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Multi-site Hyper-graph Convolutional Neural Networks and Application
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Abstract Recently,the exploitation of graph neural networks for neurological brain disorder diagnosis has attracted much atten-
tion. However, the graphs used in the existing studies are usually based on the pairwise connections of different nodes.and thus
cannot reflect the complex correlation of three or more subjects, especially in the multi-site dataset, i. e. , the dataset collected
from different medical institutions with the problem of data heterogeneity resulted from various scanning parameters or subject
population. To address this issue.a multi-site hypergraph data structure is proposed to describe the relationship between multi-
site data. This hypergraph consists of two types hyper-edge,one is intra-site hyper-edge that describes the relationship within the
site,and the other is inter-site hyper-edge that describes relationship between different sites. Also,a hypergraph convolutional
network is proposed to learn the feature representation of each node. The hypergraph convolution consists of two parts:the first
part is the hypergraph node convolution, the second part is the super edge convolution. Experimental results on two multi-site
datasets can also validate the effectiveness of the proposed method.
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Table 1 Detailed statistics information of ASD dataset
B A B EH A
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Table 2 Detailed statistics information of SZ dataset
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Table 3 Result of ablation experiments
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Table 4 Result of the compared methods
CHLT 2 %)

Method ACC SEN SPE AUC
NRF-CNN 69.6744.00 72.4145.03 67.01%6.59 68.22£6.10
sGCN 62.83+3.40 66.8242.16 58.89+£7.11 61.06+5.88
DP-GCN  67.324+3.75 69.4345.16 66.3045.48 68.1746.32
ASD HGNN  69.88+£3.53 73.3744.65 66.1345.53 68.7845.80
DHGNN  70.10£3.15 74.4944,49 65.4144.35 69.32+£4.74

MH-GCN
72.65%2.41 79.60+3.96 65.72+6.01 71.44%5.72

Dataset

(ours)
NRF-CNN 70.38+4.16 73.3343.74 67.44+£5.77 68.25+4.52
sGCN 68.83+3.91 72.0644.37 65.65+£7.73 65.08+4.87
DP-GCN  69.17+£3.25 73.024+4,72 66.13+5.85 67.33£5.96

SZ HGNN  69.73+4.21 72.414+5.07 67.0146.34 68.17£6.35
DHGNN  70.76+4.07 74.5943.48 67.9646.31 70.0145.04
MH-GCN

74.38%3.98 79.28%3.99 69.54%5.32 70.75%4.67
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Table 5 EP value of each type of hyper-edge
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MH-GCN # #y # 0% 7 # 3 57.42 59. 37
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