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Supplementary Tables
Table S1: Key Multi-omics Endometrial Cancer Studies Using Public Databases and Computational Approaches
	Publicly Available Databases
	Computational tools/Algorithms used

	Integration type
	Validation Layer
	Outcome
	Reference

	TCGA, GEO, 
CPTAC
	Consensus clustering;
LASSO; Random Forest (RF); Cox
	Sequential integration (transcriptomics-driven subtype discovery) 
	External transcriptomics cohort (GEO) + proteomic (CPTAC), cell-line validation (CCLE)
	13-gene prognostic model 
	(Liu et al. 2024)
	TCGA; GEO (scRNA-seq)
	Ensemble survival ML
	Sequential multi-modal
(Bulk RNA → scRNA → prognostic model)
	 scRNA + in-vitro validation
	7-gene pyroptosis prognostic signature

	(Huang et al. 2025a)
	TCGA, GTEx, GEO, HPA
	Statistical and enrichment analysis
	Targeted multi-omics characterization

	External Transcriptomics cohort (GEO) + qRT-PCR 
	Prognosis (KLRG2) and immune suppression 

	(Huang et al. 2025b)
	TCGA, GEO, SRA

	Regression -based ML 
	Feature-level integration
	External CPTAC cohort (N=217 UCEC tumors)  
	ARID1A-based stratification 
	(Song et al. 2025)
	TCGA, GEO, CPTAC, GTEx 

	Cox and survival analysis
	Gene-centric transcriptomics-proteomics characterisation
	External transcriptomics cohort (GEO) + CPTAC validation
	S100A2 → poor prognosis 
	(Zhang et al. 2022b)
	TCGA, GEO, SRA
	TIDE; EaSleR; ImmunoPhenoScore
	Late multi-omics integration

	Transcriptomics (GEO) + scRNA + independent immunotherapy cohort (n=12) + IHC + Flow cytometry + macrophage co-culture functional assays

	Immune active vs suppressed TME predicts responders
	(Guan et al. 2025)


	TCGA, GTEx, CPTAC, NCBI
	Statistical & immune profiling 

	Single-gene multi-omics analysis
	Cross-database validation (TCGA, GTEx, HPA, CPTAC, cBioPortal, TIMER2.0) + No clinical cohort /wetlab
	S1PR1↓ in EC (no prognostic impact)
	(Xiong et al. 2025)


	Metric
	Formula
	Interpretation
	Key Features
	
Reference


	Accuracy 
	


	Proportion of correctly classified samples among all instances
	Measure overall correctness, but not ideal for imbalanced data
	(Chen et al. 2020)
	Recall
	


	Sensitivity or True positive rate → measures actual positives correctly identified
	Important for detecting minority or positive cases; high recall → few false negatives
	(Vela Moreno et al. 2025)
	F1-Score
	


	The mean of precision and recall balances the trade-off between them
	Suitable for imbalanced data; balances false positives and false negatives
	(Goyal et al. 2024)
	Balanced accuracy
	


	Average of sensitivity (recall) and specificity (true negative rate)
	Adjusted for imbalance; can reflect positive + negative class performance
	(Bruno et al. 2023)
	Precision
	


	Proportion of predicted positives that are truly positive
	High precision indicates few false positives
	(Miller et al. 2024)
	Area Under Curve (AUROC)
	—
	Plots True Positive Rate vs. False Positive Rate across thresholds. Ranges from 0 (poor) to 1 (excellent).

	Indicates ranking ability; higher AUROC means better separability of classes
	(Miller et al. 2024)
	Area Under Precision-Recall Curve 
	—
	Precision vs recall across thresholds; higher values indicate strong performance on the positive (minority) class.

	Especially informative for imbalanced datasets; complements AUROC.
	(Vela Moreno et al. 2025)

Table S2: Performance Evaluation Metrics


Table S3. Key Feature Selection Methods Applied in Endometrial Cancer, Outlining Their Advantages, Limitations, and Applications
	
Algorithm

	
Advantages
	
Disadvantages
	
Application
	
References


	
Boruta
	Shadow-feature filtering handles noise and missing values

	Computationally intensive; parameter-sensitive; redundant feature retention
	Retained 18 features after 1000 iterations (PCD-DEGs)

	(Kursa and Rudnicki 2010; Pan et al. 2025)

	Random Forest 
	Compatible with high-dimensionality + non-linear modelling, and low overfitting

	Low interpretability; biased importance; tuning required
	Radiomics classification: Achieved an AUC ~0.97 

	(Ho 1995; Santoro et al. 2024)

	Recursive Feature Elimination (RFE)
	Iterative feature pruning; estimator flexible
	Multicollinearity sensitive; may drop synergistic features
	Narrowed down 4 candidate genes; highlighted ENPP2 as PCOS- EC 

	(Guyon et al. 2002; Zhang et al. 2024) 

	LASSO 
	Sparse regularization; embedded feature selection

	λ dependent; may exclude correlated predictors; linear assumption
	Identified 29 prognostic lncRNAs 

	(Tibshirani 1996; Li et al. 2023).





Table S4. Tools for Multi-Omics Data Integration in Machine Learning
	Name
	Core methodology
	Programming language
	Custom data support
	Missing data handling
	References

	MOFA2 / MOFA 
	Matrix factorization framework
	R
	Yes
	Yes
	(Muthamilsevan and Palaniappan 2025)
	iCluster / iClusterPlus / iClusterBayes 

	Bayesian latent variable model
	R
	Yes
	No
	(Chalise et al. 2023)
	Similarity Network Fusion (SNF) 

	Network fusion approach
	R /MATLAB
	Yes
	No
	(Zhang et al. 2022a)
	DeepCCA 
	DL combined with canonical correlation

	Python
	No
	No
	(Wróbel et al. 2024)
	DIABLO 
	Multi-block CCA / LDA

	R
	Yes
	Yes
	(Singh et al. 2019; Morabito et al. 2025)
	MOLI
	DL pipeline for drug response

	Python
	No
	No
	(Sharifi-Noghabi et al. 2019; Lee et al. 2022)
	sCCA 
	Sparse canonical correlation analysis

	R
	No
	No
	(Wróbel et al. 2024)
	HNMDRP 
	Network-based drug response prediction
	R / MATLAB
	No
	No
	(Zhang et al. 2018; Peng et al. 2022)
	moCluster 
	Bayesian clustering model
	R
	Yes
	No
	(Subramanian et al. 2020)
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