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Abstract: The multi-modal brain network, which integrates the brain structural and functional networks,
can effectively extract the complementary information from different modalities, significantly improving the
diagnostic accuracy of neurological diseases such as epilepsy. However, due to the long acquisition time
and high acquisition cost of multi-modal data collection, it often faces the problem of modality missingness
in practical applications, leading to decreased diagnostic accuracy and generalization ability of the model.
To address the issue of modality data completely missing, we propose a method based on graph learning
methods and cycle-consistent generative adversarial networks, named Graph-CycleGAN method. This

method captures feature information between different brain regions in the brain network by introducing
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graph neural networks, such as graph convolutional neural networks and graph attention mechanisms.
Besides, it strengthens the feature extraction ability of the generative framework and realizes the mutual
generation of brain structural network and functional network. In addition, to address the lack of diagnostic
result-based evaluations for the quality of generated data, this paper proposes a classification model that
integrates real and generated brain networks. Experimental results on the epilepsy dataset indicate that the
proposed Graph-CycleGAN method can effectively realize the generation of missing brain network by
utilizing the existing modality information.

Key words: brain network; missing modality; graph learning; generative adversarial networks; modality

completion; epilepsy diagnosis
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Table 3 Classification results of the generated SC and the real FC on epilepsy datasets %
TEZS 58 A il 2k H 6] Tk ACC BAC AUC F,
IDM 77.42 77.21 73.18 75.52
K-means 68.74 67.70 62.20 66.90
SVD 72.92 71.95 69.59 66.01
20% LRA 70.52 68.34 65.54 64.21
GCN 77.90 77.63 75.21 78.77
Graph-CycleGAN 82.12 81.71 83.04 77.86
IDM 79.31 78.02 77.83 77.29
K-means 77.99 78.04 77.52 78.16
SVD 77.49 76.24 74.62 74.11
60% LRA 69.24 68.59 66.35 63.45
GCN 75.15 75.62 80.25 76.42
Graph-CycleGAN 80.74 80.07 81.72 78.81
IDM 67.69 66.19 63.61 60.32
K-means 73.23 72.95 66.13 73.52
SVD 74.20 72.51 66.35 67.15
100% LRA 71.41 69.92 66.81 66.27
GCN 71.39 71.43 67.79 68.52
Graph-CycleGAN 76.00 74.49 72.48 71.53
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