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Abstract 

Background: Bisphenol A (BPA) is a high-production-volume endocrine-disrupting chemical, and 

meningioma is a common hormone-sensitive intracranial tumour. A systematic, reproducible molecular 

map linking BPA-responsive genes to meningioma transcriptomes has been lacking. We therefore 

developed a fully computational pipeline that integrates multi-cohort transcriptomics, chemical–target 

databases, nested machine learning, single-cell localisation and molecular docking to prioritise candidate 



markers while treating all docking and classification outputs as computational evidence rather than 

clinical causality. 

Results: Three GEO microarray cohorts (GSE43290, GSE54934, GSE84263; 165 tumours, 23 normals) 

were merged on 10,938 genes after ComBat correction. Differential expression (682 DEGs) and WGCNA 

tumour modules (153 genes) were intersected with BPA targets from SwissTargetPrediction (96), SEA 

(19), PharmMapper (174), CTD and ChEMBL (five-source union 2,250) and meningioma genes from 

Open Targets/CTD. Twenty-five BPA-responsive core candidates emerged; consensus PPI×SHAP hubs 

were ACTA2, BMP4, FLNA and FLNB (Table 2 ranks 7.0 / 12.0 / 13.0 / 12.0). Nested tumour-versus-

normal classifiers approached a performance ceiling (best external AUC 1.000; 83/109 models = 1.0), 

interpreted cautiously under class imbalance, whereas WHO-grade prediction was weak (external AUC ≤ 

0.677). In GSE183655, BMP4/FLNB mapped to tumour mesenchymal cells and ACTA2 to 

pericyte/smooth-muscle niches. AutoDock Vina affinities were weaker at hubs (−5.17 to −5.70 kcal/mol) 

than at ESR1/ESR2/PTGS2 (−8.21 to −8.49), with symmetry-aware redock RMSDs supporting control-

site validity. 

Conclusions: This reproducible pipeline provides computational evidence that cytoskeletal and BMP 

genes mark meningioma tissue within a BPA-responsive intersection. Direct high-affinity BPA–hub 

binding is not supported relative to classical oestrogen receptors and PTGS2. Wet-lab and exposure-

linked studies are required before translational inference. 

Keywords: meningioma; bisphenol A; network toxicology; machine learning; single-cell transcriptomics; 

molecular docking; WGCNA; computational reproducibility; endocrine disruptor 

Background 

Meningiomas are among the most frequent primary intracranial tumours in adults and 

account for a substantial fraction of central nervous system neoplasms in contemporary 

CBTRUS reports [1]. Beyond epidemiology, integrative molecular classifications and DNA-



methylation groups have refined biological subtypes and clinical risk strata [2,17,18]. A durable 

clinical observation is female predominance together with abundant sex-steroid receptor 

expression, particularly progesterone signalling [2,7]. Pharmacoepidemiologic evidence has 

strengthened this hormonal link: prolonged use of selected progestogens—including cyproterone, 

nomegestrol and related agents—is associated with intracranial meningioma [3,6,8], depot 

medroxyprogesterone acetate has been linked to meningioma risk in recent US data [4], and 

contraceptive exposure continues to be examined in surgically treated cohorts [5]. Together, 

these observations place meningioma at the interface of neurosurgery and endocrinology and 

motivate computational investigation of environmental xenoestrogens as candidate modifiers of 

meningeal biology. 

Bisphenol A (BPA) is a high-production-volume plasticiser and prototypical endocrine-

disrupting chemical. It engages classical oestrogen receptors (ESR1/ESR2) and related signalling 

cascades, and reviews have linked BPA exposure to hormone-related phenotypes and 

neurological effects [9–12]. Beyond nuclear receptors, BPA can engage G protein-coupled 

oestrogen receptor pathways and perturb inflammatory and metabolic programmes, providing a 

plausible—but unproven—route toward hormone-sensitive intracranial tumours [10,12,13]. To 

our knowledge, a systematic molecular map connecting BPA-responsive genes to meningioma 

transcriptomes has not been published. 

Network toxicology integrates chemical–target prediction and curated interaction 

databases with disease transcriptomics to generate mechanistic hypotheses for environmental 

chemicals. Recent applications include BPA neurotoxicity and BPA-associated cholestatic injury 

[14,15]. Zhan et al. combined network toxicology with multi-cohort transcriptomics, weighted 

gene co-expression network analysis (WGCNA), large-scale machine learning (ML), single-cell 



analysis and molecular docking—including wet-lab validation—for 6PPD/6PPD-Q and atrial 

fibrillation [16]. Here we transplant a comparable in silico framework to BPA and meningioma, 

with emphasis on computational reproducibility, explicit software versions and structural 

docking as orthogonal evidence layers suitable for a bioinformatics readership. We prioritise 

cytoskeletal and BMP-pathway genes (ACTA2, BMP4, FLNA, FLNB), interpret classification 

performance in light of class imbalance and tissue composition, and report limitations of each 

data source openly (sparse normal meninges, database coverage limits, AUC saturation, absent 

exposure metadata, and no wet-lab assays). All docking, ML and network outputs are framed as 

computational evidence rather than clinical causality. 

Methods 

Study design and computational pipeline 

This study is entirely computational: no new human participants, animals or wet-lab 

assays were enrolled. The aim was to build a reproducible priority list of BPA-responsive genes 

marking meningioma tissue identity. The workflow comprises (i) multi-cohort GEO 

transcriptomic acquisition and ComBat merging; (ii) differential expression and WGCNA; (iii) 

BPA target assembly from SwissTargetPrediction, SEA, PharmMapper, CTD and ChEMBL plus 

meningioma genes from Open Targets/CTD; (iv) intersection, STRING PPI and GO/KEGG 

enrichment; (v) nested feature-selection × classifier machine learning with SHAP and external 

validation; (vi) single-cell localisation (GSE183655); (vii) median-split single-gene GSEA; and 

(viii) AutoDock Vina docking with redocking controls. All numerical claims were taken from the 

project results/ directory; analysis scripts reside in scripts/. Random seeds for docking (three 



independent Vina runs) and stratified ML cross-validation repeats are fixed in the accompanying 

code. 

Software environment and versions 

Analyses were run in a pinned conda/mamba environment (Python 3.11.17; R 4.4.3). Key 

packages and tools (versions verified in the analysis environment): limma 3.62.1; sva 3.54.0; 

WGCNA 1.74; clusterProfiler 4.14.0; scikit-learn 1.9.1; SHAP 0.51.0; scanpy 1.11.5; 

harmonypy 2.1.0; pandas 2.3.3; numpy 2.4.6; AutoDock Vina 1.2 (build f458505-mod); 

STRING API v12; PyMOL for pose rendering. Large language models do not meet authorship 

criteria and were not used to generate scientific content, analyses, figures or conclusions; 

pipeline logic and numerical outputs derive solely from the scripted analyses described below. 

Transcriptomic data and cohorts 

GEO series matrices were downloaded for GSE43290 (Affymetrix GPL96; 47 tumours, 4 

commercial normal meninges), GSE54934 (GPL6244; 22 tumours, 3 normals) and GSE84263 

(GPL10558; 112 samples: 96 tumours, 16 normals). Expression values were log2-transformed 

where required and quantile-normalised. Probes were collapsed to gene symbols by highest mean 

intensity. After merging on 10,938 common genes (188 samples: 165 tumours, 23 normals), 

batch effects were removed with ComBat (sva) while preserving tumour/normal group labels and 

inspected by principal component analysis (PCA) [25,26]. GSE285889 (FPKM; 33 tumour and 7 

normal multi-region samples from few donors) served as the external tumour-versus-normal 

cohort. For WHO-grade prediction, GSE16581 (GPL570; 43 WHO grade 1 versus 25 grade 2/3) 

was used for training and GSE43290 tumour samples with grade annotation (33 versus 14) for 

external validation. Cohort composition is summarised in Table 1. 



Differential expression and WGCNA 

Differential expression used limma with thresholds |log2 fold-change (FC)| > 1 and 

Benjamini–Hochberg (BH)–adjusted P < 0.05 [24]. WGCNA used the 5,000 genes with highest 

median absolute deviation, soft-thresholding power 10 (scale-free topology fit index R² ≥ 0.85), 

minimum module size 30 and merge cut height 0.25 [23]. Modules with absolute Pearson 

correlation |r| ≥ 0.5 and P < 0.05 for tumour status were retained as tumour-associated modules. 

Chemical and disease target databases 

BPA putative targets were assembled from five sources: SwissTargetPrediction (Homo 

sapiens; probability > 0; 96 unique gene symbols from 100 ranked targets) [38], SEA human 

UniProt hits (19 genes) [39], PharmMapper human pharmacophore hits mapped to HGNC 

symbols (174 genes) [40], CTD chemical–gene interactions for C006780 filtered to ≥ 3 

supporting PubMed identifiers (2,081 genes) [29], and ChEMBL CHEMBL418971 with 

pChEMBL ≥ 5 (6 genes) [30]. The five-source union contained 2,250 genes; the three web-tool 

exports contributed 168 genes absent from CTD/ChEMBL. SwissTargetPrediction, SEA and 

PharmMapper were queried via their public web interfaces (BPA SMILES 

CC(C)(C1=CC=C(C=C1)O)C2=CC=C(C=C2)O); UniProt accessions/entry names were mapped 

to gene symbols before merging. Meningioma-associated genes comprised Open Targets 

MONDO_0016642 with association score ≥ 0.1 (355 genes) [31] and CTD curated disease genes 

(16), union 360; a GeneCards manual export was not available. CTD chemical–gene links 

predominantly reflect expression associations rather than confirmed ligand–protein binding and 

were interpreted accordingly. 

Intersection, PPI network and enrichment 



Core candidates were defined as BPA targets ∩ (DEG ∩ WGCNA tumour modules). An 

extended set was BPA ∩ (DEG ∩ WGCNA ∪ disease genes). Protein–protein interactions (PPI) 

were retrieved from STRING v12 (combined score ≥ 0.4) [27]. Genes were ranked by the sum of 

ranks of degree, betweenness, closeness and maximal-clique centrality. Gene Ontology (GO) and 

KEGG enrichment used clusterProfiler with the array gene universe as background and BH 

correction [28]. 

Nested machine learning and hub prioritisation 

Eight feature selectors × 12 classifiers yielded 109 unique combinations after removal of 

redundant selector–classifier pairs. Feature selection was nested within repeated stratified 5-fold 

cross-validation (CV; 5 repeats) to limit information leakage. Models were ranked by mean CV 

area under the receiver-operating characteristic curve (AUC) and then by external AUC; Brier 

scores were recorded as calibration summaries. SHapley Additive exPlanations (SHAP; 

permutation explainer) interpreted the best tumour-versus-normal model. Final hubs combined 

PPI rank with SHAP rank (results/05b_hub_ranking.csv), yielding ACTA2, BMP4, FLNA and 

FLNB (Table 2). Oriented single-gene ROC curves are reported for training and external cohorts. 

An earlier 98-model pipeline that used a broader candidate set (including PTGS2, FLT1, UNG 

and JUN) was retained only as sensitivity analysis and was not used for hub calling. 

Classification performance is reported as computational evidence of tissue separation, not as a 

clinical diagnostic claim. 

Single-cell RNA-seq 

Public 10x Genomics data from GSE183655 (10 samples: 6 tumours, 2 brain–tumour 

interfaces [BTI], 2 dura) were processed with quality filters of 200–7,000 detected genes, 



mitochondrial read fraction < 20% and > 500 unique molecular identifiers, yielding 80,901 cells 

of which 30,000 were randomly sampled for downstream analysis. After normalisation and 

Harmony batch integration in a Seurat-compatible / scanpy workflow, Leiden clustering (19 

clusters) was annotated into eight cell types by marker-gene scoring; copy-number variation 

inference was not performed [35,36]. Recent single-cell atlases of dura and meningioma 

informed interpretation of mesenchymal and immune niches but were not re-analysed here 

[19,20]. 

Single-gene GSEA 

Within the 165 training tumours, samples were split at the median expression of each hub 

gene. Genes were ranked by the limma t-statistic contrasting High versus Low groups (adjusting 

for batch), and KEGG gene-set enrichment analysis (gseKEGG) was run with BH-adjusted P < 

0.05, following the GSEA conceptual framework [37]. 

Molecular docking 

Docking used AutoDock Vina 1.2 with three independent random seeds [32,33]. Hub 

receptors were crystal structures of FLNA (PDB 3HOC) and FLNB (3FER), or AlphaFold 

models trimmed to per-residue confidence pLDDT ≥ 70 for ACTA2 (UniProt P62736) and BMP4 

(P12644), with fpocket pocket 1 as the search site [34]. Positive controls were ESR1 (PDB 

3UU7, co-crystallised BPA), ESR2 (3OLS) and PTGS2 (5KIR). Protocol validity was assessed 

by symmetry-aware redocking root-mean-square deviation (RMSD; obrms). Protein–ligand 

interactions were inspected with PLIP; poses were rendered in PyMOL (ray-traced PNG, 300 

dpi). Docking affinities are reported as computational structural evidence of relative pocket 

preference and are not interpreted as measured binding constants. 



Statistical reporting 

Unless stated otherwise, adjusted P values are BH-corrected. AUC values are reported as 

mean ± standard deviation across CV repeats where applicable. Reporting follows computational 

reproducibility practice: scripted pipelines, deposited GEO accessions, fixed thresholds and 

versioned software. 

Results 

Cohort overview, DEGs and WGCNA (Figure 1; Table 1) 

ComBat removed batch-dominant PCA clustering while preserving tumour/normal 

separation. We identified 682 DEGs (221 up-regulated, 461 down-regulated) at |log2FC| > 1 and 

adjusted P < 0.05; a more permissive |log2FC| > 0.585 threshold yielded 1,649 genes. WGCNA 

produced seven modules; brown and black modules correlated with tumour status and together 

contained 153 genes. Soft-threshold power 10 satisfied R² ≥ 0.85. 

Table 1. Transcriptomic cohorts used in this study. 

Cohort (GEO) Platform Role Tumours (n) Normals (n) Notes 
GSE43290 GPL96 Training (TN); 

grade external 
47 (TN); 33 vs 14 
(grade) 

4 Commercial 
normal meninges 

GSE54934 GPL6244 Training (TN) 22 3 — 
GSE84263 GPL10558 Training (TN) 96 16 — 
Merged training — DEG / WGCNA / 

ML train 
165 23 10,938 common 

genes; ComBat 
GSE285889 RNA-seq FPKM External TN 

validation 
33 7 Multi-region; few 

donors 
GSE16581 GPL570 Grade training 43 grade 1 / 25 

grade 2–3 
— WHO grade labels 

GSE183655 10x scRNA-seq Cell localisation 6 tumour / 2 BTI / 
2 dura samples 

— 30,000 cells 
analysed 

 

TN, tumour versus normal; BTI, brain–tumour interface. 

BPA–meningioma candidates and PPI (Figure 2) 



Intersection of DEGs with tumour modules yielded 139 genes, of which 25 were BPA 

targets: ACTA2, AGT, ALDOC, ALPL, BMP4, DHRS3, DIO2, EDN1, FGFR3, FLNA, FLNB, 

GDPD5, GLG1, GPRC5B, KDR, MAPT, MYO1B, NDRG2, NOS3, PDE4B, PDGFRA, RAMP1, 

SLC2A1, SORBS2 and TINAGL1 (MAPT from SwissTargetPrediction; PDE4B from 

PharmMapper). Three (FGFR3, KDR, PDGFRA) were also present in meningioma disease 

databases. The extended BPA-intersected set contained 125 genes. The STRING network of the 

25 core candidates contained 29 edges among 19 connected nodes; MAPT (degree 7) and KDR 

(degree 6) ranked highest by degree, with FLNA, BMP4 and ACTA2 remaining among the top 

topological hubs. Consensus PPI×SHAP ranking continued to prioritise ACTA2, BMP4, FLNA 

and FLNB. 

Functional enrichment (Figure 3) 

Enrichment recovered 267 biological process, 18 cellular component and 11 molecular 

function GO terms (BH-adjusted P < 0.05). Top biological processes centred on vasculature 

development; receptor complex and growth factor binding ranked among top cellular component 

/ molecular function terms. Fourteen KEGG pathways were significant (adjusted P 0.024–0.048), 

including HIF-1 signalling, vascular smooth muscle contraction, fluid shear stress and 

atherosclerosis, integrin signalling (FLNA/FLNB/KDR/PDGFRA), focal adhesion and pathways 

in cancer. 

Machine learning and hub genes (Figure 4; Table 2) 

Tumour-versus-normal classification approached a performance ceiling: external AUC = 

1.000 in 83 of 109 models. The top model (elastic-net feature selection + support vector 

machine; Enet+SVM) used 11 genes (ACTA2, AGT, BMP4, FLNA, FLNB, GDPD5, GLG1, 



GPRC5B, PDGFRA, SORBS2, TINAGL1) and achieved CV AUC 0.999 ± 0.004 (Brier 0.009) 

and external AUC 1.000 (Brier 0.001). Top SHAP features were ACTA2, GPRC5B, FLNB and 

TINAGL1. Consensus hubs (lower sum of PPI and SHAP ranks = higher priority) were ACTA2 

(7.0), BMP4 (12.0), FLNB (12.0) and FLNA (13.0). In bulk tumour-versus-normal limma 

contrasts, ACTA2 and FLNA were down-regulated (log2FC −2.17 and −1.46) whereas BMP4 and 

FLNB were up-regulated (log2FC 2.20 and 1.71); all four had adjusted P < 1×10⁻¹⁹. Oriented 

single-gene external AUCs were 0.883 (ACTA2), 0.857 (BMP4), 0.827 (FLNA) and 0.939 

(FLNB). WHO-grade discrimination was weak: the best model (glmBoost+XGBoost) reached 

CV AUC 0.763 ± 0.116 and external AUC 0.658 (no model exceeded external AUC 0.677). 

High AUCs are presented as computational evidence that the hubs mark meningioma tissue 

identity, not as proof of BPA causality or grade prognostication. 

Table 2. Consensus hub genes prioritised for BPA–meningioma biology. 

Gene PPI rank SHAP rank Consensus log2FC (T 

vs N) 
Adj. P Ext. AUC 

(oriented) 
Predominant 

scRNA niche 
ACTA2 6.0 1.0 7.0 −2.17 3.3×10⁻²² 0.883 Pericyte/SMC 

(65.7% cells) 
BMP4 5.0 7.0 12.0 +2.20 2.0×10⁻²⁰ 0.857 Tumour 

mesenchymal 
(62.5%) 

FLNA 4.0 9.0 13.0 −1.46 3.1×10⁻²³ 0.827 Broad (29–
72% non-
dura) 

FLNB 9.0 3.0 12.0 +1.71 5.6×10⁻³⁵ 0.939 Tumour 
mesenchymal 
(85.2%) 

 

Consensus = PPI rank + SHAP rank (lower is better). Ext. AUC from GSE285889 sample-level 

oriented ROC. scRNA percentages from GSE183655 tumour compartment where applicable. 

Hub calling order follows results/hub_top4.txt (ACTA2, BMP4, FLNA, FLNB). 

Single-cell localisation (Figure 5) 



Eight annotated cell types were recovered. Tumour-resident fibroblast/mesenchymal cells 

were the largest compartment in tumour (45.2%) and BTI (43.1%) samples. BMP4 was detected 

in 62.5% and FLNB in 85.2% of tumour mesenchymal cells; ACTA2 was detected in 65.7% of 

pericyte/smooth-muscle cells; FLNA was broadly expressed (approximately 29–72% across non-

dura types). 

Single-gene GSEA (Figure 6) 

Significant KEGG gene sets numbered 38 (ACTA2), 26 (BMP4), 34 (FLNA) and 45 

(FLNB). High-BMP4 tumours were enriched for cytoskeleton in muscle cells and 

integrin/neurotrophin signalling; high-FLNA tumours were enriched for cytoskeleton in muscle 

cells, focal adhesion and integrin signalling. Oxidative phosphorylation and ribosome gene sets 

were depleted in high-BMP4 and high-FLNB groups. 

Molecular docking (Figure 7) 

Symmetry-aware redock RMSDs were 1.27 Å (ESR1), 0.42 Å (ESR2) and 0.89 Å 

(PTGS2), supporting protocol validity at the control sites. BPA affinities were −8.21 (ESR1), 

−8.35 (ESR2) and −8.49 kcal/mol (PTGS2). Affinities at hub pockets were substantially weaker: 

ACTA2 −5.70, BMP4 −5.68, FLNA −5.70 and FLNB −5.17 kcal/mol. Relative Vina scores 

therefore provide structural-computational evidence against preferential high-affinity BPA 

engagement of the four hubs compared with classical oestrogen receptors and PTGS2. 

Discussion 

Principal findings 



Using an integrated network-toxicology design, we prioritised four BPA-responsive 

genes as computational markers of meningioma tissue: contractile/cytoskeletal genes that are 

down-regulated in bulk meningioma (ACTA2, FLNA) and up-regulated BMP/filamin partners 

(BMP4, FLNB). These hubs sit at the intersection of BPA target lists, multi-cohort differential 

expression and tumour-associated co-expression modules, and they recur in both PPI topology 

and SHAP explanations of the best tumour-versus-normal classifier. Docking, however, does not 

support high-affinity direct binding of BPA to the hub proteins relative to classical oestrogen 

receptors and PTGS2. The overall picture is therefore one of indirect, receptor- and pathway-

mediated association rather than of BPA as a high-affinity ligand of ACTA2/BMP4/FLNA/FLNB. 

We deliberately avoid clinical causal claims: no GEO cohort carries BPA exposure metadata, 

and no functional assays were performed. 

Mechanistic synthesis framed as computational evidence 

Meningioma biology is tightly coupled to hormonal context [2–8]. BPA is a xenoestrogen 

that binds ESR1/ESR2 and can engage G protein-coupled oestrogen receptor signalling [9,11,13]. 

In parallel, BPA has been linked to inflammatory and metabolic reprogramming in multiple 

tissues [10,12,14,15]. Our enrichment signature—vascular development, HIF-1 signalling, 

integrin/focal-adhesion programmes and pathways in cancer—is consistent with a stromal and 

angiogenic phenotype rather than a single oncogene driver. Filamins (FLNA, FLNB) 

mechanically couple integrins to the actin cytoskeleton [22]; their joint appearance with ACTA2 

(smooth-muscle actin) and BMP4 (a TGF-β/BMP family morphogen) suggests a 

mesenchymal/contractile axis that could shape meningeal niche architecture. TGF-β family 

signalling has long been implicated in meningioma pathogenesis and microenvironment crosstalk 

[21]. Single-cell atlases of dura and the brain–tumour interface likewise emphasise stromal, 



immune and interface compartments as dominant axes of meningioma heterogeneity [19,20]. 

Up-regulation of BMP4 in tumour-resident mesenchymal cells in GSE183655 therefore aligns 

with a developmental morphogen being redeployed in the meningioma stroma, whereas bulk 

down-regulation of ACTA2 may partly reflect altered perivascular/smooth-muscle composition 

rather than a cell-intrinsic tumour-cell loss of contractile identity alone. 

A coherent working model—presented strictly as a hypothesis for experimental testing—

is: BPA → oestrogen-receptor and inflammatory intermediates (including PTGS2-related 

eicosanoid tone as a docking-supported control axis) → transcriptional shifts in cytoskeletal and 

BMP programmes within meningioma-associated mesenchymal and perivascular niches → bulk 

expression contrasts that separate tumour from normal meninges. Because the chemical link is 

database-mediated rather than exposure-linked, this model remains computational evidence 

pending validation. 

Comparison with related literature and methodological templates 

Pharmacoepidemiology has established that selected exogenous progestogens increase 

meningioma risk [3–8], whereas environmental xenoestrogens such as BPA remain 

comparatively underexplored in neuro-oncology. Network-toxicology studies of BPA in other 

diseases [14,15] and the multi-layered 6PPD/6PPD-Q atrial fibrillation template of Zhan et al. 

[16] demonstrate that intersecting chemical targets with multi-cohort transcriptomics, WGCNA, 

ML, single-cell maps and docking can surface biologically coherent candidates. Molecular 

classifications of meningioma [17,18] provide a complementary disease context against which 

stromal hub genes should eventually be stratified. Our study transplants that design into 

meningioma and deliberately retains honesty regarding database coverage and performance 



ceilings. Unlike Zhan et al., we report no wet-lab exposure or functional assays; translational 

claims are accordingly withheld. 

Interpreting AUC = 1.000 and class imbalance honestly 

External tumour-versus-normal AUC reached 1.000 for the top model and for 83/109 

combinations. Perfect separation on a small external set (33 tumours, 7 normals from few 

donors) should not be read as a clinically deployable diagnostic signature. Several non-exclusive 

explanations apply: (i) strong tissue-composition differences between meningioma and normal 

meninges; (ii) residual handling or stress programmes (immediate-early genes are prominent 

among down-regulated DEGs); (iii) severe class imbalance and limited independent normal 

donors, which inflate apparent discrimination and destabilise patient-level estimates; and (iv) 

feature sets that capture stroma-rich tumour identity rather than BPA-specific causation. 

Consistent with this reading, the same gene space failed to stratify WHO grade (best external 

AUC 0.658). We therefore present high AUCs as computational evidence that the hubs (and 

related candidates) mark meningioma tissue identity, not as proof of BPA causality or of grade 

prognostication. 

Translational implications (hypothesis-generating only) 

For a bioinformatics audience, the immediate value of these results is a transparent, 

multi-layer, versioned priority list rather than bedside application. If future exposure-linked 

cohorts confirm BPA-responsive shifts in BMP4/FLNB-high mesenchymal niches or ACTA2-low 

perivascular programmes, research priorities would include: (i) immunohistochemistry or spatial 

transcriptomics of the four hubs in hormone-related meningioma subsets; (ii) in vitro BPA 

titration in meningioma and meningeal primary cultures with ESR blockade; and (iii) careful 



pharmacoepidemiologic co-modelling of xenoestrogen biomarkers alongside progestogen 

exposure. Until such data exist, the hubs should be treated as candidate biomarkers of tissue 

state, not as therapeutic targets, exposure assays or clinical decision tools. 

Limitations 

Several constraints bound interpretation and are listed explicitly: (1) normal meninges are 

few and heterogeneous (23 training samples; 7 external samples from few donors), so tumour-

versus-normal contrasts are fragile; (2) ML performance saturates (83/109 external AUC = 1.0), 

and separation may reflect composition or handling rather than BPA-specific biology; (3) 

GeneCards and STITCH exports were unavailable, so meningioma disease genes relied on Open 

Targets/CTD, whereas BPA targets include web SwissTargetPrediction/SEA/PharmMapper 

alongside CTD/ChEMBL; CTD links remain largely expression associations [29–31,38–40]; (4) 

109 rather than 113 model combinations remained after removing identical pairs; (5) single-cell 

annotation used marker scoring without CNV calling and analysed a 30,000-cell subset; (6) no 

cohort provides BPA exposure metadata and no wet-lab validation was performed; 

ACTA2/BMP4 docking used AlphaFold models [34]; (7) docking scores are relative 

computational estimates, not experimental Kd/Ki values. These limitations reinforce the 

hypothesis-generating framing of all conclusions. 

Conclusions 

An integrated bioinformatics and structural docking pipeline prioritises ACTA2, BMP4, 

FLNA and FLNB as BPA-responsive computational markers of meningioma tissue, with single-

cell support for mesenchymal and perivascular niches. Direct high-affinity binding of BPA to 



these hub proteins is not supported relative to ESR1/ESR2/PTGS2. Experimental validation and 

exposure-linked clinical cohorts are required before any translational or clinical inference. 
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Figure legends 

Figure 1. Training-cohort overview, differential expression and WGCNA. 

(A) Sample composition by GEO batch and tumour/normal group (n = 188; 165 tumours, 23 

normals). 

(B, C) PCA before and after ComBat batch correction. 

(D) Volcano plot of DEGs (|log2FC| > 1, BH-adjusted P < 0.05; 682 DEGs: 221 up, 461 down). 

(E) Heatmap of the top 50 DEGs (enlarged for readability). 

(F) WGCNA soft-threshold selection with labelled powers, scale-free R² curve, mean 

connectivity, R² = 0.85 threshold and selected power = 10. 

(G) Gene dendrogram and module colours. 

(H) Module–trait correlations with tumour status (brown and black retained: |r| ≥ 0.5, P < 0.05; 

153 genes). 

(I) Module membership versus gene significance in the selected modules. 

Figure 2. BPA–meningioma candidate identification and PPI. 

(A) BPA target source counts for CTD (≥3 PMIDs; 2,081), PharmMapper (174), 

SwissTargetPrediction (96), SEA (19) and ChEMBL (pChEMBL ≥ 5; 6), with five-source union 

2,250; companion CTD ∩ ChEMBL Venn. 



(B) Custom UpSet-style plot of BPA targets, DEGs, WGCNA module genes and meningioma 

database genes (bars coloured by intersection degree; set sizes at right). 

(C) Venn of BPA targets ∩ DEG ∩ WGCNA (25 core candidates highlighted). 

(D) Hub prioritisation bar plot: PPI rank + SHAP rank consensus (lower = better); final hubs 

ACTA2, BMP4, FLNA, FLNB; legend placed upper-right to avoid overlap with bottom consensus 

values. 

(E) Compound–target–disease network (BPA–25 cores–meningioma). 

(F) Circular STRING PPI layout of the 25 candidates (edge width ∝ combined score ≥ 0.4; red = 

final hubs). 

Figure 3. Functional enrichment and PPI topology (dense 2×3 journal grid). 

(A) GO Biological Process (top 10). 

(B) GO Cellular Component (top 10). 

(C) GO Molecular Function (all 11 significant terms; count labels kept inside bars). 

(D) KEGG enrichment bar plot (14 significant pathways; adjP 0.024–0.048). 

(E) KEGG enrichment dot plot (gene ratio vs −log10 adjusted P; point size = gene count). 

(F) Horizontal bar chart of STRING PPI degree ranking (top 12); red bars = final hubs (ACTA2, 

BMP4, FLNA, FLNB). 

Figure 4. Nested machine learning, SHAP interpretation and single-gene ROC. 

(A) Full heatmap of all 109 tumour-versus-normal model combinations (CV, external sample-

level, patient-level and mean AUC) in the left column at natural aspect ratio (no anisotropic 



stretch); note ceiling (83/109 models reach external AUC = 1.0). The same heatmap is also 

provided as Additional file 1 (Figure 4S). 

(B, C) SHAP bar and beeswarm plots for the best model (Enet+SVM, 11 genes). 

(D, E) SHAP dependence and waterfall plots for the best tumour-versus-normal model. 

(F) Top 25 WHO-grade models by mean AUC. 

(G) SHAP bar plot for the best grade model (glmBoost+XGBoost). 

(H) Single-gene ROC curves for ACTA2, BMP4, FLNA and FLNB (training and external). 

Figure 4S (Additional file 1). Full heatmap of CV and external AUCs for all 109 tumour-versus-normal 

model combinations (readable tall layout). 

Figure 5. Single-cell localisation in GSE183655 (30,000 sampled cells after QC). 

(A) UMAP coloured by annotated cell type (8 types); shown alone on a full-width row with the 

right-side legend kept in place and the gutter widened so legend text does not overlap the plot. 

(B–E) Nebulosa-style density of ACTA2, BMP4, FLNA and FLNB (panels separated for 

readability). 

(F) Dot plot of hub-gene expression by cell type. 

(G) Cell-type proportions by tissue (tumour / BTI / dura). 

(H–K) UMAP feature plots of the four hubs (separated). 

Figure 6. Median-split single-gene GSEA (KEGG) enrichment curves (gseaplot2) within 165 training 

tumours; pathway labels kept in the upper-right of each panel with collision avoidance so they do not 

overlap the running-enrichment curves. 

(A) ACTA2 (38 significant gene sets). 



(B) BMP4 (26). 

(C) FLNA (34). 

(D) FLNB (45). 

Figure 7. Molecular docking of BPA (structural-computational evidence layer). 

(A–C) PyMOL ray-traced 3D poses for ESR1 (PDB 3UU7), ESR2 (3OLS) and PTGS2 (5KIR): 

protein cartoon, BPA sticks (green carbons), translucent wheat pocket surface (residues within 7 

Å of ligand), key-residue sticks and yellow H-bond dashes; affinities −8.21, −8.35 and −8.49 

kcal/mol; symmetry-aware redock RMSD 1.27, 0.42 and 0.89 Å. 

(D–G) Weaker BPA poses at hubs ACTA2, BMP4 (AlphaFold, fpocket P1) and FLNA/FLNB 

(PDB 3HOC/3FER): −5.70, −5.68, −5.70 and −5.17 kcal/mol. 

(H) Summary bar chart of BPA Vina affinities (green = positive controls; red = hubs). 

Additional files 

Additional file 1 (Figure 4S). Full heatmap of CV and external AUCs for all 109 tumour-versus-normal 

model combinations (readable tall layout; PNG/PDF). 
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