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Abstract 22 

Background: Ischemic stroke (IS) remains a major cause of mortality and long-term 23 

disability worldwide, while effective therapeutic targets remain limited. Entosis is a 24 

non-apoptotic form of cell-in-cell death, but its involvement in IS is unknown. This 25 

study sought to identify entosis-related key genes and delineate their potential 26 

regulatory networks in IS. 27 

Methods: Bulk-transcriptome profiles were obtained for the training dataset 28 

GSE58294 and the validation dataset GSE122709, and entosis-related genes were 29 

compiled from previously published studies. Weighted gene co-expression network 30 

analysis and differential expression analysis were integrated with machine-learning 31 

selection and cross-dataset expression verification to determine key genes. Subsequent 32 

analyses included functional enrichment, immune infiltration, construction of 33 

molecular regulatory networks, drug prediction, and molecular docking. 34 

Results: Two key genes, NOL9 and WDR3, were identified and were significantly 35 

upregulated in both transcriptomic datasets. The nomogram incorporating these genes 36 

demonstrated favorable apparent performance in the training cohort. Eight immune cell 37 

subtypes differed significantly in the infiltration analysis. M0 macrophages showed 38 

inverse correlations with NOL9 (correlation (cor) = -0.60, P < 0.001) and WDR3 (cor = 39 

-0.57, P < 0.001), whereas naive B cells correlated positively with NOL9 (cor = 0.46, P 40 

< 0.001) and WDR3 (cor = 0.35, P < 0.001). Genes associated with NOL9 were 41 

enriched in ribosome-biogenesis pathways, while those associated with WDR3 were 42 

enriched in spliceosome-related pathways. Construction of a competing endogenous 43 
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RNA network yielded six microRNAs predicted to target NOL9 and WDR3; 44 

hsa-miR-499a-5p was additionally connected with three long non-coding RNAs (XIST, 45 

MALAT1, NEAT1). The analysis also predicted 398 transcription factors for NOL9 46 

(e.g., SPI1, CTCF) and 331 for WDR3 (e.g., BRD4, CBFB). Digoxigenin emerged as 47 

an exploratory compound, with predicted binding energies of -9.82 kcal/mol for NOL9 48 

and -10.49 kcal/mol for WDR3. In RT-qPCR experiments, NOL9 and WDR3 were 49 

significantly downregulated in IS patients relative to controls; because this direction 50 

contrasted with the transcriptomic datasets, additional validation is required. 51 

Conclusions: The analyses nominate NOL9 and WDR3 as exploratory entosis-related 52 

biomarker candidates for IS. Further studies are needed to resolve their expression 53 

direction and to establish their biological functions and therapeutic relevance. 54 

Keywords: Ischemic stroke, Entosis, Drug prediction, Molecular docking, Key genes 55 

1. Background 56 

Stroke continues to impose a substantial worldwide burden through both mortality and 57 

disability, affecting not only patients but also caregivers and healthcare systems [1]. In 58 

the Global Burden of Disease 2021 study, stroke was the third leading cause of death 59 

and the fourth largest contributor to DALYs, with ischemic stroke accounting for the 60 

majority of cases [2]. Ischemic stroke occurs when arterial blood flow to the central 61 

nervous system (CNS) is interrupted, abruptly reducing the supply of oxygen and 62 

glucose to the involved brain tissue. The resulting ischemic environment initiates a 63 

sequence of pathological changes that includes failure of cellular energy metabolism, 64 

oxidative injury, loss of ionic homeostasis, and eventual neuronal death through 65 
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necrotic and apoptotic pathways [3]. Several vascular mechanisms can produce this 66 

interruption in cerebral perfusion. Common causes include large‑artery 67 

atherothrombotic occlusion, cerebral embolism, non‑thrombotic occlusion of small 68 

deep cerebral arteries, and proximal stenosis with hypotension that reduces perfusion in 69 

the corresponding arterial territories [4]. 70 

Although thrombolysis and mechanical thrombectomy are established clinical 71 

treatments, their use is limited by a narrow therapeutic window, making the 72 

identification of additional therapeutic targets and strategies an important objective in 73 

IS research [5]. Entosis was initially described as a non-apoptotic death process in 74 

which one living cell is engulfed by another. A defining feature is the active entry of a 75 

viable cell into a neighboring homologous cell, producing a “cell-in-cell” or 76 

“cannibalism” morphology; the internalized cell is subsequently degraded and cleared 77 

through the lysosomal system of the host cell [6]. Entotic cell-in-cell formation 78 

depends on calcium-sensitive cadherin-mediated adhesion and Rho-associated kinase 79 

(ROCK) activity, after which non-canonical autophagic and lysosomal processes 80 

contribute to entotic cell death. Other reported regulators include AMP-activated 81 

protein kinase (AMPK), the stress-responsive kinases c-Jun N-terminal kinase (JNK) 82 

and p38, the oncogenes Kirsten rat sarcoma 2 viral oncogene homolog (KRAS) and 83 

cellular Myc (c-Myc), the p53 tumor suppressor protein, and additional proteins [7]. In 84 

an immunosuppressed patient with a cerebral small-vessel inflammatory lesion, 85 

immunohistochemistry and multiplex immunofluorescence clearly demonstrated a 86 

typical entosis event, indicating that CNS infection may be accompanied by an 87 
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abnormal phagocytic mode of cell death [8]. Nevertheless, most available evidence on 88 

entosis originates from tumor and neurodevelopmental settings, and it remains 89 

uncertain whether classical cell-in-cell structures develop after cerebral ischemia 90 

[7,9,10]. Reported stimuli capable of promoting entosis in different experimental 91 

systems include glucose starvation, UV irradiation, disruption of cell polarity, and P53 92 

activation [11]. Glucose deprivation, in particular, has been shown to trigger entosis in 93 

adherent cells, where ingestion of a neighboring cell can provide a means of nutrient 94 

acquisition during metabolic stress [12]. By contrast, the contribution of entosis to 95 

ischemic pathogenesis and to oxygen-glucose deprivation injury in neural cells has not 96 

been established. Direct experimental evidence demonstrating classical cell-in-cell 97 

structures in brain tissue from IS is currently lacking. Accordingly, examining how 98 

entosis may relate to neuronal death and functional repair after IS could offer another 99 

perspective on ischemic pathogenesis through the concept of intracellular phagocytic 100 

injury promotion and may provide a theoretical basis for developing new approaches to 101 

brain protection. 102 

This study integrated public IS transcriptomic data with weighted gene co-expression 103 

network analysis (WGCNA), differential expression, PPI network, and 104 

machine‑learning methods to systematically pinpoint key genes linked to 105 

entosis‑mediated cell‑in‑cell death. The selected genes were then assessed across 106 

independent datasets and evaluated for diagnostic performance, followed by analyses 107 

of functional enrichment, relationships with immune infiltration, and potential 108 

post-transcriptional regulatory networks. Drug prediction and molecular docking were 109 
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further used to explore candidate small-molecule compounds. Through this analytical 110 

framework, we aimed to investigate the molecular regulatory features of IS from the 111 

perspective of entosis-related cell-in-cell death and to provide a theoretical and 112 

experimental basis for future work on early diagnosis, molecular typing, and targeted 113 

treatment of the disease. 114 

2. Methods 115 

2.1 Data collection 116 

As the training set, GSE58294 (GPL570) was downloaded from GEO [13] and 117 

included 69 IS whole‑blood samples plus 23 controls. For validation, we used 118 

GSE122709 (GPL20795), which provided PBMC specimens from 5 IS patients and 5 119 

healthy controls. In addition, 95 entosis-related genes (ERGs) were assembled by 120 

taking the union of gene sets reported in two previous publications [14,15] (Additional 121 

file 1). 122 

2.2 Identification of differentially expressed genes (DEGs) 123 

Differential expression in GSE58294 (IS vs. controls) was analysed using limma 124 

(v3.54.0) [16], defining DEGs as |log₂ fold change (FC)| > 0.5 and adjusted p < 0.05. A 125 

volcano plot (ggplot2 v3.5.1) [17] displayed global distribution, with the top 10 126 

up/down genes annotated by log₂FC; a heatmap (ComplexHeatmap v2.16.0) [18] 127 

showed expression patterns of the top 20 DEGs. 128 

2.3 WGCNA 129 

Single-sample gene set enrichment analysis (ssGSEA) was first carried out with the 130 

“GSVA” package (v 1.53.28) [19] to quantify sample-level variation in ERG 131 
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enrichment. An ERG score was obtained for every sample, and scores were compared 132 

between the IS and control groups (P < 0.05). WGCNA was then applied to all samples 133 

in the training set with the “WGCNA” package (v 1.73) [20] to identify modules 134 

associated with the ERG score. Potential outliers were examined by sample clustering 135 

using the “hclust” function. The soft‑thresholding power was selected via 136 

pickSoftThreshold to achieve approximate scale‑free topology (R² > 0.8). An 137 

adjacency matrix was built, converted to a TOM, and genes were hierarchically 138 

clustered; co‑expression modules were then defined using dynamic tree‑cut. Module–139 

ERG score correlations and p‑values were computed using WGCNA’s cor function 140 

(v1.73). Gene significance (GS) and module membership (MM) were computed for the 141 

key modules, and all genes within them were designated ERG‑associated module genes 142 

for downstream analysis. 143 

2.4 Identification, functional enrichment and protein–protein interaction (PPI) 144 

network of candidate genes 145 

Candidate genes were obtained by intersecting the DEGs identified in GSE58294 with 146 

the ERG-associated module genes derived from WGCNA, and this overlap was 147 

illustrated using the “VennDiagram” package (v 1.7.1) [21]. To characterize the 148 

biological processes and pathways represented by these candidates, Gene Ontology 149 

(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment were 150 

performed using clusterProfiler (v4.15.0.3) [22] with adjusted p < 0.05 as the 151 

significance threshold. Protein-level relationships among the candidate genes were 152 

examined by querying the STRING [23] database with a confidence score > 0.7. The 153 
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resulting protein–protein interaction (PPI) network was displayed in Cytoscape 154 

software (v 3.10.2) [24]. For prioritization before machine-learning analysis, the 155 

maximum clique centrality (MCC) algorithm in the cytoHubba plugin was used to 156 

select the top 30 genes. 157 

2.5 Machine learning for feature gene selection 158 

Three machine-learning approaches were applied to the candidate genes in the 159 

GSE58294 training set to select features for downstream analysis. 160 

The first approach used Boruta, a random-forest-based feature-selection algorithm, 161 

implemented with the “Boruta” package (v 8.0.0) [25]. Random permutation of the 162 

original variables was used to generate shadow features. Across repeated iterations, the 163 

importance assigned to each candidate gene was compared with the importance of the 164 

shadow variables, and genes whose importance was significantly greater than that of 165 

the shadow features were retained as Boruta feature genes. 166 

The second approach was SVM-RFE, performed with the “e1071” package (v 1.7-16) 167 

[26]. Classification performance for alternative feature subsets was assessed by 5-fold 168 

cross-validation. The feature combination that provided the optimal balance according 169 

to accuracy and error rate was selected, and the genes contained in that subset were 170 

designated as SVM-RFE feature genes. 171 

For the third approach, random forest (RF) analysis was implemented using the 172 

“randomForest” package (v 4.7-1.2) [27]. Model performance across different variable 173 

subsets was compared with 5-fold cross-validation on the basis of accuracy, area under 174 

the curve, and mean squared error. The top 10 genes by importance ranking were 175 
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retained as RF feature genes. 176 

Feature genes selected independently by Boruta, SVM-RFE, and RF were then 177 

intersected. Genes shared by all three methods constituted the feature-gene set used in 178 

the subsequent analyses. 179 

2.6 Receiver operating characteristic (ROC) analysis and expression validation 180 

Diagnostic performance for each feature gene was examined by ROC curve analysis 181 

using the “pROC” package (v 1.18.5) [28]. The area under the curve (AUC) was 182 

calculated for both GSE58294 (training) and GSE122709 (validation); genes with 183 

AUC > 0.7 in both datasets were retained as candidate key genes. We assessed 184 

expression differences (IS vs. controls) in the training (GSE58294) and validation 185 

(GSE122709) cohorts (p < 0.05). Genes showing significant and concordant directional 186 

changes in both datasets were considered key genes and advanced to further study. 187 

2.7 Nomogram construction and evaluation 188 

Using the GSE58294 training set, a nomogram for estimating ischemic stroke risk was 189 

developed from the key genes with the “rms” package (v 6.8-2) [29]. Each key gene 190 

was assigned a point value according to its expression level. The individual values were 191 

summed to obtain a total score, which was then mapped to the estimated probability of 192 

IS. 193 

Nomogram performance was evaluated by several complementary approaches. A 194 

calibration curve was generated with the “regplot” package (v 0.3.0) [30] to compare 195 

predicted probabilities with actual probabilities, and calibration was additionally 196 

assessed with the Hosmer-Lemeshow test. Clinical utility was examined by decision 197 
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curve analysis (DCA) using the “ggDCA” package (v 1.1) [31]. A net benefit > 0 was 198 

interpreted as evidence of a favorable predictive effect. 199 

2.8 GeneMANIA analysis 200 

GeneMANIA [32] was used to investigate functional connections and biological 201 

processes shared by the key genes. The key genes were entered as the query and the 202 

analysis was run with default settings. The resulting co-expression network was used to 203 

depict relationships among the queried genes and additional genes with related 204 

functions. 205 

2.9 Chromosomal localization analysis 206 

The chromosomal positions of the key genes were examined with the “RCircos” 207 

package (v 1.2.2) [33]. Their locations on human chromosomes were presented in a 208 

circular visualization in which individual chromosomes were distinguished by colour 209 

or texture, and the exact sites of the key genes were marked on the corresponding 210 

chromosome segments. 211 

2.10 Gene set enrichment analysis (GSEA) 212 

For each key gene, GSEA was conducted with the GSE58294 training dataset to 213 

examine associated biological pathways. Spearman correlations between the key gene 214 

and all other genes were calculated using psych (v2.4.6.26) [34], and genes were then 215 

ranked by descending correlation coefficient. The resulting pre-ranked list was 216 

analyzed with “clusterProfiler” (v 4.2.2) against the “h.all.v7.4.symbols.gmt” 217 

(Hallmarks) reference gene set obtained from the MSigDB [35] (|normalised 218 

enrichment score (NES)| > 1, false discovery rate (FDR) < 0.25, P < 0.05). For 219 
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visualization, the 5 most significantly enriched pathways associated with each key gene 220 

were retained. 221 

2.11 Immune infiltration analysis 222 

Immune-cell composition in IS was estimated in the GSE58294 training set by 223 

applying the CIBERSORT algorithm with its default parameters. Relative fractions of 224 

22 immune cell subtypes [36] were calculated for each sample, and samples with a 225 

CIBERSORT output P > 0.05 were removed before subsequent analyses. In the 226 

remaining samples, the Wilcoxon rank‑sum test (p < 0.05) compared immune‑cell 227 

infiltration between IS and controls for each subtype. Associations between key genes 228 

and infiltration were then assessed in the training set using psych (v2.2.9) [34]. We 229 

correlated key‑gene expression levels with the relative abundances of 230 

intergroup‑differential immune subtypes, applying significance thresholds of p < 0.05 231 

and |correlation coefficient (cor)| > 0.3. 232 

2.12 Construction of molecular regulatory networks 233 

Potential post-transcriptional regulation of the key genes was examined by first 234 

predicting targeting miRNAs with TargetScan and the miRDB. Only miRNAs 235 

identified by both resources were retained as candidate miRNAs. lncRNAs interacting 236 

upstream with these candidate miRNAs were then retrieved from starBase, and 237 

interactions were kept only when supported by more than four CLIP-seq experiments 238 

(clipExpNum > 4). These relationships were assembled into an 239 

lncRNA-miRNA-mRNA ceRNA network and visualised in Cytoscape software (v 240 

3.10.2). lncRNA subcellular localisation was queried via lncATLAS [37], while 241 
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transcription factors (TFs) for the key genes were retrieved from hTFtarget [38]. A TF–242 

mRNA regulatory network was then built and visualised in Cytoscape (v3.10.2). 243 

2.13 Drug prediction 244 

The Drug Signatures Database (DsigDB) [39] was queried to predict compounds that 245 

might target the key genes. Predicted drug-gene relationships were organized into a 246 

drug-gene interaction network and visualised in Cytoscape software (v 3.10.2). 247 

Candidate drugs were prioritized through iterative threshold filtering according to three 248 

network centrality measures: betweenness centrality (BC), closeness centrality (CC), 249 

and degree centrality (DC). The thresholds were progressively increased over 250 

successive filtering rounds. The compound remaining after application of the final 251 

criteria (DC ≥ 2, BC ≥ 0.01, CC ≥ 0.5) was designated the top candidate drug. 252 

2.14 Molecular docking 253 

Molecular docking assessed binding affinities between selected compounds and key 254 

genes. Receptor protein structures were obtained from UniProt [40] (sequences) and 255 

AlphaFold [41] (3D models); ligand 3D structures were downloaded from PubChem 256 

[42]. Docking was performed with AutoDock software (v 4.2.6) [43] together with 257 

MGLTools (v 1.5.7), and the receptor-ligand binding energy was calculated for each 258 

pair. Binding energies below -5 kcal/mol were considered indicative of a stable 259 

interaction. 260 

2.15 Reverse transcription quantitative polymerase chain reaction (RT-qPCR) 261 

Whole-blood samples were obtained from 5 patients with IS and 5 controls and were 262 

subsequently used for RT-qPCR analysis. The study was approved by the Ethics 263 
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Committee of Xi'an Central Hospital Affiliated to Xi'an Jiaotong University (approval 264 

no. LW-2026-002), and written informed consent was provided by every participant. 265 

RT-qPCR was used to validate NOL9 and WDR3 expression. Total RNA from whole 266 

blood was extracted with TRIzol (R401‑01, Vazyme), reverse‑transcribed using 267 

Hifair® III cDNA Synthesis SuperMix (Yeasen), and amplified with 2× Universal Blue 268 

SYBR Green Master Mix (Servicebio). Primers are listed in Table 1; GAPDH served as 269 

the reference. Relative expression (2⁻ΔΔCt) was compared between IS and controls by 270 

unpaired two‑tailed t‑test (p < 0.05). 271 

Table 1. Primer sequences used for RT-qPCR. 272 

Primers  Sequences  

NOL9  F TGAGAGTACCCTTTCAGCCCT 

NOL9  R AGAAATGCAACCAGGAGGGG 

WDR3    F CAGGCTTGGGGGTTAGAGG 

WDR3    R TGGTTTGGGGCTTGACCATA 

GAPDH  F ATGGGCAGCCGTTAGGAAAG 

GAPDH  R AGGAAAAGCATCACCCGGAG 

2.16 Statistical analysis 273 

All bioinformatics analyses used R (v4.2.2); group differences were tested by Wilcoxon 274 

rank‑sum, with p < 0.05 considered significant. 275 

3. Results 276 

3.1 Identification of entosis-related module genes by WGCNA 277 

The ERG score calculated by ssGSEA was significantly elevated in IS samples relative 278 
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to controls (P < 0.05) (Figure 1a). WGCNA was then conducted using all samples in 279 

the GSE58294 training set. Hierarchical clustering of samples detected no outliers, so 280 

no samples were removed (Figure 1b). A soft-thresholding power of 14 was chosen 281 

because the scale-free topology criterion reached R² > 0.8 (Figure 1c). Based on 282 

hierarchical clustering of the TOM, 12 co-expression modules were obtained (Figure 283 

1d). When correlating module eigengenes with the ERG score, the pink module 284 

showed the strongest positive correlation (cor = 0.78, p < 0.001), while the purple 285 

module gave the strongest negative correlation (cor = -0.68, p < 0.001) (Figure 1e). 286 

The pink and purple modules were therefore retained as key modules, yielding 1,712 287 

genes that were designated ERG-associated module genes (Additional file 2). In both 288 

modules, scatter plots of GS against MM demonstrated positive relationships, 289 

indicating that genes more closely related to the ERG score also tended to be more 290 

highly connected within their respective modules (Figure 1f). Together, these findings 291 

showed a global increase in entosis-related gene activity in IS and identified 292 

co-expression modules closely linked to the ERG score for subsequent analyses. 293 
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 294 

Figure 1. Identification of entosis-related module genes by WGCNA. 295 

(a) ERG score was significantly higher in IS than in controls (Wilcoxon rank-sum test, 296 

P < 0.05). 297 

(b) Sample clustering dendrogram showed no outlier samples. 298 

(c) Soft-thresholding power of 14 was selected (scale-free R² > 0.8). 299 

(d) Hierarchical clustering identified 12 co-expression modules. 300 

(e) Correlation between modules and ERG score: pink module (cor = 0.78, P < 0.001), 301 

purple module (cor = -0.68, P < 0.001). 302 
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(f) Scatter plots of gene significance (GS) vs. module membership (MM) showed 303 

positive correlations in both key modules (P < 0.001). 304 

3.2 Identification of candidate genes and functional enrichment 305 

Differential expression analysis yielded 1,987 DEGs (951 up‑regulated, 1,036 306 

down‑regulated) at adjusted p < 0.05 and |log₂FC| > 0.5 (Figure 2a-b, Additional file 307 

3). Intersecting these 1,987 DEGs with the 1,712 ERG-associated module genes from 308 

WGCNA produced 429 candidate genes (Figure 2c, Additional file 4). 309 

GO enrichment (adjusted p < 0.05) of the 429 candidate genes yielded 3,017 BP, 316 310 

CC, and 527 MF terms. The top five BP terms were “B cell receptor signalling”, 311 

“antigen receptor‑mediated signalling”, “immune response‑activating cell surface 312 

receptor signalling”, “B cell activation”, and “lymphocyte differentiation” (Additional 313 

file 5). For CC, the top five terms were “tertiary granule”, “specific granule”, “tertiary 314 

granule lumen”, “specific granule lumen”, and “ficolin-1-rich granule lumen” 315 

(Additional file 6). The five leading MF terms consisted of “phosphatidylcholine 316 

transporter activity”, “signaling adaptor activity”, “immunoglobulin binding”, “G 317 

protein-coupled chemoattractant receptor activity”, and “chemokine receptor activity” 318 

(Figure 2d, Additional file 7). KEGG analysis identified 239 significantly enriched 319 

pathways (adjusted p < 0.05). The top ten were “B cell receptor signalling”, “axon 320 

guidance”, “haematopoietic cell lineage”, “primary immunodeficiency”, “cell adhesion 321 

molecules”, “nucleotide metabolism”, “purine metabolism”, “signalling pathways 322 

regulating stem cell pluripotency”, “Fc gamma R‑mediated phagocytosis”, and “viral 323 

protein–cytokine/cytokine receptor interaction” (Figure 2e, Additional file 8). 324 
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The PPI analysis generated a network containing 74 nodes and 101 edges at confidence > 325 

0.7 (Figure 2f). Genes were ranked by the MCC algorithm in cytoHubba to select those 326 

for later analysis. Although the initial cutoff was the top 30 genes, the 31st-ranked gene 327 

had an MCC value identical to that of the 30th-ranked gene and was therefore also 328 

retained, giving 31 candidate genes in total (Figure 2g, Additional file 9). Overall, the 329 

enrichment patterns linked these candidate genes mainly to immune-associated 330 

pathways and cellular activation, providing a basis for further examination of the 331 

relationship between ERG-associated transcriptional features and immune responses in 332 

IS. 333 
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Figure 2. Identification of candidate genes and functional enrichment. 335 

(a) Volcano plot of DEGs (|log₂FC| > 0.5, adjusted P < 0.05). 336 

(b) Heatmap of top 20 DEGs. 337 

(c) Venn diagram showing 429 candidate genes intersecting 1,987 DEGs and 1,712 338 

ERG-associated module genes. 339 

(d) Top 5 GO terms (adjusted P < 0.05). 340 

(e) Top 10 KEGG pathways (adjusted P < 0.05). 341 

(f) PPI network of candidate proteins (STRING confidence > 0.7). 342 

(g) Top 31 candidate genes selected by MCC algorithm (cytoHubba). 343 

3.3 Identification of eight feature genes by machine learning 344 

Machine-learning selection was next performed in GSE58294 using the 31 candidate 345 

genes prioritized from the PPI network. Boruta retained 22 feature genes (Figure 3a, 346 

Additional file 10). With 5-fold cross-validation, SVM-RFE achieved an accuracy of 347 

0.755 and an error rate of 0.245 and selected 24 feature genes (Figure 3b-c, Additional 348 

file 11). After tuning the random forest parameters ntree and mtry, we retained the 10 349 

genes with the highest importance scores (Figure 3d-e, Additional file 12). 350 

Intersecting the three feature sets identified 8 genes shared by Boruta, SVM-RFE, and 351 

random forest: CXCR1, RHOG, CANT1, NOL9, CCR7, WDR3, GBA, and IMPDH1 352 

(Figure 3f). 353 
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 354 

Figure 3. Identification of eight feature genes by machine learning. 355 

(a) Boruta algorithm identified 22 feature genes (importance > shadow features). 356 

(b-c) SVM-RFE with 5-fold cross-validation achieved accuracy 0.755 and error rate 357 

0.245, selecting 24 feature genes. 358 

(d-e) Random forest selected the top 10 feature genes by importance (5-fold 359 

cross-validation). 360 

(f) Intersection of the three algorithms yielded 8 feature genes (CXCR1, RHOG, 361 

CANT1, NOL9, CCR7, WDR3, GBA, IMPDH1). 362 

3.4 Identification and validation of NOL9 and WDR3 as key genes 363 
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ROC analysis of the 8 feature genes in both GSE58294 (training) and GSE122709 364 

(validation) showed that CANT1, CCR7, CXCR1, GBA, IMPDH1, NOL9, RHOG, and 365 

WDR3 all achieved AUC > 0.7 in the training set (Figure 4a). In the validation set 366 

(GSE122709), AUC values above 0.7 were obtained for five genes: CANT1, CXCR1, 367 

IMPDH1, NOL9, and WDR3 (Figure 4b). Expression of these five candidate key 368 

genes was then assessed in the training set (Figure 4c) and independently in the 369 

validation set (Figure 4d). Only NOL9 and WDR3 showed significant differential 370 

expression in the same direction between IS and control samples in both datasets (P < 371 

0.05), and they were consequently retained as the key genes for further analysis. 372 

Chromosomal mapping placed both NOL9 and WDR3 on chromosome 1 (Figure 4e). 373 

Thus, the two genes displayed consistent upregulation and robust diagnostic 374 

performance across the two independent transcriptomic datasets. 375 
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 376 

Figure 4. Identification and validation of NOL9 and WDR3 as key genes. 377 

(a) ROC curves in the training set (GSE58294): 8 genes with AUC > 0.7. 378 

(b) ROC curves in the validation set (GSE122709): 7 genes with AUC > 0.7. 379 
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(c) Expression validation in the training set GSE58294 (Wilcoxon rank-sum test; P < 380 

0.05 for NOL9 and WDR3). 381 

(d) Expression validation in the validation set GSE122709 (P < 0.05 for NOL9 and 382 

WDR3). 383 

(e) Chromosomal localization: both NOL9 and WDR3 are located on chromosome 1. 384 

3.5 Pathway enrichment and functional network analysis of NOL9 and WDR3 385 

GSEA against the Hallmark gene set (h.all.v7.4.symbols.gmt) with |NES|>1, 386 

FDR<0.25, and p<0.05 identified 91 significant pathways for NOL9; the top five were 387 

“ribosome biogenesis in eukaryotes”, “neuroactive ligand–receptor interaction”, 388 

“olfactory transduction”, “keratinization”, and “ribosome” (Figure 5a, Additional file 389 

13). WDR3 was associated with 107 significantly enriched pathways, with “ribosome”, 390 

“neuroactive ligand-receptor interaction”, “neuroactive ligand signaling”, 391 

“spliceosome”, and “keratinization” forming the top five (Figure 5b, Additional file 392 

14). 393 

Functional relationships involving NOL9 and WDR3 were additionally examined with 394 

GeneMANIA. The generated network connected both key genes with multiple genes 395 

participating in RNA metabolism and ribosome assembly. NOL9, WDR3, and LAS1L 396 

appeared as prominent nodes within the network, consistent with their involvement in 397 

ribosome biogenesis and rRNA processing (Figure 5c). Taken together, the pathway 398 

and network results associated NOL9 primarily with ribosome-biogenesis processes 399 

and WDR3 with spliceosome-related processes, suggesting distinct links of the two 400 

genes to RNA metabolism. 401 
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 402 

Figure 5. Pathway enrichment and functional network analysis of NOL9 and WDR3. 403 

(a) GSEA for NOL9: top 5 significantly enriched pathways (|NES| > 1, FDR < 0.25, P < 404 

0.05). 405 

(b) GSEA for WDR3: top 5 significantly enriched pathways using the same thresholds. 406 

(c) GeneMANIA functional network (default parameters; co-expression and shared 407 

pathways shown). 408 

3.6 Nomogram construction and evaluation 409 

A nomogram incorporating NOL9 and WDR3 was generated from the GSE58294 410 

training set to estimate the risk of ischemic stroke. Each gene contributed a point value 411 

according to its expression, and the summed score was converted to the predicted 412 

probability of IS. As an example, 45.1 total points corresponded to an estimated IS risk 413 

of 57% (Figure 6a). Model calibration was evaluated by plotting predicted against 414 
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observed probabilities. The Hosmer-Lemeshow test returned P = 0.653, showing no 415 

statistically significant discrepancy between predicted and observed outcomes, while 416 

the calibration curve demonstrated close agreement between predicted and actual 417 

probabilities (P > 0.05) (Figure 6b). DCA further showed a net benefit above zero over 418 

a broad interval of threshold probabilities, and the nomogram curve remained above the 419 

two extreme-reference curves, indicating favorable clinical predictive performance 420 

(Figure 6c). Accordingly, within the training dataset, the NOL9/WDR3 nomogram 421 

displayed favorable apparent calibration and net benefit. 422 

 423 

Figure 6. Nomogram construction and evaluation. 424 

(a) Nomogram for predicting IS risk based on NOL9 and WDR3 expression. 425 

(b) Calibration curve (Hosmer-Lemeshow test P = 0.653). 426 

(c) Decision curve analysis showing net benefit above zero across a broad threshold 427 

range. 428 

3.7 Immune infiltration analysis 429 

CIBERSORT was used to estimate the relative abundance of 22 immune cell subtypes 430 

in the GSE58294 training cohort, and their distributions across IS and control samples 431 

were visualized in a stacked bar plot (Figure 7a). Eight immune subtypes differed 432 

significantly between groups (p < 0.05) (Figure 7b). IS samples showed lower naive B 433 

cells, naive CD4 T cells, resting CD4 memory T cells, and M2 macrophages, but higher 434 
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activated CD4 memory T cells, monocytes, M0 macrophages, and neutrophils. 435 

Spearman analysis of relationships among immune-cell subtypes identified a positive 436 

correlation between M0 macrophages and neutrophils (cor = 0.36, P < 0.001), an 437 

inverse correlation between M2 macrophages and monocytes (cor = -0.45, P < 0.001), 438 

and an inverse correlation between naive B cells and neutrophils (cor = -0.48, P < 0.001) 439 

(Figure 7c, Additional file 15). Correlating the two key genes with differential 440 

immune subtypes, M0 macrophages showed negative correlations with NOL9 (cor = 441 

-0.60, p < 0.001) and WDR3 (cor = -0.57, p < 0.001), while naive B cells correlated 442 

positively with NOL9 (cor = 0.46, p < 0.001) and WDR3 (cor = 0.35, p < 0.001) 443 

(Figure 7d, Additional file 16). These results identified associations of NOL9/WDR3 444 

expression with the estimated proportions of M0 macrophages and naive B cells. 445 

 446 

Figure 7. Immune infiltration analysis. 447 

(a) Stacked bar plot of 22 immune cell subtypes (CIBERSORT; samples with P > 0.05 448 
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excluded). 449 

(b) Eight immune cell subtypes significantly differed between IS and controls 450 

(Wilcoxon rank-sum test, P < 0.05). 451 

(c) Correlation matrix among differential immune subtypes (Spearman analysis). 452 

(d) Correlations of NOL9 and WDR3 with differential immune subtypes, including M0 453 

macrophages and naive B cells. 454 

3.8 Molecular regulatory network construction 455 

To characterize putative transcriptional and post-transcriptional regulation of NOL9 456 

and WDR3 in IS, a multilayer molecular network was assembled. Comparison of the 457 

two miRNA-prediction databases yielded six high-confidence miRNAs targeting the 458 

key genes: hsa-miR-8485, hsa-miR-3155b, hsa-miR-3155a, hsa-miR-484, 459 

hsa-miR-627-3p, and hsa-miR-499a-5p. Candidate upstream lncRNAs were obtained 460 

from starBase and filtered at clipExpNum > 4. Under this criterion, only 461 

hsa-miR-499a-5p was connected to three core lncRNAs, XIST, MALAT1, and NEAT1 462 

(Figure 8a). lncATLAS analysis showed that XIST was predominantly localized in 463 

GM12878, H1.hESC, MCF.7, SK.N.DZ, and SK.N.SH cell lines; MALAT1 was 464 

mainly distributed in GM12878, H1.hESC, HepG2, HT1080, and HUVEC cell lines; 465 

and NEAT1 was primarily localized in GM12878, H1.hESC, HeLa.S3, HepG2, and 466 

HT1080 cell lines (Figure 8b). The TF analysis further yielded 398 TFs for NOL9, 467 

including SPI1, CTCF, BCL3, and BRCA1, and 331 TFs for WDR3, including SPI1, 468 

CTCF, BRD4, CBFB, and CDK9 (Figure 8c, Additional file 17). These predictions 469 

together defined a putative ceRNA network containing NOL9, WDR3, 470 
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hsa-miR-499a-5p, XIST, MALAT1, NEAT1, and numerous transcription factors. 471 

 472 

Figure 8. Molecular regulatory network construction. 473 

(a) ceRNA network: six miRNAs targeting NOL9/WDR3; hsa-miR-499a-5p was 474 

linked to XIST, MALAT1, and NEAT1 (clipExpNum > 4). 475 

(b) Subcellular localization of XIST, MALAT1, and NEAT1 in lncATLAS. 476 

(c) Transcription factor prediction: 398 TFs for NOL9 and 331 TFs for WDR3 477 

(hTFtarget). 478 

3.9 Drug prediction and molecular docking 479 

Visualization of predicted drug-gene relationships in Cytoscape identified 61 candidate 480 

compounds, including quinpirole, anisomycin, digoxigenin, and digitoxigenin (Figure 481 

9a, Additional file 18). Molecular docking estimated a binding energy of -9.82 482 

kcal/mol between digoxigenin and NOL9 (Figure 9b) and -10.49 kcal/mol between 483 
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digoxigenin and WDR3 (Figure 9c); both met the binding-energy screening criterion 484 

of ≤ -5.0 kcal/mol. These docking values indicated predicted affinity of digoxigenin for 485 

both key proteins, and digoxigenin was therefore prioritized as the top candidate 486 

compound. 487 

 488 

Figure 9. Drug prediction and molecular docking. 489 

(a) Drug-gene interaction network containing 61 candidate compounds predicted by 490 

DsigDB. 491 

(b) Molecular docking of digoxigenin with NOL9 (predicted binding energy -9.82 492 

kcal/mol). 493 

(c) Molecular docking of digoxigenin with WDR3 (predicted binding energy -10.49 494 

kcal/mol). 495 

3.10 Experimental validation of NOL9 and WDR3 expression by RT-qPCR 496 

RT-qPCR demonstrated significantly lower expression of NOL9 and WDR3 in patients 497 

with IS than in healthy controls (Figure 10). Because this experimental direction was 498 

opposite to the upregulation observed in GSE58294 and GSE122709, the RT-qPCR 499 

findings do not independently validate the transcriptomic expression pattern and should 500 

be replicated in larger cohorts matched for sampling time. 501 
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 502 

Figure 10. Experimental validation of NOL9 and WDR3 expression by RT-qPCR 503 

4. Discussion 504 

No previous study has directly established a role for entosis in IS. Although entosis-like 505 

events reported in neurodevelopmental settings make such a process biologically 506 

plausible, those observations cannot be considered evidence that classical entosis 507 

occurs in ischemic brain tissue [7,9]. Against this background, the present study used a 508 

series of complementary analyses to examine how entosis-related molecular features 509 

might be associated with IS. Gene-expression screening was combined with machine 510 

learning and expression validation to prioritize NOL9 and WDR3 as two IS-related key 511 

genes. We then examined the functional enrichment patterns linked to these genes to 512 

characterize biological processes with which they may be associated in the disease 513 

context. The immune-infiltration analysis further identified M0 macrophages as a cell 514 

subtype differing in IS and showed a significant inverse relationship between NOL9 515 

and the estimated abundance of M0 macrophages. Drug-prediction analysis 516 

additionally yielded several compounds with potential relevance to IS, including 517 

quinpirole, anisomycin, and digoxigenin. Collectively, these analyses provide 518 

hypotheses and candidate molecular directions for further investigation of IS 519 



31 

pathogenesis and therapeutic targets, while the computational associations themselves 520 

do not establish direct biological causality. 521 

NOL9 is a nucleolar protein that contributes to biogenesis of the large ribosomal 522 

subunit by participating in pre-rRNA processing and thereby supporting production of 523 

functional ribosomal subunits [44]. In the two public transcriptomic datasets analyzed 524 

here, NOL9 expression was increased in IS, whereas the RT-qPCR experiment showed 525 

lower expression in patients than in controls. The direction of NOL9 dysregulation in 526 

IS therefore remains unresolved. Increased NOL9 expression has previously been 527 

described in hepatocellular carcinoma, where it has been associated with tumor size, 528 

pathological grade, proliferative activity, and cell-cycle-related phenotypes [45]. Those 529 

observations are consistent with a relationship between NOL9 and increased 530 

biosynthetic demand, but the proliferative biology of a tumor differs substantially from 531 

the acute metabolic disturbance, inflammatory response, and multicellular stress that 532 

characterize ischemic stroke; the cancer findings therefore cannot be directly 533 

transferred to IS. A possible interpretation is that altered NOL9 expression 534 

accompanies stress-related remodeling of ribosome biogenesis, although the present 535 

results cannot determine whether such a response would be adaptive or harmful. 536 

Consistent with this possibility, GSEA linked NOL9-related genes to the “ribosome” 537 

and “ribosome biogenesis in eukaryotes” pathways. Existing work indicates that NOL9 538 

forms a ribosome-processing complex with LAS1L and participates in nucleolar 539 

processing and post-transcriptional maturation of pre-rRNA, making it an important 540 

component of normal ribosome biosynthesis. Li et al. further reported that USP36 541 
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regulates the LAS1L-NOL9 endonuclease-kinase complex through sumoylation 542 

modification, thereby influencing processing of pre-rRNA ITS2 and ribosome 543 

production; this finding expands the regulatory framework connecting NOL9-LAS1L 544 

activity with ribosomal RNA maturation [46]. On this basis, the increased NOL9 545 

expression observed in the transcriptomic datasets could potentially support neuronal 546 

repair after ischemia and hypoxia through enhanced rRNA processing efficiency and 547 

ribosome production. However, given the opposite RT-qPCR result, this proposed 548 

neuroprotective interpretation remains a hypothesis that requires direct experimental 549 

testing. 550 

WDR3 (also known as DIP2 and UTP12), a eukaryotic WD‑repeat family member, 551 

encodes a 943‑aa nuclear protein with a 10‑WD‑repeat module, maps to 1p12‑p13, and 552 

is involved in ribosome biogenesis and p53‑mediated cell‑cycle control [47]. Loss of 553 

WDR3 can markedly disrupt ribosomal biogenesis, producing pronounced defects in 554 

18S rRNA processing, a transient reduction in precursor rRNA abundance, and 555 

moderate suppression of RNA polymerase I activity [48]. To date, little evidence 556 

directly addresses the relationship between WDR3 and ischemic stroke. In the current 557 

analysis, WDR3 was significantly upregulated in peripheral-blood transcriptomic 558 

profiles from IS patients, and the validation dataset showed the same 559 

differential-expression direction. GSEA also associated WDR3 with the “Spliceosome” 560 

signaling pathway in IS samples. Previous work in mice after ischemic brain injury has 561 

reported increased expression of cytoplasmic ribosomal proteins together with proteins 562 

of the spliceosome complex, suggesting that molecular changes involving both 563 



33 

translation and splicing occur after stroke [49]. These observations make WDR3 and 564 

RNA-processing pathways relevant candidates for further study in ischemic injury, but 565 

they do not demonstrate that WDR3 itself causally regulates spliceosome dysfunction. 566 

The spliceosome is a large, multimegadalton ribonucleoprotein (RNP) assembly 567 

composed of five small nuclear RNPs together with numerous accessory factors. 568 

Because most eukaryotic genes are initially transcribed as precursor mRNAs, splicing 569 

is required to generate mature transcripts, while alternative splicing increases the range 570 

of protein isoforms that can be produced [50]. Neurons may be particularly vulnerable 571 

to disruption of this process because maintenance of neuronal homeostasis depends on 572 

cell-type-specific transcript isoforms [51]. Alternative splicing is also involved in 573 

neuronal differentiation, migration, and synaptic maturation, and disturbed splicing has 574 

been linked with neurodegenerative disorders [52]. In addition, a recent 575 

protein-interaction study comparing ischemic stroke with inflammatory bowel disease 576 

identified spliceosome-related and ubiquitin-proteasome-related pathways among 577 

several shared network signals [53]. This type of network evidence is indirect, but it 578 

supports continued investigation into whether altered splicing contributes to neuronal 579 

injury following ischemia and whether WDR3 participates in that process. 580 

Ribosome biogenesis begins with transcription of rRNA genes in the nucleolus and 581 

continues through processing, folding, and assembly of rRNA precursors to form 582 

functional ribosomal subunits; in this way, it helps determine the basal capacity for 583 

cellular protein synthesis [54]. A recent study identified a set of 12 584 

ribosome-biogenesis-related genes with a key role in evaluating prognostic risk in 585 
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ischaemic stroke [55]. During severe acute stress such as cerebral ischemia, however, a 586 

compensatory increase in ribosome-biogenesis activity could place additional demands 587 

on ATP and nucleotide pools that are already limited by energy failure. Such an 588 

overload may intensify metabolic stress and can engage a p53-dependent apoptotic 589 

program through nucleolar-stress signaling [56]. In our GSEA results, both key genes, 590 

NOL9 and WDR3, were strongly associated with the “ribosomal biogenesis” pathway 591 

and were also upregulated in the IS transcriptomic samples. These enrichment findings 592 

establish an association with ribosome-related molecular programs, but whether 593 

nucleolar stress and p53 activation are actually involved in the observed pattern 594 

remains to be demonstrated experimentally. 595 

Macrophages are highly plastic cells of the innate immune system whose functional 596 

state can change in response to the surrounding microenvironment. M0 macrophages 597 

represent an unpolarized state and, under steady-state conditions, are characterized by 598 

relatively low metabolic activity while contributing to maintenance of immune 599 

homeostasis [57]. Exposure to cytokines and other local mediators can drive 600 

macrophage polarization toward M1 or M2 phenotypes with different biological 601 

functions [58]. In experimental ischemic brain injury in mice, M1 macrophages can 602 

aggravate tissue damage and neuronal death through release of pro-inflammatory 603 

cytokines, proteases, reactive oxygen species, and reactive nitrogen species. By 604 

contrast, M2 macrophages can contribute to debris removal, angiogenesis, tissue 605 

remodeling, and repair. These observations have led to the proposal that modulation of 606 

transitions from the M0 state toward M1 or M2 phenotypes may represent a 607 
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neuroprotective strategy [59]. In the present study, however, the inverse correlations 608 

involving NOL9/WDR3 and M0 macrophages should not be interpreted as evidence 609 

that either gene drives macrophage polarization. The associations may instead reflect 610 

differences in blood-cell composition or shared inflammatory programs accompanying 611 

IS. 612 

Drug prediction followed by molecular docking prioritized digoxigenin from the 61 613 

candidate compounds. The calculated binding energies were -9.82 kcal/mol for NOL9 614 

and -10.49 kcal/mol for WDR3, indicating favorable predicted affinity under the 615 

docking criteria used in this study. Digoxigenin is a cardiac-glycoside compound and 616 

represents the characteristic sterol aglycone of this drug class; its chemical framework 617 

is highly homologous to the core aglycone present in digitalis glycoside and digoxin 618 

[60]. CGS have been used for decades in the management of heart failure and 619 

arrhythmia, whereas their potential neuroprotective effects in IS have received 620 

increasing attention only more recently. In a mouse model of bilateral common carotid 621 

artery occlusion/reperfusion injury, pretreatment with digoxigenin was reported to 622 

reduce cerebral infarct volume and improve cognitive and motor dysfunction. The 623 

reported protective effect was mainly linked to an increase in intracellular calcium 624 

induced by digoxin, followed by activation of calcium-sensitive signal-transduction 625 

pathways, suggesting that calcium signaling may contribute to the neuroprotective 626 

actions of cardiac glycosides [61]. More recent work in a rat model of cerebral ischemia 627 

showed that the semi-synthetic cardiotonic steroid gamma-benzylidene digoxin-15 628 

(BD-15) improved motor capacity and exploratory behavior by enhancing 629 
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Na/K-ATPase（NKA） and Ca²⁺-ATPase activity during oxidative stress and by 630 

regulating acetylcholinesterase function [62]. These observations provide context for 631 

the computational prioritization of digoxigenin, but the present docking analysis does 632 

not establish target engagement, brain exposure, or therapeutic efficacy in IS. 633 

The present analysis also generated a putative ceRNA network connecting NOL9 and 634 

WDR3 with predicted upstream miRNAs and lncRNAs. Such an 635 

lncRNA-miRNA-mRNA framework can be used to formulate hypotheses about 636 

post-transcriptional regulation in IS, but the predicted interactions require experimental 637 

confirmation. Among the identified relationships, hsa-miR-499a-5p was connected 638 

with the three lncRNAs XIST, MALAT1, and NEAT1. Published findings concerning 639 

miR-499a-5p in IS have not been uniform. One report described lower plasma 640 

miR-499a-5p levels, an inverse association with neurological-deficit severity, and 641 

protective effects through PDCD4 targeting in experimental systems [63].In contrast, 642 

another study reported higher serum miR-499a and proposed that it suppresses 643 

astrocyte autophagy and viability through a Beclin 1-related mechanism [64]. Variation 644 

in sample source, disease phase, and experimental model may account for at least part 645 

of these divergent findings. XIST has likewise been reported to change over time after 646 

IS, with lower expression described during early stages and higher expression at later 647 

stages [65]. Experimental studies have connected XIST with cerebral microvascular 648 

injury as well as endothelial proliferation, migration, and angiogenesis through 649 

miR-92a/ITGA5- and KLF4-related pathways [66]. These observations support a 650 

vascular role for XIST but do not show that it regulates NOL9 or WDR3. MALAT1 has 651 
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also been implicated in experimental ischemia-reperfusion injury; in oxygen-glucose 652 

deprivation/reoxygenation models, signaling involving MALAT1 and 653 

miR-375/PDE4D has been associated with cellular injury, apoptosis, and release of 654 

inflammatory factors  [67]. NEAT1 has been reported as a hub molecule in IS-related 655 

ceRNA networks in multiple independent studies. By sponging miR-377, NEAT1 can 656 

increase SIRT1, VEGFA, and BCL-XL expression and thereby enhance survival and 657 

angiogenic capacity in brain microvascular endothelial cells exposed to OGD [68]. 658 

NEAT1 has also been described as sponging miR-339-5p to increase HOXA1 659 

expression and suppress neuronal apoptosis in neonatal mouse hypoxia-ischemia brain 660 

injury [69]. Taken together, prior studies support involvement of these ncRNAs in 661 

ischemic stress, but the specific ceRNA axes predicted here remain to be tested through 662 

reporter assays, RIP, and targeted perturbation experiments [70]. 663 

Through an integrated bioinformatics workflow, this study identified NOL9 and 664 

WDR3 as two entosis-associated key genes and examined their diagnostic performance 665 

and expression consistency in an independent public validation cohort. Drug-prediction 666 

and docking analyses further suggested that digoxigenin has predicted binding affinity 667 

for both proteins. A miRNA-mRNA-lncRNA regulatory network was also assembled, 668 

in which hsa-miR-499a-5p together with XIST, MALAT1, and NEAT1 may participate 669 

in post-transcriptional regulation related to NOL9 and WDR3. Several limitations 670 

remain important when interpreting these findings. GSE58294 contains repeated 671 

time-point measurements from the same individuals with stroke, whereas GSE122709 672 

contains both acute and subacute samples; therefore, treatment of within-subject 673 
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dependence and selection of time points require clarification. In addition, the direction 674 

of RT-qPCR expression differed from that observed in the transcriptomic datasets, the 675 

clinical validation sample was small, and no morphological or functional experiment 676 

directly demonstrated entosis. The estimated immune-cell proportions, ceRNA 677 

relationships, drug-target interactions, and therapeutic activity were also derived 678 

computationally. Confirmation in larger cohorts matched by sampling time, together 679 

with mechanistic experiments, will therefore be necessary. 680 

5. Conclusions 681 

The integrated analyses nominate NOL9 and WDR3 as exploratory entosis-related 682 

biomarker candidates for ischemic stroke. Their discordant transcriptomic and 683 

RT-qPCR expression directions require validation in larger, time-matched cohorts, and 684 

mechanistic studies are needed to establish their biological functions and therapeutic 685 

relevance. 686 
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ERG-associated module genes. 952 

File name: Additional file 4 953 

File format: .csv 954 

Title of data: Candidate genes identified by intersection analysis. 955 

Description of data: This file contains the list of 429 candidate genes obtained by 956 

intersecting the DEGs with the ERG-associated module genes. 957 

Additional file 5 Complete GO enrichment results for biological process terms of the 958 
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Title of data: GO biological process enrichment results. 962 
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Description of data: This file contains the complete Gene Ontology (GO) biological 963 
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File name: Additional file 11 1005 
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File name: Additional file 13 1018 
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Title of data: GSEA results for NOL9. 1020 
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Additional file 14 Complete GSEA results for WDR3. 1024 

File name: Additional file 14 1025 

File format: .csv 1026 

Title of data: GSEA results for WDR3. 1027 
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Description of data: This file contains the complete gene set enrichment analysis 1028 

(GSEA) results for WDR3, including pathway name, normalized enrichment score 1029 

(NES), false discovery rate (FDR), and P value. 1030 

Additional file 15 Spearman correlation matrix among the differential immune cell 1031 
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File name: Additional file 15 1033 
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Title of data: Correlations among differential immune cell subtypes. 1035 
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File name: Additional file 16 1041 
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File name: Additional file 17 1049 



57 

File format: .xlsx 1050 
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File name: Additional file 18 1057 
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Title of data: Candidate drugs predicted for NOL9 and WDR3. 1059 
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