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Abstract

Cancer remains one of the leading causes of mortality worldwide, particularly in advanced or
metastatic cases, where treatment remains a significant challenge. Accurate cancer staging is crit-
ical in clinical practice for determining optimal treatment strategies and assessing patient progno-
sis. Traditional staging methods primarily rely on imaging and clinical examination data. However,
with rapid advancements in genomics and molecular biology, lever aging multi-omics data for
early cancer diagnosis and staging has become increasingly important. To enhance the accuracy
of cancer classification and staging, this study proposes an ovel multi-omics data analysis frame-
work, MOGCWMLP. This framework utilizes graph convolutional networks (GCN) for feature learn-
ing across different omics data types and incorporates a weighted multilayer perceptron (MLP) for
classification decision-making. Specifically, MOGCWMLP integrates three distinct types of omics
data—mRNA, miRNA, and IncRNA—by extracting and fusing their features through a weighted
mechanism, there by maximizing the complementary information among different omics modal-
ities. Experimental results demonstrate that the MOGCWMLP model achieves significantly higher
classification accuracy on the lung squamous cell carcinoma (LUSC) dataset compared to existing
single-omics and multi-omics models. Notably, the integration of multi-omics data leads to substan-
tial improvements in classification performance. Furthermore, the incorporation of a learnable
weighted fusion mechanism enables the dynamic adjustment of each modality’s contribution, fur-
ther optimizing the model’s classification effectiveness. This study provides an effective tool for
precise cancer diagnosis and personalized treatment, while also offering new insights into the inte-
gration of multi-omics data.
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Table 1. Data set information used in the study
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Figure 1. The workflow diagram of MOGCWMLP
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Figure 2. Performance comparison of different models based on accuracy, precision, and F1_weighted score
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Figure 3. Comparison of classification performance across different omics-data combinations
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Figure 5. GO functional enrichment analysis of the top 300 feature genes
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