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SUPPLEMENTARY FIGURE
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[bookmark: OLE_LINK56]Fig. S1 Additional performance and robustness analyses of machine-learning models for ZM fusion classification. (a) Confusion matrices of eight model-specific three-gene classifiers, including random forest, logistic regression, support vector machine, naive Bayes, LASSO, AdaBoost, gradient boosting machine, and XGBoost. Predicted and true labels are shown for ZM-positive and ZM-negative tumors. (b) Decision curve analysis of the XGBoost model based on cross-validated out-of-fold predicted probabilities, compared with the “all” and “none” strategies. (c) Outer-loop ROC curves from fully nested cross-validation, showing the performance of the training-fold Top40 model, training-fold-selected Top3 model, and fixed MET/PCDHGA3/FAM3C panel. (d) XGBoost performance across different candidate feature-pool sizes, including Top20, Top30, Top40, Top50, and Top100 genes. Points indicate mean cross-validated AUC values across repeated random seeds, and error bars indicate standard deviations.
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Fig. S2 Additional multiplex immunofluorescence validation of MET, FAM3C, and PCDHGA3 expression in independent FFPE tumor samples. Representative merged multiplex immunofluorescence images are shown for additional ZM-positive cases (cases 5–12) and ZM-negative cases (cases 13–16). DAPI marks nuclei, whereas MET, FAM3C, and PCDHGA3 are shown in yellow, red, and green, respectively. ZM-positive tumors showed stronger combined staining signals for the three biomarkers than ZM-negative tumors. Scale bars = 50 μm.
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Fig. S3 Representative Sanger sequencing chromatograms validating selected PTPRZ1-MET fusion junctions. Sanger sequencing traces showing PTPRZ1-MET fusion breakpoints in three representative fusion-positive cases: PTPRZ1 exon 4–MET exon 2 in CGGA_sGBM_P45 (a), PTPRZ1 exon 3–MET exon 2 in CGGA_sGBM_P54 (b), and PTPRZ1 exon 1–MET exon 2 in CGGA_sGBM_P85 (c). The red vertical line indicates the fusion junction. Orange and blue bars indicate PTPRZ1-derived and MET-derived sequences, respectively.
SUPPLEMENTARY TABLES
Supplementary Tables S1–S9 are provided in the accompanying Excel file.
Table S1. Age- and sex-adjusted limma analysis of the original ZM-upregulated transcriptional program.
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