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Auxiliary diagnosis of depression based on bimodal magnetic resonance imaging and decision

level fusion

DUAN Yifan, WANG Yu, FU Changyang, XIAO Hongbing, XING Suxia
School of Artificial Intelligence, Beijing Technology and Business University, Beijing 100048, China

Abstract: A depression classification algorithm based on structural and functional magnetic resonance imaging data fusion
is proposed. After extracting functional and structural data features by functional brain network and deep learning network,
and obtaining class probability, soft voting method and weighted voting method are used to fuse two kinds of probability
data at decision level for fully extracting the data information of functional and structural magnetic resonance imaging,
thereby obtaining more accurate classification results. The test results show that the data fusion method can effectively
improve the performance in depression classification, achieving an accuracy of 91.34% and a recall rate of 96.62%, which
testifies that the proposed method can better realize the auxiliary diagnosis and prognosis of depression.
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Figure 1 Schematic diagram of the framework of the proposed method
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Figure 2 Flowchart of fMRI data preprocessing
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Table 1 Comparison of classification performances under different scales of brain networks (%)
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Table 4 Comparison of classification performances among different methods (%)
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