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Topological Property of Connectivity Network for MCI Classification

Jie Biao, Zhang Daoqgiang
(College of Computer Science and Technology, Nanjing University of
Aeronautics &. Astronautics, Nanjing, 210016, China)

Abstract: Alzheimer's disease (AD) as well as its prodromal stage, i. e. , mild cognitive im-
pairment (MCI), are one of the most prevalent dementia in older adults, which are character-
ized by cognitive and intellectual deficits. Machine learning and pattern recognition techniques
have been applied to the study of AD/MCI. Recently, connectivity-network based classification
methods are applied to the study of AD and MCI, i. e., to identify the individuals with AD/
MCI from the healthy controls (HC). However, most existing methods focus on using some
local properties of a connectivity network (e. g., local clustering), although other network
properties, such as whole topological property, can potentially be used. Moreover, existing
studies indicate that AD/MCI is associated with a large-scale highly-connected functional net-
work, rather than a single isolated region. So, by employing kernel based approach, this paper
proposes a novel connectivity network based method to extract and quantify whole topological
information of connectivity network for improving the classification performance. The pro-
posed method is evaluated on 12 MCI patients and 25 healthy controls, and promising experi-
mental results are obtained.
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