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Motivation

« Complex networks are ubiquitous
— Examples: social networks, Internet, WWW, etc.

Friendship Internet

The Social Structure of “Countryside™ School District
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« Community discovery & visual analytics allow us to “make
sense” of the underlying structure of the network
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Goal: Bring Human in the Loop

Input Network
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Community Discovery
(Fast Modularity*)

Visual Analytics
(our contribution)

* [Clauset, et al. 2004]



Fast Modularity
[Clauset, et al., Phys. Rev. E. 2004]

Maximizes modularity, Q: measures the fraction of all edges within
communities minus the expected number in a random graph with the
same degrees
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Our Contribution So Far (1)

» Allow user to change the community of a
node
— Update its color and position
— Track changes
— Re-compute modularity
— Warn user if his/her action decreases
modularity score too much

« Add new communities



Our Contribution So Far (Il)

* Suggest changes

— Which nodes are least “comfortable” in their
community

— Nodes blink the color of their desired
community

* Provide a more detailed history of
changes
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Next Steps

* Find a quicker way to determine a node’s
“comfort”

* Make size of nodes proportional to their
“‘comfort”

* Incorporate constraints from the user
before clustering
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* Questions?

Thank You!



