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chooser choice set

chooser

choice set

Infer relative importance of edge 
formation mechanisms from data

in network growth

Multinomial logit 
(MNL)
 (McFadden, 1973)

preferences node features  
(similarity, in-degree, fitness…)Key usage
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 choice set

Timestamped edges   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Choosing to close triangles
Triadic closure offers small choice sets 
→ tractable inference   
→ varied choice sets

u
v

w1

w3

w2

choice set 
{w1, w2, w3}

choice  
w1

Node features
1. in-degree of w 
2. # shared neighbors of u, w 
3. weight of edge w→u

4. time since last edge into w

5. time since last edge out of w

6. time since last w→u edge

chooser  
u

Our data 
Timestamped edges 
(including repeats)
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