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Abstract

Long non-coding RNAs (IncRNAs) play a critical role in the onset and progression of various human diseases,
including cancer. Therefore, identifying novel associations between IncRNAs and diseases is of great biological and
clinical significance. However, existing computational models mainly rely on network topological information and
often fail to adequately capture the intrinsic biological characteristics of IncRNAs. To address this limitation, we
propose a novel model, CG-HGCN, which integrates IncRNA sequence features with heterogeneous information
network structures. Specifically, CG-HGCN employs a combination of CNN and GRU to extract informative features
from IncRNA sequences, which are then used as initial node representations in an HG-GCN composed of IncRNAs,
miRNAs, and diseases. By learning complex interactions within the network, the model predicts the association
probabilities between IncRNAs and diseases. Experimental results demonstrate that incorporating both sequence
information and heterogeneous network data enables CG-HGCN to effectively predict IncRNA - disease associations.
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Table 1. 10-Fold cross-validation performance results

Fold 1 2 3 4 5

7 8 9 10 mean

AUC | 09401 | 09474 | 09245 | 09416 | 0.9362 | 0.9527

09378 | 09444 | 09366 | 09195 | 0.9381 = 0.009

AUPR | 09531 | 09531 | 09323 | 0.9451 | 0.9366 | 0.9458

0.9458 | 0.9499 | 09389 | 0.9288 | 0.9435 = 0.0086

Aote AL 103 WAk HFolA Hg AUC
09381, ¥ AUPR 094352 & 9= AeS
A&ttt 1:!:6‘]. ZH ZTd¥ A% Hals AUCS
F EFHAF 00095, AUPRS] 7-¢ 0.0086°-Z
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Aol FFHAT} 001 vgro2 w9 2 Yept
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Fig. 4. 10-fold cross-validation ROC curves

Cross-Validation Precision-Recall Curves
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Fig. 5. 10-fold cross-validation PR curves
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Table 2. Model performance comparison by sequence length

Sequence | 1oon AUC (+ std) | Mean AUPR (¢ std)
length
150 | 0933% (+ 00139 | 09407 (+ 00114
2000 | 09381 (+ 00095 | 09435 (+ 0.0086)
2500 | 09386 (+ 00095 | 09433 (+ 0.0084)
3000 | 09336 (+ 00135 | 09404 (= 00114)

Ag Azl mdo M9 Zo] 20003 2,500
=L d= A5S Bt %Lﬂ]agi, AUCE Zo]
,500°1 41 0.93862.2, AUPRS Z o] 2000014 0.9435
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Table 3. CNN-GRU ablation model performance results
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Fig. 6. CNN-GRU ablation model ROC curves
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Fold 1 2 3 4 5 6 7 8 9 10 mean
AUC | 09423 | 09390 | 0.9063 | 0.9411 | 0.9220 | 0.9385 | 0.9422 | 09422 | 0.9387 | 0.9244 | 0.9329 £ 0.0112
AUPR | 09498 | 09140 | 09140 | 09513 | 0.9230 | 0.9459 | 0.9421 | 0.9495 | 0.9441 | 0.9335 | 0.9399 + 0.0119
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