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Cross-domain Collaboration Recommendation
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Interdisciplinary collaborations have generated huge impact to society.

Prototype system: http://arnetminer.org/collaborator
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Trends of existing and new collaborations over years.

Cross-domain collaborations is very different from traditional collaborations:

1) sparse connection: cross-domain collaborations are rare

2) complementary expertise: cross-domain collaborators have different expertise

3) topic skewness: cross-domain collaboration topics are focused on a subset of topics
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