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An Adaptive Dynamic Community Detection Algorithm Based on

Incremental Spectral Clustering

JIANG Sheng-Yi''3 YANG Bo-Hong! WANG Lian-Xi*3

Abstract To tackle the hot issue of dynamic community detection in complex networks, this paper proposes an adaptive
dynamic community detection algorithm based on the spectral clustering algorithm of linear link-related approach for
static community detection and the incremental spectral clustering. The dynamic community detection algorithm uses
the normalized Laplacian matrix to present the relationships of the complex network nodes, and then uses the Laplacian
eigen map to map the node into the k-dimensional Euclidean space. In order to solve the problems of the outliers to
nodes and the heuristics to identify the number of communities, this paper applies the spectral clustering algorithm of
linear link-related approach to detect the community structure of the initial time slice, which makes the process of the
complex community detection in an adaptive and computationally inexpensive way. For the subsequent adjacent time
slices, the incremental spectral clustering algorithm of this paper aims to detect the dynamic community of complex
network adaptively by clustering results for the next time slice based on the foundation of community characteristics
of the previous time slice, and adjusting the spectral clustering algorithm of linear link-related approach. Experimental
results on a series of datasets show that the spectral clustering algorithm of linear link-related approach can detect the
community structure in the complex networks effectively and that the adaptive dynamic community detection algorithm
based on incremental spectral clustering can also mine the evolution of dynamic communities effectively.
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Table 1  Community detection results of different algorithms

Network Nodes/Edges GN CNM LPA NEC Spinglass Similarity LLC
Karate 34/78 0.40/5 0.38/3 0.37/3 0.38/5 0.42/4 0.41/4 0.42/4
Dolphins 62/159 0.52/5 0.50/4 0.51/4 0.49/6 0.53/5 0.52/4 0.49/4
Jazz 198/2 742 0.41/39 0.44/4 0.28/2 0.35/8 0.44/5 0.40/4 0.44/4
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Polblogs 1222/16 714 0.42/205 0.43/10 0.43/3 0.27/62 0.43/16 0.38/2 0.43/2
Cel 453/2025 0.40/38 0.39/9 0.33/8 0.32/28 0.44/10 0.37/14 0.48/7
Email 1133/5451 0.53/61 0.49/16 0.01/4 0.42/45 0.58/12 0.45/16 0.52/6
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