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Abstract: Resting state functional magnetic resonance imaging (rs-fMRI) technology is widely
used for predicting and diagnosing brain diseases. Researchers have proposed a large number of
diagnostic methods based on rs-fMRI functional connectivity networks, but these methods have
problems such as not fully considering the complex dependency relationships of brain network
data and high computational costs. To address the aforementioned issues, this paper proposes a
brain disease diagnosis method based on the bidirectional selective state space model (SSM)
framework, Bi-BrainSSM., This method designs an attentive bi-Mamba (ABM) module that
combines multi head attention mechanism with a bidirectional selective state space model to
enhance the representational ability of brain functional connectivity networks and improve the
computational efficiency of the model. Simultaneously introducing orthogonal clustering readout
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to solve the problem of information loss in traditional aggregation methods. This method was
validated on the publicly available ABIDE autism dataset and REST-MDD depression dataset.
The experimental results show that compared to other comparison methods based on rs-fMRI,
Bi-BrainSSM achieves more accurate diagnostic performance, while also having higher
computational efficiency and lower GPU memory occupancy.

Keywords: diagnosis of brain diseases; rs-fMRI; selective state space; attention mechanism;
orthogonal clustering
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Table 1 Demographic and statistical information of the dataset

ABIDE REST-MDD

ASD HC MDD HC

Faele MRIL) RS MR R MW(BIR) R (L)
35.2+19 461/65 31.8+25 459/99 47.4+35 455/808 47.7£33 457/636
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Table 2 Performance of different methods on ABIDE and REST-MDD datasets %
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GCN 63.6+2.3 69.743.2 67.143.2 67.5#.7 658+.1
BrainNetCNN  66.843.1 72.1+%2.8 642445 69.745.6 66.242.2
FBNetGNN  68.1+1.8 76.742.2 66.445.8 63.845.7 68.3+.3
BrainGB 645+27 69.2+16 655464 6495 64.6+.9

ABIDE
Graphormer  65.743.7 77.613.1 66.6+3.9 70.1#4.4 66.7+.9
BrainNetTF  71.1+2.2 78.844.2 73.048.8 68.947.2 70.9+.1
Brain-GM 69.2+3.0 77.4+2.7 72.3+4.1 69.8+4.1 71.2+14
Bi-BrainSSM  75.842.9 81.240.8 70.313.8 8156 75.1+2.8
GCN 65.1+2.4 70.413.6 69.0#4.1 71.843.3 67.9x4
BrainNetCNN  68.4+1.9 73.783.1 66.243.8 70.535.6 67.8%2.3
FBNetGNN  66.743.0 74.2+.9 65.644.6 624345 65.8+.8
BrainGB 67.282.7 70.72.4 68.843.0 67.935.1 66.1%2.2
REST-MDD
Graphormer  70.142.9 78.613.3 704135 732342 69.7%2.6
BrainNetTF  75.4+1.8 81.543.6 744351 70.834.8 73428
Brain-GM 68.841.2 76.3+2.8 69.543.2 68.543.2 67.445
Bi-BrainSSM  77.3+2.6 83.3#l.5 721434 824431 76.5x2.7
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1.0 1.0
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Fig.2 ROC curves of different methods on ABIDE and REST-MDD datasets
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