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Multi-scale fusion and cross modal interaction graph convolutional

network for Autism Diagnosis
Xu Aoxue, Xie Qinlan’
(College of Biomedical Engineering, South-Central Minzu University, Wuhan 430074, Hubei China)

Abstract The advantages of graph neural networks in processing non Euclidean data have led to significant progress in
functional network analysis for brain disease diagnosis. However, there are still problems in the diagnosis process such as
insufficient multimodal information fusion and insufficient capture of multi-scale features by brain networks.An end-to-end
multi-scale fusion and cross modal interaction (MFCMI) graph convolutional network is proposed, which constructs
individual graphs using imaging data. Through a dense sparse dual branch fusion module, self attention graph pooling is
used to screen key brain regions in sparse branches to capture local fine topology. In dense branches, node clustering is
used to aggregate global brain information to preserve global correlation patterns, achieving multi-scale feature extraction
of brain networks from local to global At the same time, a cross modal interaction module based on multi head cross
attention and gating fusion enables image features and non image features to query and retrieve complementary information
from each other, achieving bidirectional deep interaction, and then classifying on the group map A 10 fold cross validation
was conducted on the ABIDE dataset, and the results showed that the model had an accuracy of 88.40% and an AUC of
96.35%, which are superior to existing advanced methods. It was also able to identify key biomarkers in brain regions,
effectively improving the accuracy and interpretability of ASD diagnosis and providing reliable support for clinical auxiliary

diagnosis.
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Fig. 1  Overall framework of MFCMI
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Fig. 2 Structure diagram of the Dense-Sparse Fusion module
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Tab. 1  Phenotypic information of subjects in the ABIDE dataset

Total Subjects 871
HC/Patients 468/403
Female/Male 1447727

Age range 6-58
Age mean 16.94
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Tab.2 Performance comparison of the proposed method with other methods in ASD classification (mean)

Methods ACC/% SEN/% SPE/% F1/% AUC/% B
GCN[19] 66.80 70.20 71.20 70.28 67.49 H
BrainGNN[ 7] 67.40 67.30 70.61 65.32 67.42 Lk
MVS-GCN[8] 67.51 66.93 69.75 67.39 68.71 L
MAHGCN[20] 70.87 70.92 72.43 71.21 70.62 Lo
MGCA-RAFFNet[21] 72.30 71.06 70.25 70.13 76.22 L)
MGATBC[22] 76.61 77.93 79.62 79.33 82.43 .
ContrastPool [ 23] 65.12 65.10 66.50 64.92 68.74 L1k
Population-GCN[9] 70.54 76.21 68.02 73.29 71.07 %
EV-GCN[ 18] 80.26 80.77 82.35 80.60 83.06 %
MCGC-SPFFN[13] 68.77 76.68 70.10 72.59 68.08 %
LG-GNN[11] 71.53 76.52 65.67 74.32 71.55 %
ACA-GCN[24] 86.91 89.04 87.39 87.77 88.51 %
WL_DeepGCN[25] 7121 71.81 69.21 69.76 73.36 %
FC-HGNN[26] 87.29 89.12 85.54 88.30 94.83 %
MFCMI 88.40 90.82 85.60 89.37 96.35 %
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Fig. 4 ROC curves of each fold in the 10-fold cross-validation
DA FIAR A, AR SCETE T B F X AR ) 52 )
THRLSE I . FEZAR AR FH 58 3 (1) MECMIT 2244 .
2.5.1  4Fxd DSF AL 0 0% ak 52 I

23 JBIR T &% DSFRBEH Y =N T Rl 52 55 DL
5% 8% il MFCMI 55 %1 78 ABIDE 0408 45 | i 37 24 1

5 B85 MGATBC Fl FC-HGNN (P RES bz 22 50 L ]
Fig. 5 Comparison of performance metrics between the model and

MGATBC and FC-HGNN
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Tab.3  Ablation experiment results of the Dense-Sparse Fusion module

Ablations Features Metrics
Dense Sparse ACC/% SEN/% SPE/% F1/% AUC/%
w/o Sparse N X 85.29 90.62 79.13 86.91 93.53
w/o Dense X N 87.02 89.33 84.34 88.12 95.42
w/o DSF X X 86.45 88.23 84.32 87.53 95.29
MFCMI N 88.40 90.82 85.60 89.37 96.35
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Tab. 4  Ablation experiment results of the Cross Modal Interaction module

Features Metrics
Ablations
Img Nonimg ACC/% SEN/% SPE/% F1/% AUC/%
w/ img N x 86.33 88.02 84.36 87.36 94.56
w/ simple fusion N J 84.26 83.35 85.36 85.05 94.00
MFCMI N N 88.40 90.82 85.60 89.37 96.35
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Fig. 6 Distribution of the top 10 ROIs with the highest contribution
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