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Evolving Temporal Community Evolution of Community Quality w.r.t. Graph Metrics
« A temporal community Is defined as a partition of the set of {node, time} pairs in the _
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Bibliographic Network: Authors change topic of work (Data Science, Machine
Learning)
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Parallel Community Detection

 Evolutionary Clustering Method
* Graph metric for optimization: Permanence [3]
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Comparison: Louvain
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Score of the Graph Metrics for Community Quality

 Value Increased/(Decreased) over snapshots: Positive Score +1 .

» Value Decreased/ (Increased) over Snapshots: Negative Score -1 CO n C I u S I O n S

« Conductance, Normalized Cut, Separability, Clustering Coefficient and Permanence depends on
both internal and external connection, so scoring value is doubled [+2 / -2]

Clustering Coefficient

» ~4-18x speed-up using thread model for shared memory parallelization
 |dentification of a subset of graph metrics to understand the evolving community
structure quality for different temporal networks
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