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Research of autism diagnosis based on MS-SAGCNs
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(1. College of Information Engineering, Shenyang University of Chemical Technology,Shenyang 110142, China;
2. School of Computer Science and Technology. Shandong Technology and Business University, Yantai 264005, China)

Abstract: To address the limitations in autism diagnosis, such as insufficient multi-scale feature extraction and the
inaccuracy of functional connectivity estimation using Pearson correlation, this study proposes a novel diagnostic
framework based on the Multi-Scaled Self-Attention Graph Convolution Network (MS-SAGCN). The framework
begins by applying Morlet wavelet transform and dynamic time warping to extract the time-frequency information of
Blood-Oxygen-Level-Dependent (BOLD) signals and their multi-scale functional connectivity. A pre-trained embedding
model is then used to enhance time-frequency features, which are combined with functional connectivity to construct
multi-scale brain networks. Finally, MS-SAGCN is employed to integrate and enhance the data for the automatic
diagnosis of autism. Experiments were conducted using the ABIDE dataset, and the results show that MS-SAGCN can
effectively enhance the multi-scale brain network. The overall framework achieved an accuracy of 95.1%, a true
positive rate of 97.4%, and an F1 score of 94.9% in the classification task, significantly outperforming other
diagnostic models, demonstrating the promising application prospects of this model.
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Fig. 1 Architectural framework of ASD diagnosis algorithm
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Fig. 2 Module structure for graph data constructor
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Table 2 Comparison of performance with the models presented in other literatures %
AH OGS i P 3% FEAY ACC TPR TNR F1 Score
CHkL6] CC200 PLSNet 76. 4 73.3 78.6 —
CHRL7] AAL116 HE&.L-SAGCN 79.9 75.6 78.6 76. 1
k8] AAL116 VMM-DGCN 91. 6 92. 1 92.5 92. 2
k[ 23] AAL116 MHSA-FCN 81.4 83.0 80. 1 81.3
A3 AAL116 MS-SAGCN 95.1 97.4 92.9 94.9
x3 HEIWHER
Table 3 Ablation experiment results
DTW Pearson
PEM MS-GCN MHSA AN
ACC  TPR  TNR F1 ACC TPR TNR F1
X v Vv v 79.6  80.8  78.6 79.3 75.9 75. 0 76.9 76. 4
v X X v 85.2  83.5  87.0 85.5 82.7 81.2 84. 4 83.1
v X v v 89.5 94.4  85.6 88.9 88.3 91. 9 85. 2 87.7
Vv v X Vv 90. 7 94.6  87.5 90. 3 90. 1 88.2 92.2 90. 4
Vv v v X 89.5  89.0  90.0 89. 6 87.7 85.9 89. 6 88.0
Vv Vv Vv Vv 95.1  97.4  92.9 94.9 93.2 93. 8 92.7 93.2
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