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Functional Connectivity Detection. Method Based on Restricted Boltzmann Machine and
Sparse Approximation \

JING Yan-Shan, ZENG Wei-Ming, WANG Ni-Zhuan

(Lab of Digital Image and Intlelligent Computation, College of Information Engineering, Shanghai Maritime University, Shanghai,
201306, China)

Abstract: The human brain functional connectivity detection is an important technique in neuroscience research. The
restricted boltzmann machine (RBM), modeling on a large amount of multi-subject functional magnetic resonance
imaging (fMRI) data, it can discover the brain functional connectivity. However, the former method with restriction of
the huge training data, it can not detect the functional connectivity on single-subject data effectively. In this research, a
novel functional connectivity detection model taking advantage of the sparsity is presented, which is an effective
combination of the spatial-domain sparse approximation theory and the RBM technique. The e?gpé'rimental results
demonstrated that the proposed model could effectively discover both the temporal dynamic model and the
corresponding spatial functional maps on the single-subject data, which settled ‘ther:“ the bettleneck of RBM.
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