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Abstract:In recent years, many studies have used rs-fMRI to construct dynamic functional connectivity network and
applied it to the diagnosis of brain diseases such as epilepsy and schizophrenia. The results show that graph convolution
network ( GCN ) can effectively preserve graph structure and extract higher-order features of brain network. However, the
existing models using GCN model to diagnose brain diseases usually do not update the graph structure during the training
process, so the model effect is often constrained by the quality of the input graph. In addition, the lack of explainability
limits the wide application of GCN model in disease diagnosis. In this paper,we propose an interpretable Siamese graph
contrastive network to extract spatio-temporal information from the brain network. Specifically, the interpretable module
dynamically adjusts the graph structure of the input model by combining the correlation information between brain regions
through graph generation network. The graph contrast module learns global and local information of brain network to
obtain discriminative feature embedding. Siamese network module takes paired subject graph as model input to alleviate
the problem of small data subject size. All modules in our method are optimized together to extract temporal and spatial
features of brain networks at the individual level for reliable disease diagnosis. Experimental results show that the
proposed method achieves promising diagnostic performance on epilepsy datasets and provides explainable results.

Key words : brain network research ,interpretable , graph generation network , graph contrastive learning,siamese networks
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Fig. 1 The overview of the proposed method
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Table 1 Performance comparison of the proposed and competing methods

NC vs. TLE&FLE NC vs. TLE

Method
ACC F1 AUC ACC F1 AUC
dFCN_LSTM 66.72 56.90 66.35 62.64 65.02 62.63
Dfuse 70.98 59.68 72.59 68.90 72.59 69.48
BrainNetCNN 73.77 78.95 71.07 72.73 66.67 68.34
SCP-GCN 77.41 74.07 73.11 75.75 70.64 68.33
GCNeuro 67.98 72.36 56.09 67.40 55.86 66.53
ours 80.73 85.08 74.85 76.93 71.69 69.49

NC vs. FLE TLE vs. FLE

Method
ACC F1 AUC ACC F1 AUC
dFCN_LSTM 64.01 70.97 68.40 60.47 66.98 59.50
Dfuse 61.18 62.37 65.75 76.05 69.11 70.38
BrainNetCNN 67.50 71.11 67.04 66.67 57.14 65.00
SCP-GCN 78.57 71.43 74.55 71.05 66.67 69.34
GCNeuro 70.87 43.33 59.54 66.79 41.04 58.79
ours 79.19 75.73 87.36 77.05 71.68 73.47

F2 BRBEEL4NDPEESHERIRER
Table 2 Ablation experiments of four classification tasks on an epileptic dataset
NC vs. TLE&FLE NC vs. TLE
Method
ACC F1 AUC ACC F1 AUC
SCG-s 79.08 83.22 74.25 74.63 69.34 67.60
SCG-g 72.19 80.76 63.78 71.40 67.90 66.65
SCG-¢ 80.43 84.91 72.01 76.01 71.24 69.46
ours 80.73 85.08 74.85 76.93 71.69 69.49
NC vs. FLE TLE vs. FLE
Method

ACC F1 AUC ACC F1 AUC
SCG-s 75.33 72.33 84.98 74.45 69.57 69.95
SCG-g 71.95 53.14 67.65 76.66 70.99 71.25
SCG-c 73.95 69.47 84.09 71.95 53.14 67.64
ours 79.19 75.73 87.36 77.05 71.68 73.47
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Fig.5 Representation of brain networks generated under four classification tasks in epilepsy
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