Table S1. Computational Environment and Software Configuration Used in This Study
	Component
	Version_Details

	OS
	Ubuntu 22.04 LTS

	Python
	3.11.6

	R
	4.3.1

	scikit-learn
	1.4.2

	PyRadiomics
	3.0

	NumPy
	1.26

	Pandas
	2.2

	Matplotlib
	3.9

	WGCNA (R)
	1.72-1

	Hardware
	Intel Xeon Silver 4214 x 2, 128 GB RAM


NOTE: Exact environment encapsulated in Docker image ai-gastric/mmrfc:1.0.


Table S2. CT Imaging Preprocessing and Radiomics Feature Extraction Parameters
	Parameter
	Setting Used for Revision Reporting

	Data source
	TCIA/TCGA-STAD CT imaging data matched to TCGA-STAD clinical and transcriptomic records

	Imaging modality
	Contrast-enhanced abdominal computed tomography (CT)

	CT phase used for radiomics
	Portal venous phase series selected for primary radiomics extraction

	ROI definition
	Whole primary gastric tumor volume visible on the selected CT series

	Segmentation approach
	Manual slice-by-slice three-dimensional tumor segmentation along the visible lesion boundary

	Mask exclusion rule
	Non-tumor gastric lumen, adjacent organs, major vessels, necrotic luminal gas, and obvious artifacts excluded from tumor masks

	Image resampling
	1.0 x 1.0 x 1.0 mm isotropic voxel spacing

	Interpolation method
	B-spline interpolation for CT images; nearest-neighbor interpolation for segmentation masks

	Intensity preprocessing
	Z-score normalization after resampling and before feature modeling

	Gray-level discretization
	Fixed bin width of 25 HU

	Radiomics software
	PyRadiomics 3.0 in Python 3.11.6

	Feature classes extracted
	First-order, shape, GLCM, GLRLM, GLSZM, GLDM, NGTDM, and wavelet-derived features

	Initial radiomic feature number
	116 radiomic features

	Radiomic feature selection
	L1-regularized logistic regression with non-zero coefficient retention

	Final selected radiomic features
	Energy, TotalEnergy, MajorAxisLength, Maximum2DDiameterColumn, Maximum2DDiameterRow, Maximum3DDiameter, VoxelVolume, MinorAxisLength, MaximumDiameter, Perimeter, and PixelSurface

	Feature scaling before modeling
	Z-score standardization for selected radiomic predictors


NOTE: HU, Hounsfield unit; GLCM, gray-level co-occurrence matrix; GLRLM, gray-level run-length matrix; GLSZM, gray-level size-zone matrix; GLDM, gray-level dependence matrix; NGTDM, neighboring gray-tone difference matrix.


Table S3. Multimodal Feature Blocks and Random Forest Model Configuration
	Block
	Input / Setting
	Detailed Description

	Outcome variable
	Final survival status
	Death and Survival used as binary prognostic classification labels

	Clinical feature block
	18 coded clinical variables
	Tumor grade, gender, race, lymph node examination counts, positive lymph node count, residual tumor, AJCC T/N/M/stage variables, tumor status, family history of stomach cancer, radiation treatment, treatment outcome, new tumor event, age at initial pathologic diagnosis, anatomic neoplasm subdivision, H. pylori infection, and targeted molecular therapy

	Radiomic feature block
	11 selected CT radiomic features
	Energy, TotalEnergy, MajorAxisLength, Maximum2DDiameterColumn, Maximum2DDiameterRow, Maximum3DDiameter, VoxelVolume, MinorAxisLength, MaximumDiameter, Perimeter, and PixelSurface

	Transcriptomic module block
	Seven WGCNA module eigengenes plus retained gene-level transcriptomic predictors
	ME-1 to ME-7 were used as low-dimensional transcriptomic predictors; retained gene-level predictors derived from WGCNA-informed feature filtering were also entered into the transcriptomic feature block

	Gene-level feature importance
	Nine retained gene-level transcriptomic predictors
	CHAF1A (0.188), REPIN1 (0.128), SERPINE1 (0.117), HTRA3 (0.100), PWP2 (0.097), GPR173 (0.078), NCLN (0.075), NT5E (0.075), and MYL4 (0.071)

	Training/evaluation split
	37 training/internal validation cases and 9 held-out evaluation cases
	Held-out evaluation contained 4 Death and 5 Survival cases, matching the displayed confusion matrix

	Cross-validation
	Stratified five-fold cross-validation within the training/internal-validation cohort
	Used for internal performance estimation and ROC analysis in the small cohort

	Feature scaling
	Z-score standardization
	Clinical, radiomic, and transcriptomic predictors standardized before model fitting

	Final model
	Random forest classifier
	Clinical, radiomic, WGCNA module eigengene, and retained gene-level transcriptomic predictors were concatenated and entered into a single random forest model

	Number of trees
	500
	Used to stabilize feature importance and reduce variance

	Tree depth
	max_depth = 3
	Constrained model complexity for the small cohort

	Minimum samples per split
	min_samples_split = 4
	Conservative node-splitting setting

	Minimum samples per leaf
	min_samples_leaf = 2
	Restricted terminal nodes to reduce single-sample leaves

	Feature sampling
	max_features = sqrt
	Square-root feature sampling at each split

	Class weighting
	balanced
	Balanced weighting for binary survival-status classification

	Random seed
	2024
	Fixed seed used for reproducible splitting and model training

	Feature importance
	Gini importance
	Used for model interpretation and not interpreted as biological causality


NOTE: WGCNA, weighted gene co-expression network analysis. Gene-level feature importance indicates model contribution and should not be interpreted as direct mechanistic evidence.


Table S4. Model Evaluation Metrics for Survival-Status Classification
	Metric
	Value
	Source / Calculation
	Interpretation

	Evaluated samples
	9
	Displayed confusion matrix
	Held-out evaluation set used for Figure 9B

	Class distribution
	Death, 4; Survival, 5
	Displayed confusion matrix
	True-label distribution of the held-out evaluation set

	AUC
	0.85 (95% CI, 0.68-0.97)
	Reported ROC performance; CI matched to the ROC analysis shown in Figure 9A
	Primary discrimination metric with wide uncertainty due to the small evaluation and validation sample sizes

	Accuracy
	0.78 (7/9)
	(TN + TP) / total = (3 + 4) / 9
	Overall proportion of correctly classified cases

	Precision for Survival
	0.80 (4/5)
	TP / (TP + FP) = 4 / (4 + 1)
	Positive predictive value when Survival is treated as the positive class

	Recall/Sensitivity for Survival
	0.80 (4/5)
	TP / (TP + FN) = 4 / (4 + 1)
	Ability to identify Survival cases

	Specificity for Death
	0.75 (3/4)
	TN / (TN + FP) = 3 / (3 + 1)
	Ability to identify Death cases

	F1 score for Survival
	0.80
	2 x precision x recall / (precision + recall)
	Harmonic mean of precision and recall

	Balanced accuracy
	0.78
	(Sensitivity + specificity) / 2 = (0.80 + 0.75) / 2
	Average of sensitivity and specificity

	Weighted recall
	0.78
	Reported model performance
	Matches the overall accuracy in this binary setting

	Weighted F1 score
	0.78
	Reported model performance
	Class-weighted summary of F1 performance

	True negative
	3
	Displayed confusion matrix
	True Death predicted as Death

	False positive
	1
	Displayed confusion matrix
	True Death predicted as Survival

	False negative
	1
	Displayed confusion matrix
	True Survival predicted as Death

	True positive
	4
	Displayed confusion matrix
	True Survival predicted as Survival
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