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® Knowledge sharing

4 Graph structure
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® Textual information
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2 Module

® Cluster

* Subnetwork

® Dense

¢ Density

" Hierarchical Clustering
8 Grouping
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! Similarity measure

2 Similarity matrix

® Agglomerative algorithms
* Divisive algorithms

® Bottom-up

® Top-down
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! probabilistic latent Semantic Analysis
2 Topic Modeling Approach

® Latent Dirichlet Allocation

4 Generative model

® Hidden parameters

® Observable data

" Hidden topics

8 Flat clustering
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4 Model of the topic dynamics

® Social documents

® Generative Bayesian models

" Probabilistic modeling

& Community-User-Topic model
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! Formal models

2 Social objects

® Text social objects

4 Strength

® Tightly connected members

® Link analysis

" Modularity

8 Social object clustering

® Topic-based user partitioning

0 Link-based community detection

Social
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