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Brain network analysis algorithm based on
trusted multiview association fusion

DAI Wenhao', DING Weiping', YIN Tao?, HOU Tao', CHEN Yuepeng’

(1. School of Artificial Intelligence and Computer Science, Nantong University, Nantong 226019, China; 2. School of Information
Science and Technology, Nantong University, Nantong 226019, China)

Abstract: Dynamic functional connectivity combined with multiview learning usually assumes that the quality of mul-
tiview data is highly consistent, ignoring the heterogeneity and untrustworthiness of multiview data in the real world. To
address the above problems, a brain network analysis algorithm based on trusted multiview association fusion is pro-
posed. First, a local-global convolutional filter is utilized to extract multiview brain network evidence; second, a mul-
tiview association fusion network is constructed to measure the degree of information sharing through cross-view correl-
ation, and then a selective strategy is used to retain the views containing the most shared information and dynamically
reject low-quality data. To smooth the strength of evidence, a dynamic trust assessment mechanism is designed to
quantify trustworthiness and neutralize it with evidence weighting by jointly modeling evidence uncertainty and cat-
egory probability. Multiple sets of experiments are conducted on two real schizophrenia datasets, and the results valid-
ate the effectiveness and sophistication of the algorithms, which significantly improve the classification performance of
the brain disease diagnosis task.

Keywords: multiview fusion; evidence theory; mutual information; uncertainty; dynamic functional connectivity; brain

network analysis; brain disease diagnosis; multiview learning
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Table 3 Comparison of experimental results

%

PAGITES J7ik ACC SEN SPE PPV NPV F,
MORONET?®! 77394195  89.23+4.21 62.00£837  75.55+3.30  82.06+4.03  81.70+1.14
MMD"#! 78.26+5.33  80.00£10.32  76.00+16.73  82.53+8.63  75.77+7.47  80.55+4.81
TMC!®! 83.48+4.76  83.08+10.03  84.00+894  87.57+5.14  80.35+8.61  84.85+5.05
COBRE DDEF®>? 8522+3.89  83.08+843  88.00+10.95  90.83+7.13  80.88+7.28  86.33+3.69
DEF-NNs! 86.96+3.07  89.23+877  84.00+£11.40  88.72+7.18  87.22+9.13  88.49+3.10
TMAF 89.56+2.38  92.31+0.00 86.00+5.48  89.67+£3.61  89.56+0.61  90.94+1.87
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pAGI TS 7k ACC SEN SPE PPV NPV F,

MORONETP  69.29+4.79  40.00£9.13  91.25+5.60  78.81+14.19  67.08+3.58  52.41+8.75

MMDE!! 72294123  55.00+9.50  85.81+£8.02  76.70+824 71204257  63.14+4.55
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DEF-NNs"! 85.71+3.58  80.00+12.64  90.00+3.42  86.07+2.63  86.41+7.22  82.34%5.93

TMAF 87.86+1.96  91.67+0.00  85.00+3.42  82.20+3.31  93.14+0.26  86.65+1.85
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Fig. 4 Results of ablation experiments on COBRE dataset
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