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Contrastive learning-driven multi-omics molecular subtyping of ovarian cancer
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Abstract: Molecular subtyping of ovarian cancer is essential for personalized treatment and prognostic assessment, but high
tumor heterogeneity and the high-dimensional, low-sample size problem compromise the accuracy of traditional methods. An
end-to-end multi-omics model called the contrastive deep clustering model (CDCM) which integrates contrastive learning
and deep clustering is proposed to address the aforementioned challenges. CDCM fuses RNA-seq, CNV and DNA
methylation data from TCGA-OV, and inputs them into an autoencoder to capture complex nonlinear interactions in the data.
Subsequently, 4 data-augmentation strategies are used to construct positive and negative sample pairs, and a contrastive
learning mechanism is employed to effectively enhance representation robustness and discriminability, thereby alleviating
overfitting under the high-dimensional, low-sample size condition. Finally, a clustering loss based on the Student's
t-distribution is jointly optimized with the contrastive loss to directly drive samples toward cluster centers and obtain more
separable, well-defined subtypes. Ablation experiments using XGBoost quantify the contributions of omics modality
demonstrate that multi-omics integration can substantially improve subtyping performance. To enhance the model's
biological interpretability, XGBoost and WGCNA are combined to identify 12 candidate biomarkers associated with ovarian
cancer, 10 of which have been validated in existing literature. CDCM outperforms classical models such as K-Means,
and achieves a silhouette score of 0.579, a Calinski-Harabasz index of 344.85, and a survival-difference significance
of -1g P=1.771, providing a new methodological avenue for precision diagnosis and treatment of ovarian cancer.
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Table 1 Initial dimensionality of the 3 omics datasets for ovarian cancer

2T HEA R AR
RNA-seq 308 20531
CNV 579 24777
DNA H 5L 616 27579
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Table 2 Dimensionality of the omics datasets after data preprocessing

Hikeeest] AR LR
RNA-seq 305 20530
CNV 579 24776
DNA HJEAk 596 24965
Multi-omics 292 70271
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Figure 1 CDCM framework for molecular subtyping of ovarian cancer
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Figure 2 Visualization of clustering results for molecular

subtypes of ovarian cancer
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Table 3 Performance comparison of different clustering methods
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Table 4 Biological markers related to the survival of ovarian cancer
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