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[ Abstract] Objective This study proposes a multi-omics integration model, EGWO-GAT, based on
graph attention network (GAT) and enhanced-grey wolf optimizer (EGWO), for staging prediction of bladder
urothelial carcinoma (BLCA) samples. Methods A total of 404 BLCA samples from The Cancer Genome
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Atlas (TCGA) were collected from the University of California, Santa Cruz Xena (UCSC Xena) functional
genomics explorer, including mRNA, DNA methylation, and microRNA (miRNA) data. After separate
preprocessing and differential analysis of the 3 omics datasets, node features and edge features were extracted.
Using GAT as the backbone framework, EGWO was employed for hyperparameter optimization, and multilayer
perceptron (MLP) was applied for cancer staging prediction. Through 5-fold cross-validation, the performance
of EGWO-GAT was compared with classical machine learning models, along with omics contribution analysis
and performance conparison of models retaining different numbers of similar edges. Accuracy, precision,
recall, F1 score, and area under the curve (AUC) were used as core evaluation metrics. Results Differential
feature screening identified 534 differentially expressed genes in mRNA, 3 108 differential probes in DNA
methylation, and 114 differential miRNAs. Model comparisons showed that EGWO-GAT achieved optimal
performance when integrating all omics data and retaining edges from the top 3 similar patients, with an AUC
value of 0. 744, an accuracy of 0. 711, a precision of 0. 792, a recall of 0. 782, and an F1 score of 0. 785. Its
performance significantly surpassed other classical methods and outperformed the GS-GAT model across all
metrics. Omics contribution analysis confirmed that full integration (nRNA+DNA methylation+miRNA)
outperformed all other combinations. Result of the similarity edge number performance comparison
demonstrated that retaining the top 3 similar edges yielded the highest AUC, accuracy, precision, and F1 score
compared to the top 5 or 7 edges. Conclusion The EGWO-GAT model exhibits excellent performance in
BLCA staging, providing reliable technical support for precise diagnosis. It addresses clinical challenges

caused by sample heterogeneity and holds significant potential for guiding individualized treatment and

improving patient prognosis.
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Figure 3 Volcano plots of differential expression in multi-omics analyses
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Table 1 Comparative performance of different models in disease staging (x+s)

Models AUC Accuracy Precision Recall F1 score
Logistic-Regression 0.726+0. 014 0. 709+0. 041 0. 772+0. 021 0. 811+0. 065 0. 790+0. 037
KNN 0. 660+0. 037 0. 691+0. 025 0. 781+0. 028 0. 760+0. 047 0. 769+0. 022
Naive-Bayes 0. 564+0. 004 0.563+0.011 0. 715+0. 005 0.593+0.016 0. 648+0. 012
AdaBoost 0.705+0. 015 0. 694+0. 027 0.762+0. 019 0. 800+0. 056 0. 780+0. 026
Decision-Tree( CART) 0. 593+0. 046 0. 635+0. 045 0.742+0. 031 0. 709+0. 063 0. 724+0. 040
GS-GAT 0. 677+0. 022 0. 672+0. 041 0.753+0. 028 0.771+0. 077 0. 760+0. 038
EGWO-GAT 0. 744+0. 027 0.711+0. 019 0.792+0. 027 0. 782+0. 062 0. 785+0. 022

KNN: K-nearest neighbor; CART: Classification and regression tree; GS-GAT: Grid search-graph attention network; EGWO-

GAT: Enhanced-grey wolf optimizer based-graph attention network
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Figure 4 Confusion matrices and ROC curves of the models
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*2 BHFHESHHMERT (i)
Table 2 Staging performance of different omics combination (%+s)

Omics combination AUC Accuracy Precision Recall F1 score
mRNA 0. 688+0. 029 0. 674+0. 051 0. 764+0. 038 0. 756x0. 082 0. 758+0. 048
MET 0. 681+0. 078 0. 679+0. 042 0. 776+0. 055 0.756+0. 113 0. 760+0. 043
miRNA 0. 714+0. 066 0. 684+0. 045 0. 781+0. 038 0. 745+0. 073 0.761+0. 041
mRNA+MET 0. 672+0. 075 0. 659+0. 062 0. 764+0. 015 0.720+0. 114 0. 738+0. 065
mRNA+miRNA 0. 691+0. 027 0. 644+0. 064 0. 780+0. 030 0. 669+0. 143 0. 712+0. 087
MET+miRNA 0. 693+0. 044 0. 689+0. 044 0. 766+0. 031 0. 782+0. 07 0. 772+0. 039
mRNA+MET+miRNA 0. 744+0. 027 0.711+0.019 0.792+0. 027 0. 782+0. 062 0. 785+0. 022
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Figure 5 ROC curves of BLCA staging performance among

different omics data combinations
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Figure 6 Performance metrics polar bar chart
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