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Brain Network Analysis:Method and Application
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Abstract: The network is a popular way to model the interactions among elements in nature, and it has
been widely used in many studies. The human brain can be considered as a complex network after defining
nodes and edges. In such a network, human cognitive functions and some brain diseases are closely related
to the structure of the network. Brian network analysis is a popular research area with important
applications in a variety of disciplines. It provides a powerful approach to many works, including exploring
working mechanisms of the brain, understanding pathological underpinnings of neurological disorders, and
improving the efficiency of the therapeutic and diagnostic in clinical. This paper reviews the concepts,
methods, and applications of brain network analysis, and it is divided into three parts with a introduction, i.
e., brain network construction, brain network representation, and brain network analysis. Finally, we
summarize this paper and discuss some new directions and problems for future research.
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Table 1 Classification methods and performances in brain networks
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7 : HC = Healthy controls; MCI = Mild cognitive impairment; RRMS = Relapsing-remitting multiple sclerosis; HIV = Hu-
man immunodeficiency virus ; SZ = Schizophrenia; MDD = Major depressive disorder; ASD = Autism spectrum disorder; AD-
HD = Attention-deficit hyperactivity disorder; SVM = Support vector machine; SDBN = Structural deep brain network; LDA =
Linear discriminant analysis; RE = Random forest; PCA = Principal component analysis; GCN = Graph convolutional network;
KNN = K-nearest-neighbor; LSTM = Long short-term memory; DNN = Deep neural network; GAN = Generative adversarial

network; RNN = Recurrent neural network
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