallel, transcriptional repro- 57 

gramming driven by regulators such as STAT3, C/EBPβ and FOSL1 has provided im- 58 

portant mechanistic clues for understanding PN–MES transition in GBM[9-11]. 59 

To sustain their highly proliferative and adaptive phenotype, GBM cells must over- 60 

come fluctuations in nutrient and energy availability imposed by a heterogeneous tumor 61 

microenvironment[12]. Metabolic reprogramming is therefore central to GBM progres- 62 

sion. Arachidonic acid (AA) metabolism, mediated through the three canonical cyclooxy- 63 

genase, lipoxygenase and cytochrome P450 branches and their downstream lipid media- 64 

tors, regulates a wide range of pathophysiological processes, including tumor-cell prolif- 65 

eration, angiogenesis, inflammation and stress adaptation[13-15]. These features suggest 66 

that AA metabolism may participate in the mesenchymal evolution of GBM; however, its 67 

specific role in PN–MES transition remains insufficiently defined[16]. Previous lipidomic 68 

studies in glioma have contributed to molecular subtype classification, prognostic model- 69 

ling and the discovery of early diagnostic biomarkers[17-19]. Nevertheless, emerging spa- 70 

tial transcriptomic evidence indicates that metabolic reprogramming in glioma is highly 71 

spatially heterogeneous and closely associated with the cellular composition and intercel- 72 

lular interactions of specific tumor niches[12,20,21]. 73 

Traditional bulk-level analyses are unable to resolve the spatial heterogeneity of cell- 74 

state transition, metabolic reprogramming and microenvironmental crosstalk in GBM. A 75 

multi-omics integrative strategy is therefore required. In the present study, we brought 76 

together single-cell, spatial, and bulk transcriptomic datasets, and further incorporated 77 

pseudotime analysis, cell–cell communication inference, molecular docking, along with 78 

in vitro experiments to support the analysis. Our findings suggest that MES-like GBM 79 

cells may influence AA metabolism through the PPIA–BSG axis and NF-κB-associated 80 

signalling, thereby linking metabolic reprogramming with malignant cell-state transition. 81 

We further identified candidate prognostic markers and therapeutic candidates, provid- 82 

ing a framework for understanding AA metabolism-associated malignant niches in GBM.  83 
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2. Materials and Methods 84 

2.1. Data sources 85 

Single-cell RNA sequencing data for GBM were retrieved from the Gene Expression 86 

Omnibus database (GEO; http://www.ncbi.nlm.nih.gov/geo/), including GSE103224, 87 

GSE138794, GSE139448 and GSE230389. Spatial transcriptomic data were retrieved from 88 

two publicly available Visium cohorts, GSE194329 and GSE235672. Transcriptomic pro- 89 

files and clinical follow-up information for the TCGA-GBM cohort were acquired from 90 

the UCSC Xena platform (https://xena.ucsc.edu/). For external validation, gene expression 91 

datasets were collected from the GEO cohorts GSE7696 and GSE83300. Arachidonic acid 92 

metabolism-related genes were derived from the KEGG pathway hsa00590. 93 

2.2. Single-cell RNA-sequencing data processing 94 

Single-cell RNA sequencing data were analyzed using Scanpy, with deep generative 95 

modeling performed via scvi-tools within the scVI framework. To retain high-quality cel- 96 

lular transcriptomes, genes expressed in at least three cells were included. Cells were fil- 97 

tered out if they contained fewer than 200 or more than 8,000 detected genes. In addition, 98 

those exhibiting over 20% mitochondrial transcripts or exceeding 50% ribosomal gene 99 

content were also removed from downstream analyses. Potential doublets were removed 100 

using doubletdetection[22]. 101 

After integration, the expression matrix was normalized by total counts and log1p- 102 

transformed. Using sample identity as the batch key, a total of 2,000 genes exhibiting the 103 

highest variability were retained for subsequent analysis. The raw count layer was then 104 

used as input to construct an SCVI model for batch correction and latent representation 105 

learning. Based on the X_scVI latent space, a nearest-neighbor graph was first established, 106 

clustering was then carried out using Leiden algorithm with a resolution parameter set to 107 

0.8. UMAP visualization was initialized using PAGA. Cell identities were assigned man- 108 

ually based on established canonical marker genes. 109 

2.3. Inference of copy-number variation 110 

Copy-number variation was inferred from raw single-cell transcriptomic count ma- 111 

trices using the inferCNV R package, version 1.26.0. Cell annotation information and gene 112 

genomic-position files were used to construct the inferCNV object, with all cells not anno- 113 

tated as tumor cells defined as normal reference cells. inferCNV was then run with a cutoff 114 

value of 0.1 to identify chromosomal amplification and deletion patterns, thereby assisting 115 

the discrimination of malignant cells. 116 

2.4. Trajectory analysis 117 

Trajectory inference and pseudotime analysis of malignant cells from GBM samples 118 

were performed using Monocle3, version 1.4.26[23], to characterize dynamic cell-state 119 

transitions and evaluate the distribution of malignant subpopulations along the inferred 120 

trajectory. A cell_data_set object was first generated using the expression matrix together 121 

with cell and gene annotation information. Batch effects were removed using the 122 

align_cds function, followed by dimensionality reduction and clustering based on UMAP. 123 

The cellular developmental trajectory was subsequently inferred using the 124 

learn_graph function, followed by pseudotime ordering of cells with the order_cells func- 125 

tion. Finally, trajectory visualization was performed using the built-in Monocle3 plotting 126 

functions. Dynamic expression patterns of metabolism-related genes along pseudotime 127 

were further visualized as heatmaps using ClusterGVis, version 0.99.9[24]. 128 

2.5. Cell–cell communication analysis 129 

Cell–cell communication patterns within the scRNA-seq dataset were investigated 130 

using CellChat (version 2.2.0) [25]. CellChat objects were generated using the gene expres- 131 

sion matrix together with the corresponding cell-type annotation data. CellChatDB.hu- 132 

man was used as the ligand–receptor reference database. Overexpressed ligand–receptor 133 

http://www.ncbi.nlm.nih.gov/geo/
https://xena.ucsc.edu/
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pairs were identified, and intercellular communication probabilities were calculated ac- 134 

cording to the standard CellChat workflow. 135 

Communication events involving cell populations with fewer than 10 cells were fil- 136 

tered out. Communication networks were then inferred and aggregated at the signalling- 137 

pathway level. Finally, communication patterns between AAMGs-high or AAMGs-low 138 

tumor cells and other cellular populations were compared. 139 

2.6. Virtual knockout analysis 140 

To evaluate the transcriptomic consequences of BSG perturbation, we performed an 141 

in silico virtual knockout analysis using the machine-learning-based scTenifoldKnk 142 

framework, which is specifically designed for single-cell RNA-sequencing data[26]. To 143 

further explore the functional associations among genes affected by scTenifoldKnk–based 144 

virtual knockout, a protein–protein interaction network was constructed based on the 145 

STRING database and subsequently visualized using Cytoscape.[27,28]. 146 

Module detection within the PPI network was carried out by means of MCODE to 147 

identify densely connected functional subnetworks[29]. CytoHubba was subsequently 148 

utilized to compute topological metrics for network nodes and to identify candidate hub 149 

genes.[30]. 150 

2.7. Cell2location-based deconvolution of spatial transcriptomes 151 

Cell2location, version 0.1.5, was used to deconvolve spatial transcriptomic data by 152 

projecting single-cell transcriptomic signatures onto spatial transcriptomic profiles[31]. 153 

The model was run for 30,000 iterations to achieve convergence and to estimate the prob- 154 

ability distribution of cell-type composition across spatial spots. 155 

Through integration of the scRNA-seq reference with spatial transcriptomic data, the 156 

model efficiently mitigated technical variability while maintaining intrinsic biological sig- 157 

nals, thereby facilitating high-resolution delineation of cell-type-specific spatial distribu- 158 

tions within tumor tissues. 159 

2.8. Pathway activity inference and spatial interaction analysis 160 

To explore spatially resolved intercellular interactions, we used COMMOT, version 161 

0.0.3, to infer spatial communication based on ligand–receptor expression and spatial co- 162 

ordinates[32]. The analysis used CellChatDB as the ligand–receptor reference and focused 163 

on the CypA/PPIA–BSG signalling axis across multiple spatial transcriptomic samples. 164 

Communication directionality, inter-cluster communication networks and associated 165 

downstream gene changes were evaluated. 166 

Results from COMMOT were analyzed across datasets to determine reproducible 167 

communication patterns and potential tissue-specific differences. Pathway activity infer- 168 

ence was performed using the decoupler package in Python, version 2.1.4. Based on the 169 

human PROGENy model, pathway activity scores for each spatial location were calcu- 170 

lated using the univariate linear model method. 171 

2.9. Machine-learning prognostic modelling 172 

To assess the prognostic value of arachidonic acid metabolism-related genes, the 173 

TCGA-GBM cohort was served as the training set, whereas the GSE83300 and GSE7696 174 

cohorts were used as external validation sets. We used 63 arachidonic acid metabolism- 175 

related genes as candidate features for survival model construction. 176 

Prognostic prediction models were constructed and subsequently evaluated in com- 177 

parison using the R package Mime1 (v0.0.0.9000)[33,34], which provides an integrated 178 

framework of ten different machine-learning algorithms for survival analysis. A total of 179 

101 algorithm combinations were evaluated, and the StepCox[both] + RSF model was se- 180 

lected as the optimal model based on overall predictive performance. The final model was 181 

applied to compute an individual risk score for each patient, and patients in each cohort 182 
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were allocated to high-risk and low-risk groups according to the median risk score. Dif- 183 

ferences in overall survival between the two groups were evaluated by constructing 184 

Kaplan–Meier survival curves. 185 

2.10. Molecular docking 186 

Molecular docking simulations were carried out with AutoDock Vina[35,36]. The re- 187 

ceptor structure was based on the AlphaFold-predicted BSG protein model. The docking 188 

box was centred at x = 2.730, y = 20.750 and z = 8.270, with the box dimensions set to 20.0 189 

Å  along the x, y and z axes. 190 

After docking, ligand conformations were ranked according to the Vina binding af- 191 

finity score. Hydrogen bonds and hydrophobic interactions between the receptor and lig- 192 

and were visualized and analysed using PyMOL. 193 

2.11. Molecular dynamics simulation 194 

Molecular dynamics simulations were performed using GROMACS[37,38]. The pro- 195 

tein was parameterized using the CHARMM36m force field, and ligand parameters were 196 

generated using CGenFF[39-41]. After solvation and ion neutralization, the system first 197 

underwent energy minimization, after which it was equilibrated under NVT ensemble 198 

conditions for 1 ns, followed by a 2 ns equilibration under NPT ensemble at 300 K. Pro- 199 

duction simulations were then performed for 50 ns with a time step of 2 fs. The structural 200 

stability of the protein–ligand complex was evaluated on the basis of root-mean-square 201 

deviation, root-mean-square fluctuation, and the radius of gyration analyses. 202 

2.12. Cell culture 203 

U87, LN229, and A172 human glioblastoma cells were maintained in DMEM contain- 204 

ing 10% fetal bovine serum together with 1% penicillin–streptomycin. Cell cultures were 205 

incubated at 37 °C in a humidified atmosphere supplemented with 5% CO₂. The culture 206 

medium was replaced every two days. Cells at the exponential growth stage were selected 207 

for subsequent drug exposure and functional analyses. 208 

2.13. Cytotoxicity assay 209 

Cell viability was assessed using the Cell Counting Kit-8 assay. Cells from the U87, 210 

LN229, and A172 lines were distributed into 96-well plates, with 1 × 10⁴ cells seeded in 211 

each well. After culture in serum-free medium for 24 h, cells were exposed to Venetoclax 212 

at concentrations ranging from 0.1 μM to 100 μM (0.1, 0.5, 1, 5, 10, 50 and 100 μM) for a 213 

duration of 48 h. 214 

The culture medium was subsequently refreshed by adding 10 μL of CCK-8 reagent 215 

to the new medium, the cells were then maintained at 37 °C for a 2-hour incubation period. 216 

Measurements of absorbance at 450 nm were obtained using a microplate reader to eval- 217 

uate changes in cell viability under different treatment conditions. 218 

2.14. Western blotting 219 

Total cellular proteins were extracted using RIPA lysis buffer supplemented with 220 

protease and phosphatase inhibitors. A BCA protein assay kit was employed to quantify 221 

protein concentration, after which the samples were mixed with loading buffer and boiled 222 

for 10 min before further processing. 223 

A total of 10 μg protein per lane was electrophoresed on SDS–PAGE (10% resolving, 224 

5% stacking gels) and then blotted onto polyvinylidene fluoride membranes. Following 225 

blocking with 5% non-fat milk at room temperature for 2 h, the membranes were subse- 226 

quently incubated with primary antibodies overnight at 4 °C. After overnight incubation, 227 

membranes were rinsed three times in TBST buffer and subsequently exposed to second- 228 

ary antibodies for 2 h at room temperature. Immunoreactive bands were detected by en- 229 

hanced chemiluminescence and recorded using a GS-700 imaging densitometer. The re- 230 

sulting images were used for protein band quantification. 231 
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2.15. Statistical analysis 232 

Most statistical computations were performed using R (4.5.2) and Python (3.9) with 233 

appropriate packages. The comparison of overall survival between high- and low-risk 234 

groups in both cohorts was performed using Kaplan–Meier survival analysis with the log- 235 

rank test. The predictive performance of the prognostic model was primarily assessed us- 236 

ing the concordance index. 237 

Continuous variables between the two groups were evaluated using the non-para- 238 

metric Wilcoxon rank-sum test. Correlation analyses were performed using Spearman’s 239 

rank correlation test. Spatial autocorrelation was assessed using Moran’s I statistic. All 240 

analyses were conducted using two-tailed statistical tests, with a P value below 0.05 or an 241 

FDR less than 0.05 regarded as indicative of statistical significance. 242 

3. Results 243 

3.1. Integrated single-cell transcriptomic analysis reveals the cellular landscape and malignant- 244 

state heterogeneity of GBM 245 

An overview of the study design is presented schematically in Figure 1. We inte- 246 

grated four publicly available GBM single-cell transcriptomic cohorts, including 247 

GSE103224, GSE138794, GSE139448 and GSE230389. After standardized quality control, 248 

35,374 cells from 11 patients were retained for downstream analysis. 249 

Following scVI-based batch correction and marker-gene-based annotation, ten major 250 

cellular populations were identified. These included macrophages, marked by CD68 and 251 

CD163, accounting for 3.52% of all cells; microglia, marked by CX3CR1 and TMEM119, 252 

accounting for 4.35%; lymphocytes, marked by CD3D and NKG7, accounting for 0.78%; 253 

endothelial cells, marked by VWF and PECAM1, accounting for 1.15%; GBM-associated 254 

endothelial cells, marked by COL1A2 and RGS5, accounting for 0.83%; and oligodendro- 255 

cytes, marked by MOG and MAG, accounting for 0.98%. 256 

Four malignant cellular states were further identified, including MES-like cells, 257 

marked by ADM and CHI3L1, accounting for 13.97%; AC-like cells, marked by GFAP and 258 

AQP4, accounting for 43.50%; OPC-like cells, marked by PDGFRA and OLIG1, accounting 259 

for 28.18%; and NPC-like cells, marked by DCX and CD24, accounting for 2.73% (Figure 260 

2A–E). The composition of malignant cells varied markedly across patients (Figure 2F), 261 

underscoring the extensive inter-patient heterogeneity of GBM. In addition, inferCNV 262 

analysis revealed recurrent chromosome 7 amplification and chromosome 10 deletion in 263 

tumor cells (Figure 2G), supporting the reliability of cell annotation and malignant-cell 264 

identification. 265 
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    266 

Figure 1.Flow chart of this study. 267 
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 268 

Figure 2. (A–C) UMAP visualization of 35,374 cells integrated from four GBM single-cell RNA-seq 269 

datasets, colored according to sample origin, Leiden clustering, and annotated cell identity, respec- 270 

tively. Ten major cellular populations were identified, including MES-like, AC-like, OPC-like, and 271 

NPC-like malignant cells, as well as microglia, macrophages, lymphocytes, endothelial cells, GBM- 272 

associated endothelial cells, and oligodendrocytes. (D) Dot plot was used to visualize the expression 273 

profiles of representative marker genes across the annotated cell populations. In this representation, 274 

the dot size corresponds to the fraction of cells expressing a given gene, while the color intensity 275 

reflects its mean expression level. (E) Pie chart summarizing the overall proportions of each cell type 276 

in the integrated GBM single-cell dataset. (F) Stacked bar plot displaying the relative abundance of 277 

different cell populations across individual patient samples, highlighting marked inter-sample het- 278 

erogeneity in cellular composition. (G) Copy number variation profiles inferred by inferCNV, show- 279 

ing relative chromosomal alterations in tumor cells compared with non-malignant reference cells; 280 

red indicates copy number gain and blue indicates copy number loss, supporting the identification 281 

of malignant cell populations. 282 

 283 

3.2. Arachidonic acid metabolism is enriched in MES-like cells and associated with PN–MES 284 

state transition 285 

Using 63 arachidonic acid metabolic genes derived from the KEGG hsa00590 path- 286 

way, we calculated module scores for malignant cells and found that AA metabolic activ- 287 

ity exhibited marked cell-state dependence. Among the malignant populations, MES-like 288 

cells showed the highest AA metabolism score (Figure 3A). 289 

Malignant cells were then stratified into AAMGs-high and AAMGs-low groups ac- 290 

cording to the median score of arachidonic acid metabolic genes. Differential expression 291 

analysis revealed broad transcriptomic differences between these two groups (Figure 3B). 292 

Monocle3-based pseudotime analysis further showed that tumor cells followed a global 293 
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trajectory from early Neural progenitor cell-like (NPC-like) and Oligodendrocyte progen- 294 

itor cell-like (OPC-like) states towards terminal Astrocyte-like (AC-like) and MES-like 295 

states (Figure 3C–E), consistent with the previously described PN–MES state transi- 296 

tion[42]. 297 

Notably, key enzymes involved in AA metabolism, including PLA2G4A, PTGS1, 298 

PTGS2, ALOX5 and CYP2J2, displayed dynamic expression changes along this transition 299 

trajectory, as shown in the heatmap (Figure 3F). These findings suggest that AA metabolic 300 

reprogramming is closely coupled with PN–MES-related malignant-state evolution in 301 

GBM. 302 

 303 

Figure 3. Distribution and dynamic changes of arachidonic acid metabolic activity during malignant 304 

cell-state transition in GBM. (A) Violin plots show arachidonic acid metabolism-related gene scores 305 

across malignant cell subpopulations, with MES-like cells displaying relatively higher metabolic 306 

activity. (B) Volcano plot showing differentially expressed genes between AAMGs-high and 307 

AAMGs-low malignant cells; red indicates genes upregulated in the AAMGs-high group, blue in- 308 

dicates genes upregulated in the AAMGs-low group, and grey indicates non-significant genes. (C) 309 
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Monocle3-based pseudotime analysis showing the state progression of malignant cells in UMAP 310 

space. (D) Distribution of AAMGs-high and AAMGs-low malignant cells along the pseudotime tra- 311 

jectory, suggesting a transition from an earlier AAMGs-low state toward an AAMGs-high state. (E) 312 

Localization of AC-like, MES-like, NPC-like, and OPC-like malignant cell states within the same 313 

trajectory space, indicating progression from earlier NPC-like/OPC-like states toward AC-like/MES- 314 

like states. (F) Heatmap showing pseudotime-dependent expression patterns of representative 315 

genes, including arachidonic acid metabolism-related genes and cell-state marker genes; red indi- 316 

cates relatively high expression, and blue indicates relatively low expression. 317 

 318 

3.3. Cell–cell communication analysis identifies the PPIA–BSG axis as a candidate mediator of 319 

high-AA-metabolism mesenchymal niches 320 

CellChat analysis revealed that AAMGs-high tumor cells displayed more active com- 321 

munication networks with endothelial cells, macrophages and microglia. Among the de- 322 

tected ligand–receptor interactions, PPIA–BSG signalling was consistently identified only 323 

in the AAMGs-high group, whereas comparable communication activity was not ob- 324 

served in the AAMGs-low group (Figure 4A–C). This finding suggests that the BSG-asso- 325 

ciated signalling axis may be closely linked to tumor–microenvironment interactions un- 326 

der a high-AA-metabolism state. 327 

To further evaluate the regulatory relevance of BSG, we performed scTenifoldKnk- 328 

based virtual knockout of BSG. After BSG perturbation, the inferred regulatory network 329 

showed changes in multiple MES- and invasion-related genes and functional modules 330 

(Figure 4D), indicating that BSG may be associated with mesenchymal-like transcriptional 331 

features and microenvironmental interactions in AAMGs-high tumor cells. 332 

A protein–protein interaction network was then constructed via STRING using genes 333 

perturbed after BSG virtual knockout. The resulting network exhibited a clear modular 334 

architecture. Subsequent Cytoscape-based analysis identified several core modules and 335 

hub nodes (Figure 4E–G). These modules were mainly involved in transcriptional regula- 336 

tion and mitochondrial metabolism-related processes, further suggesting that the regula- 337 

tion of AAMGs-high tumor-cell states and their microenvironmental interactions may be 338 

mediated, at least in part, by BSG. 339 
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 340 

Figure 4. Cell-cell communication associated with the high arachidonic acid metabolic state and 341 

BSG perturbation analysis. (A) Overall communication networks inferred by CellChat between 342 

AAMGs-high or AAMGs-low malignant cells and cells in the tumor microenvironment; The panel 343 

on the left depicts the number of interactions, whereas the one on the right illustrates the corre- 344 

sponding interaction strength.(B) Bubble plot showing representative ligand-receptor interactions 345 

from different sender cell types toward AAMGs-high or AAMGs-low malignant cells; dot color in- 346 

dicates communication probability, and dot size indicates statistical significance. PPIA-BSG signal- 347 

ing was mainly detected in AAMGs-high-associated communication. (C) Chord diagram further 348 

displaying communication relationships among AAMGs-high or AAMGs-low malignant cells and 349 

endothelial cells, GBM-associated endothelial cells, lymphocytes, macrophages, microglia, and oli- 350 

godendrocytes. (D) Top 25 downregulated genes after scTenifoldKnk-based virtual BSG knockout; 351 

red indicates mesenchymal-related genes, and blue indicates other genes. (E-G) Protein-protein in- 352 

teraction networks and core module analysis based on BSG perturbation-associated genes, showing 353 

that transcriptional regulation and mitochondrial metabolism-related modules may contribute to 354 

BSG-associated regulation of malignant cell states. 355 

 356 
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3.4. Spatial transcriptomic mapping shows co-localization of AAMGs-high tumor cells with 357 

MES-like regions 358 

To validate these findings at the spatial level, we mapped the single-cell reference 359 

atlas onto GBM spatial transcriptomic sections. Cell2location-based deconvolution re- 360 

vealed marked heterogeneity in cellular composition and metabolic niches within tumor 361 

tissues. 362 

Across most sections, regions enriched for AAMGs-high tumor cells demonstrated a 363 

strong positive spatial association with MES-like cell distribution and displayed evident 364 

co-localization. In contrast, regions with relatively low AA metabolic activity were more 365 

frequently associated with enrichment of NPC-like or OPC-like cells (Figure 5A–J). These 366 

results indicate that AA metabolic activation is not a diffuse event across GBM tissues, but 367 

rather represents a spatially organized feature co-localized with mesenchymal-like tumor 368 

regions. 369 

                           370 

Figure 5. Spatial transcriptomic analysis shows heterogeneous spatial distributions of AAMGs- 371 

high/AAMGs-low malignant cells and MES-like, AC-like, OPC-like, and NPC-like cell states across 372 

ten GBM samples, with AAMGs-high regions co-localizing with MES-like-enriched areas in most 373 

samples, suggesting a close association between arachidonic acid metabolic activation and mesen- 374 

chymal-like malignant tumor niches. 375 

 376 

3.5. Spatial analysis links the PPIA–BSG-associated niche to LOX-branch activation and inflam- 377 

matory–hypoxic programmes 378 

Given the relatively clear spatial stratification of tumor cells in the GSM5833537 sam- 379 

ple, we further applied COMMOT to characterize PPIA–BSG-mediated communication in 380 

this section (Figure 6A). PPIA and BSG were markedly enriched in specific tumor regions 381 

(Figure 6B). COMMOT-dependent differential gene-expression analysis further showed 382 

that, among AA metabolism-related molecules associated with this communication pro- 383 

gramme, ALOX5, LTC4S, GGT5 and PTGDS were upregulated, whereas AKR1C3 was 384 
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downregulated (Figure 6C). These changes suggest that, within specific spatial niches, the 385 

PPIA–BSG axis may be associated with activation of the LOX branch and partial remod- 386 

elling of prostaglandin metabolism, thereby shaping a local microenvironment character- 387 

ized by high AA metabolic activity. 388 

We next inferred pathway activity across spatial spots using PROGENy. Using Mo- 389 

ran’s I, we observed significant spatial autocorrelation in NF-κB, Hypoxia, AA metabo- 390 

lism and BSG expression, with the strongest spatial clustering observed for NF-κB and 391 

Hypoxia (NF-κB: I = 0.579; Hypoxia: I = 0.286; both FDR = 0; Figure 6D,E). A significant 392 

positive correlation between NF-κB and Hypoxia was further identified through correla- 393 

tion analysis, whereas their relationships with BSG expression and AA metabolism were 394 

more complex. Together, these results suggest that PPIA–BSG-associated niches are cou- 395 

pled with inflammatory and hypoxic transcriptional programmes and may contribute to 396 

AA metabolic reprogramming in GBM. 397 

                               398 
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Figure 6. Spatial transcriptomic analysis reveals coupling between PPIA-BSG-associated niches and 399 

inflammatory-hypoxic programs. (A) Spatial distributions of AAMGs-high and AAMGs-low ma- 400 

lignant cells, as well as lymphocytes, oligodendrocytes, microglia, macrophages, endothelial cells, 401 

and GBM-associated endothelial cells in the GSM5833537 sample. (B) COMMOT-inferred direction 402 

and intensity of PPIA-BSG spatial communication. (C) Heatmap of differentially expressed genes 403 

associated with PPIA-BSG spatial communication, showing expression changes in genes related to 404 

arachidonic acid metabolism and microenvironmental remodeling across spatial regions. (D) Spa- 405 

tial distribution of NF-κB pathway activity in the tissue section. (E) Spatial distribution of hypoxia 406 

pathway activity in the tissue section. Together, these results indicate that PPIA-BSG-associated 407 

communication is enriched in AAMGs-high malignant cells and adjacent microenvironmental re- 408 

gions, forming a high-metabolic mesenchymal-like malignant niche coupled with LOX-branch ara- 409 

chidonic acid metabolic remodeling, inflammatory activation, and hypoxic signaling. 410 

 411 

3.6. Arachidonic acid metabolism-related gene signatures enable robust prognostic stratification 412 

in GBM 413 

To evaluate the prognostic relevance of AA metabolism at the patient level, we used 414 

63 AAMGs as candidate features and developed 101 machine-learning survival models in 415 

bulk RNA-sequencing cohorts, using TCGA-GBM as the training set and GSE7696 and 416 

GSE83300 as validation sets. Based on the average concordance index, the StepCox[both] 417 

+ RSF model achieved the best overall performance, with a mean Concordance index (C- 418 

index) of approximately 0.700 in the training cohort and 0.605 in the validation cohorts 419 

(Figure 7A). 420 

Variable-importance analysis identified 11 core genes in the final model: ALOXE3, 421 

ALOX5, PTGIS, PLA2G5, CBR1, ALOX15B, CYP2E1, PTGS1, PLA2G2E, CYP2J2 and 422 

PLA2G1B (Figure 7B). Based on Kaplan–Meier survival analysis, patients classified as 423 

high risk showed markedly poorer outcomes compared to the low-risk group across both 424 

cohorts, with significant divergence of survival curves  (P < 0.05; Figure 7C–E). The 425 

model robustly stratified patients into high- and low-risk groups and outperformed pre- 426 

viously reported GBM prognostic models in TCGA and GSE7696. However, in GSE83300, 427 

the model did not show a clear advantage over existing models (Figure 7F). 428 
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Figure 7. Construction and validation of a machine learning prognostic model based on arachidonic 430 

acid metabolism-related genes. (A) C-index comparison of 101 machine learning combinations us- 431 

ing TCGA-GBM as the training cohort and GSE83300 and GSE7696 as validation cohorts, leading to 432 

the selection of the StepCox[both] + RSF model. (B) Variable importance of the 11 core genes in- 433 

cluded in the final model, including ALOXE3, ALOX5, PTGIS, PLA2G5, CBR1, ALOX15B, CYP2E1, 434 

PTGS1, PLA2G2E, CYP2J2, and PLA2G1B. (C-E) Kaplan-Meier survival curves for high- and low- 435 

risk groups in the TCGA, GSE83300, and GSE7696 cohorts, showing poorer overall survival in the 436 

high-risk group. (F) C-index comparison between the present model and published GBM prognostic 437 

models across different cohorts, indicating favorable risk-stratification ability and external valida- 438 

tion performance. 439 

 440 
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3.7. Virtual screening identifies Venetoclax as a candidate compound targeting BSG 441 

Using the AlphaFold-predicted BSG protein structure, we defined a docking pocket 442 

around the binding region reported in the literature and performed virtual screening with 443 

the TargetMol U.S. Food and Drug Administration (FDA)-approved small-molecule drug 444 

library (L4200). The Vina docking box was centred at coordinates x = 2.73, y = 20.75 and z 445 

= 8.27, with each box dimension set to 20 Å  (Figure 8A). 446 

Based on binding affinity and docking-pose plausibility, six representative candidate 447 

compounds were selected: Entrectinib, Lenacapavir, Lumacaftor, Nilotinib, Vazegepant 448 

and Venetoclax (Figure 8B–G). Considering binding energy, docking conformation, 449 

pocket compatibility and feasibility for downstream validation, Venetoclax was ulti- 450 

mately selected for further investigation. Its best-ranked docking pose showed a binding 451 

affinity of −7.7 kcal mol⁻¹ (Table 1). Conformational visualization indicated that Veneto- 452 

clax could be accommodated within the BSG pocket, providing a structural basis for sub- 453 

sequent molecular dynamics analysis and in vitro functional validation. 454 
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Figure 8. Structure-based virtual screening of BSG and docking conformations of candidate small 456 

molecules. (A) AlphaFold-predicted BSG protein structure and the molecular docking search region, 457 

with the green box indicating the Vina docking box. (B-G) Docking conformations of six representa- 458 

tive candidate compounds within the BSG binding pocket, including Entrectinib, Lenacapavir, Lu- 459 

macaftor, Nilotinib, Vazegepant, and Venetoclax, with the green stick structures representing the 460 

small-molecule ligands. Overall, the results show that Venetoclax can fit into the BSG binding region, 461 

providing a structural basis for subsequent molecular dynamics simulations and in vitro functional 462 

validation. 463 

Table 1. Molecular docking results of venetoclax (DrugBank ID: DB11581) against BSG (UniProtKB 464 

isoform ID: P35613-2; AlphaFold3-predicted structure). 465 
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Mode Affinity RMSD_lb RMSD_ub 

1 -7.7 0 0 

2 -7.31 4.013 12.264 

3 -7.194 4.027 12.472 

4 -7.152 6.042 11.789 

5 -7.128 4.156 6.985 

6 -7.087 3.818 6.393 

7 -7.07 1.556 2.238 

8 -7.059 1.91 2.558 

9 -6.837 3.932 13.096 

 466 

3.8. Molecular dynamics simulations support stable binding between Venetoclax and BSG 467 

To assess the stability of the docking result, we performed molecular dynamics sim- 468 

ulations of both apo BSG and the holo BSG–Venetoclax complex. After an initial confor- 469 

mational adjustment during the first approximately 10 ns, the RMSD of both systems 470 

gradually reached a relatively stable plateau (Figure 9A). The overall RMSD of the com- 471 

plex was maintained mainly within approximately 1.2–1.5 nm, with only transient in- 472 

creases during limited intervals, suggesting that the BSG–Venetoclax complex retained 473 

favourable global structural stability within the analysed time window. 474 

RMSF analysis showed that structural fluctuations were mainly concentrated at the 475 

protein termini and selected flexible loop regions, whereas most core regions exhibited 476 

relatively limited fluctuations (Figure 9B). Radius of gyration analysis indicated moderate 477 

conformational contraction and expansion during the simulation, without persistent 478 

structural destabilization (Figure 9C). Free-energy landscape analysis identified a domi- 479 

nant low-energy basin and showed no marked conformational transition (Figure 9D,E), 480 

supporting relatively stable thermodynamic behaviour of the complex. These findings 481 

should nevertheless be interpreted as computational evidence and require further valida- 482 

tion through biochemical binding assays and functional experiments. 483 

                              484 

Figure 9. Molecular dynamics simulation analysis of the BSG-Venetoclax complex. (A) RMSD 485 

changes of the apo BSG and holo BSG-Venetoclax systems during the 0-50 ns simulation, used to 486 
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evaluate overall conformational stability. (B) C-alpha RMSF curves showing local flexibility differ- 487 

ences across BSG residues. (C) Time-dependent radius of gyration reflecting dynamic fluctuations 488 

in protein compactness. (D-E) Two-dimensional and three-dimensional Gibbs free energy land- 489 

scapes constructed from principal components PC1 and PC2, showing a major low-energy confor- 490 

mational region for the BSG-Venetoclax complex and supporting its relatively stable binding state 491 

during the simulation. 492 

 493 

3.9. Venetoclax suppresses GBM cell viability and attenuates mesenchymal-like features 494 

The effect of Venetoclax on GBM cell viability was further evaluated using CCK-8 495 

assays. Venetoclax exerted dose-dependent inhibitory effects on U87 and A172 cells, with 496 

a mild but significant reduction in cell viability already observed at 10 μM. In contrast, 497 

LN229 cells showed no significant change at 10 μM. At concentrations of 50 μM and above, 498 

cell viability was markedly reduced in all three GBM cell lines (Figure 10A–C). 499 

In U87 cells, 10 μM Venetoclax treatment resulted in a modest but significant de- 500 

crease in cell viability compared with the DMSO control group, as reflected by the 450- 501 

nm optical density values (DMSO control = 2.726 ± 0.191; Venetoclax 10 μM = 2.291 ± 0.061; 502 

P = 0.0197; Figure 10A). In A172 cells, 10 μM Venetoclax similarly reduced cell viability 503 

relative to DMSO control (DMSO control = 3.117 ± 0.065; Venetoclax 10 μM = 2.594 ± 0.112; 504 

P = 0.0022; Figure 10B). In LN229 cells, however, 10 μM Venetoclax did not induce a sta- 505 

tistically significant change in cell viability (DMSO control = 3.412 ± 0.022; Venetoclax 10 506 

μM = 3.209 ± 0.183; P = 0.1282; Figure 10C). Based on these results, 10 μM was selected as 507 

the concentration for subsequent mechanistic experiments. 508 

Western blot analysis further showed that treatment with 10 μM Venetoclax for 48 h 509 

reduced the expression of the Epithelial–mesenchymal transition (EMT)-related marker 510 

VIM in U87 cells (Figure 10D). Together with the single-cell and spatial transcriptomic 511 

findings, these results suggest that Venetoclax may interfere with BSG-associated signal- 512 

ling and thereby attenuate mesenchymal-like and inflammatory activation states in GBM 513 

cells. 514 

 515 
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Figure 10. Effects of Venetoclax on GBM cell viability and mesenchymal-like marker expression. (A- 516 

C) CCK-8 assays showing changes in cell viability of U87, A172, and LN229 cells after treatment 517 

with different concentrations of Venetoclax. Venetoclax showed dose-dependent inhibitory effects 518 

on U87 and A172 cells and significantly reduced the viability of all three GBM cell lines at higher 519 

concentrations. (D) Western blotting showed decreased VIM protein expression in U87 cells after 520 

treatment with 10 μM Venetoclax for 48 h, suggesting that Venetoclax may attenuate mesenchy- 521 

mal-like features in GBM cells. ns, not significant; * P < 0.05; ** P < 0.01; **** P < 0.0001 522 

4. Discussion 523 

Glioblastoma (GBM) is characterized by marked cell-state plasticity, metabolic heter- 524 

ogeneity and microenvironmental complexity, which together form the biological basis of 525 

its aggressive behaviour and therapeutic resistance. With the development of single-cell 526 

and spatial omics technologies, GBM research has progressively shifted from a focus on 527 

tumor-intrinsic molecular alterations alone towards a systems-level understanding of tu- 528 

mor-cell state transitions, metabolic reprogramming and their interactions with the tumor 529 

microenvironment[43]. 530 

The proneural-to-mesenchymal (PN–MES) transition in GBM is not a single molecu- 531 

lar event, but rather a cell-state reprogramming process jointly driven by tumor-intrinsic 532 

transcriptional regulation, therapeutic pressure and microenvironmental cues[3]. Ver- 533 

haak et al. first established transcriptome-based molecular subtypes of GBM, laying the 534 

foundation for the study of proneural and mesenchymal phenotypes[2]. Bhat et al. further 535 

demonstrated that a subset of proneural glioma stem-like cells can transition towards a 536 

mesenchymal state in a TNF-α/NF-κB-dependent manner, accompanied by CD44 enrich- 537 

ment and enhanced radioresistance, suggesting an important role for microenvironmental 538 

components such as macrophages and microglia in promoting this process[4]. Subsequent 539 

single-cell studies have further conceptualized GBM as a continuum of plastic cellular 540 

states, including NPC-like, OPC-like, AC-like and MES-like states, rather than as a collec- 541 

tion of discrete and static subtypes. These findings indicate that PN–MES transition is es- 542 

sentially a dynamic shift along a malignant cell-state axis under the combined influence 543 

of genetic background and external stimuli. 544 

In this study, we show that arachidonic acid (AA) metabolic reprogramming is not a 545 

diffuse background alteration in GBM, but rather a defining component of mesenchymal- 546 

associated malignant niches with clear spatial organization. Moreover, the PPIA–BSG sig- 547 

nalling axis may serve as a candidate interface linking a high-AA-metabolism state, mi- 548 

croenvironmental communication and the coupling of inflammatory and hypoxic tran- 549 

scriptional programmes. 550 

First, our findings suggest that AA metabolic reprogramming may constitute an in- 551 

tegral component of malignant-state evolution in GBM, rather than a passive by-product 552 

of tumor metabolism. By integrating four public GBM single-cell transcriptomic cohorts, 553 

we found that AA metabolism module scores differed markedly across malignant states, 554 

with the highest scores observed in MES-like cells and relatively lower scores in NPC-like 555 

and OPC-like states. This state-dependent pattern suggests that activation of AA metabo- 556 

lism may occur in parallel with PN–MES-related state transition and may contribute to 557 

the acquisition of more invasive and treatment-resistant phenotypes. 558 

This observation is consistent with previous evidence linking AA metabolism to mes- 559 

enchymal differentiation and therapeutic resistance in GBM[13,14]. Bhat et al. reported 560 

that mesenchymal differentiation in GBM is accompanied by NF-κB activation and in- 561 

creased radioresistance, and that COX-2 expression is associated with mesenchymal fea- 562 

tures and poor radiotherapy response[4,44-46]. Notably, more recent studies suggest that, 563 

compared with global changes in the COX axis, the lipoxygenase branch may be more 564 
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directly involved in shaping malignant GBM niches. The ALOX5/5-HETE axis is upregu- 565 

lated in glioma and can promote M2-like polarization of glioma-associated microglia/mac- 566 

rophages and PD-L1 expression, thereby contributing to an immunosuppressive micro- 567 

environment[47]. Conversely, inhibition of ALOX5 or other LOX-branch components can 568 

attenuate GBM cell growth, migration and treatment tolerance[16,48]. Together with the 569 

close association of the MES state with inflammatory amplification, myeloid-cell enrich- 570 

ment and hypoxia, these findings support the possibility that AA metabolism, particularly 571 

LOX-branch activation, provides an important metabolic basis for the establishment and 572 

maintenance of mesenchymal-like GBM states[5,49]. 573 

These results are also in line with the broader understanding of GBM mesenchymali- 574 

zation. Previous studies have shown that GBM cells can transition from proneural to- 575 

wards mesenchymal states under diverse microenvironmental stimuli, and that the MES 576 

subtype is typically associated with poorer prognosis, greater invasiveness and more pro- 577 

nounced immunosuppression[2-4,50]. This process is known to involve immune micro- 578 

environmental cells, transcription-factor networks, inflammatory mediators and environ- 579 

mental stress[9,51-54]. The distinction of the present study is that it further links this pro- 580 

cess to lipid metabolic reprogramming, suggesting that high AA metabolism may repre- 581 

sent a metabolic foundation of mesenchymal-associated malignant niches in GBM[13]. 582 

Beyond state-dependent metabolic features, we identified the PPIA–BSG axis as a 583 

candidate mechanism connecting the high-AA-metabolism state with microenvironmen- 584 

tal crosstalk. Biologically, BSG, also known as CD147, is a transmembrane glycoprotein 585 

associated with tumor invasion, anti-apoptotic capacity, and resistance to radiotherapy 586 

and chemotherapy[55-60]. PPIA is one of its canonical ligands and can mediate extracel- 587 

lular signal transduction in local inflammatory and stress-related contexts[61,62]. In this 588 

study, the PPIA–BSG axis appears to function as a key connecting node. On the one hand, 589 

it is associated with malignant tumor cells exhibiting a high-AA-metabolism state; on the 590 

other hand, it links these cells with a microenvironmental network composed of microglia, 591 

lymphocytes, oligodendrocytes, endothelial cells and GBM-associated endothelial cells. 592 

In this way, metabolic reprogramming, mesenchymal-like transcriptional programmes 593 

and inflammatory signalling may be integrated within the same local tumor niche. 594 

Another important contribution of this study is the extension of single-cell-level in- 595 

ference to the spatial tissue context. By mapping the single-cell reference atlas onto GBM 596 

spatial transcriptomic sections, we found that regions enriched in AAMGs-high tumor 597 

cells substantially overlapped with MES-like regions. AA metabolic remodelling in GBM 598 

also showed apparent branch specificity, characterized by LOX-branch activation and re- 599 

modelling of COX-branch metabolism. These findings indicate that AA metabolic activa- 600 

tion is not diffusely distributed across GBM tissues, but instead represents a regional fea- 601 

ture with clear spatial boundaries, consistent with the concept of a localized malignant 602 

metabolic niche. 603 

Further COMMOT-based analysis of PPIA–BSG communication showed that PPIA 604 

and BSG were synchronously enriched in AAMGs-high regions. These results suggest that 605 

AA metabolic reprogramming is not only cell-state dependent, but also spatially orga- 606 

nized. In other words, activation of distinct AA metabolic branches is not randomly dis- 607 

tributed, but is coupled with MES-like cell enrichment, enhanced PPIA–BSG communica- 608 

tion and local microenvironmental remodelling. 609 

Notably, PROGENy-based spatial pathway-activity inference further showed signif- 610 

icant spatial autocorrelation of NF-κB, Hypoxia, AA metabolism and BSG expression, 611 

with the most prominent clustering observed for NF-κB and Hypoxia. Together with the 612 

correlation analysis, these findings suggest that AAMGs-high/BSG-high regions are un- 613 

likely to be defined by lipid metabolic activation alone. Instead, they may represent com- 614 

posite niches jointly shaped by inflammation, hypoxia and metabolic reprogramming. 615 
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Given that hypoxia can drive lipid metabolic adaptation and promote invasion-associated 616 

transcriptional programmes, while NF-κB is a central hub connecting inflammatory stim- 617 

ulation with tumor progression, our results suggest that PPIA–BSG-associated niches may 618 

promote a local shift towards a more invasive and therapy-resistant mesenchymal-like 619 

state by coupling inflammatory and hypoxic programmes with abnormal AA metabolism. 620 

Compared with a simple description of metabolic differences, this spatial evidence pro- 621 

vides more direct tissue-level support for the potential coupling between metabolic state, 622 

cell–cell communication and niche architecture. 623 

At the translational level, our study further indicates that AA metabolism-related 624 

features may have patient-level prognostic value. Using 63 AAMGs, we constructed and 625 

compared 101 machine-learning survival models in the TCGA-GBM training cohort and 626 

the GSE7696 and GSE83300 validation cohorts, ultimately identifying an optimal model 627 

composed of 11 core genes. Kaplan–Meier survival curves indicated that patients classi- 628 

fied into the high-risk subgroup exhibited markedly worse overall survival in both the 629 

training and validation cohorts, suggesting that AA metabolism-related programmes are 630 

not only present in local malignant states at the single-cell and spatial levels, but can also 631 

be captured as a stable prognostic feature at the whole-patient level. 632 

The risk-stratification capacity of this model may not depend on the effect of any 633 

single metabolic molecule. Rather, it probably reflects integrated biological information 634 

across multiple dimensions, including tumor-cell state, local microenvironmental interac- 635 

tions and spatial heterogeneity. In this sense, AA metabolism-related features may pro- 636 

vide a more integrative indicator of GBM aggressiveness than single-molecule biomarkers. 637 

However, the performance of the model varied across external validation cohorts, 638 

particularly in GSE83300, where it did not show a clear advantage over previously re- 639 

ported models. This finding indicates that although AA metabolism-related prognostic 640 

modelling has potential clinical utility, its generalizability across different platforms, pop- 641 

ulations and molecular backgrounds requires further validation in larger and preferably 642 

prospective cohorts. In addition, bulk RNA-based models cannot fully distinguish signals 643 

derived from malignant cells from those originating in the microenvironment[63]. Future 644 

integration with spatial subtyping, single-cell deconvolution and digital pathology fea- 645 

tures may improve the robustness and biological interpretability of such models. 646 

In addition to mechanistic inference and risk assessment, we preliminarily explored 647 

the druggability of the BSG-associated signalling axis through drug repurposing[64,65]. 648 

We selected an FDA-approved drug library for virtual screening because drug repurpos- 649 

ing offers practical advantages for translational research in GBM[66-68]. Compared with 650 

de novo drug development, approved drugs generally have clearer safety profiles, phar- 651 

macokinetic information and clinical-use experience, which may shorten the translational 652 

timeline and reduce development risk. Previous reviews have also suggested that drug 653 

repurposing represents one of the more feasible strategies for therapeutic development in 654 

GBM. 655 

Based on virtual screening of an FDA-approved small-molecule library and the Al- 656 

phaFold-predicted BSG structure, we identified Venetoclax as a potential candidate com- 657 

pound. Venetoclax showed a favourable docking score with BSG, and molecular dynam- 658 

ics analysis further suggested a certain degree of conformational stability of the BSG–Ve- 659 

netoclax complex. In vitro experiments showed that higher concentrations of Venetoclax 660 

significantly suppressed the viability of U87, A172 and LN229 cells. Western blot analysis 661 

further showed decreased expression of mesenchymal markers such as VIM after Veneto- 662 

clax treatment, suggesting that Venetoclax may partially attenuate the mesenchymal-like 663 

phenotype of GBM cells. These results are directionally consistent with the single-cell and 664 
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spatial transcriptomic analyses, suggesting that Venetoclax may suppress mesenchymali- 665 

zation and inflammatory activation states in GBM cells by interfering with BSG-associated 666 

signalling networks. 667 

Nevertheless, these findings should be interpreted cautiously. First, although the in 668 

vitro inhibitory effect of Venetoclax is consistent with the direction of the single-cell and 669 

spatial transcriptomic inferences, the current data only suggest that Venetoclax may affect 670 

BSG-associated niches; they do not establish Venetoclax as a direct or specific BSG inhib- 671 

itor. Second, Venetoclax has a complex and well-established pharmacological background, 672 

and its effects on cell viability and EMT- or inflammation-related markers may not be 673 

mediated solely through BSG. Therefore, at the current stage, Venetoclax should be re- 674 

garded as a candidate intervention molecule with potential exploratory value rather than 675 

a validated BSG-targeting drug. Future studies incorporating biophysical binding assays, 676 

BSG-dependent rescue experiments and in vivo models are required to clarify the direct- 677 

ness and specificity of Venetoclax against the BSG-associated signalling axis. 678 

This study has several limitations. First, the single-cell, spatial transcriptomic and 679 

bulk transcriptomic cohorts were mainly obtained from public databases. Differences in 680 

sample origin, sequencing platform and clinical background may have introduced retro- 681 

spective bias. Second, the PPIA–BSG axis was identified primarily through cell–cell com- 682 

munication inference, spatial co-localization and virtual knockout analysis, and therefore 683 

still lacks direct support from ligand–receptor blocking assays and biochemical binding 684 

experiments. This axis may not simply mark a high-AA-metabolism state, but may instead 685 

function as an interface that integrates metabolic state, inflammatory stimulation and mes- 686 

enchymal transcriptional programmes within the same local niche. 687 

Third, the relationship between AA metabolism and PN–MES-related state transition 688 

remains mainly associative. Its causal role requires further validation through metabolic 689 

flux analysis, perturbation of key metabolic enzymes and rescue experiments. Fourth, the 690 

fluctuating performance of the prognostic model across external validation cohorts indi- 691 

cates that its clinical transferability needs further evaluation. Fifth, the mechanism of ac- 692 

tion of Venetoclax remains incompletely defined, particularly with regard to the need to 693 

exclude effects mediated by targets other than BSG. Future studies integrating metabo- 694 

lomics, spatial multi-omics and in vivo functional experiments will be necessary to clarify 695 

the formation mechanism and therapeutic plasticity of AA metabolism-associated malig- 696 

nant niches in GBM. 697 

In summary, this study demonstrates that AA metabolic reprogramming is an im- 698 

portant feature of mesenchymal-associated malignant niches in GBM and may be coupled 699 

with inflammatory and hypoxic programmes through PPIA–BSG-mediated cell–cell com- 700 

munication. These findings extend our understanding of metabolic heterogeneity and mi- 701 

croenvironmental crosstalk in GBM, and suggest that AA metabolism-related features and 702 

the BSG-associated signalling axis may represent promising directions for risk stratifica- 703 

tion and targeted intervention. 704 

 705 

5. Conclusions 706 

This study shows that arachidonic acid metabolic reprogramming plays an important 707 

role in GBM progression by coupling with PN–MES state transition, inflammatory and 708 

hypoxic programmes, and PPIA–BSG-mediated cell–cell communication. Activation of 709 

AA metabolism is not only closely associated with the MES-like phenotype and poor pa- 710 

tient prognosis, but may also promote invasive evolution and therapeutic resistance of 711 

GBM cells by shaping mesenchymal-associated malignant niches. 712 

Further analysis suggests that the BSG-associated signalling axis may represent a key 713 

node linking metabolic dysregulation, microenvironmental crosstalk and tumor-cell state 714 
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transition. Venetoclax, identified as a potential candidate compound, showed inhibitory 715 

effects on GBM cell viability and attenuated mesenchymal-like features in vitro. A deeper 716 

understanding of how AA metabolic reprogramming and the PPIA–BSG axis influence 717 

these processes may improve our knowledge of GBM pathogenesis and reveal new op- 718 

portunities for risk stratification and therapeutic intervention. Continued investigation 719 

will be essential to clarify the underlying mechanisms, validate potential targeting strate- 720 

gies and ultimately improve clinical outcomes for patients with GBM. 721 
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Oligodendrocyte Precursor Cell 

Neural Progenitor Cell 
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