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An Ensemble Machine Learning Framework for Identifying
LncRNA - Disease Association
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Abstract

Long non-coding RNAs (LncRNAs) are a class of non-coding RNA genes that have been reported to play critical
roles in various human diseases. Numerous studies and predictive models have been proposed to investigate LncRNA -
disease associations. However, previous approaches that relied on individual models have shown limited predictive
performance due to the inherent constraints of single-model architectures. To address this issue, this study proposes an
ensemble learning-based method that integrates Support Vector Machine (SVM), Gradient Boosting Machine (GBM),
and eXtreme Gradient Boosting (XGBoost) to enhance the accuracy of LncRNA - disease association prediction. By
applying Singular Value Decomposition (SVD) and a distance-based negative sampling strategy, the proposed predictive
model achieved an AUC of 0.93, demonstrating a significant improvement in performance. Furthermore, comparative
experiments were conducted using various combinations of individual ensemble models. The results indicate that the
model proposed in this study outperformed the other methods, confirming its superior predictive capability.
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