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How unique are we
based on our
social circle?
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What if everything
was random?
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Uniqueness map: Romanini et al.,
size and average degree privacy and Unaueness o

Neighborhoods in Social Networks
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Adding more structure:
Random Geometric Graph
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What about uniqueness in real data?
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A simple approach:
Edge Sampling?
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Uniqueness of neighborhoods
can be modelled and can be
a tool for risk assessment

Average degree > 10: danger!
The more the friends,
the higher the risk

Hiding yourself in the crowd
does not work;
local structure counts!

Anonymization techniques
should take structure
into account
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Bonus: aggregating networks
with multiple layers
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