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Discovering Evolutionary Patterns of Substructures

in Complex Networks and its Applications

Yuraka KaBuTova,! Kyosuke Nisuipa !
and Ko FuJIMURAT!

We propose an entirely new approach to understanding complex networks;
called dynamic network motifs (DNMs), it is significantly different from existing
network analysis approaches in terms of focusing on the evolution of substruc-
tures in a graph. The concept has the potential to uncover previously unknown
properties of graphs and allows us to infer whether new edges among nodes the
present in a snapshot of the graph are likely to occur. This inference, called
“link prediction”, is significant because it yields various useful applications,
such as interaction recommenders for social networking services. Experiments
on snapshots of social networks based on real log data sets of social media show
the following two significant results: First, DNM analysis has the potentials de-
scribed above. Next, a new link predictor based on DNMs outperforms existing
link predictors in terms of prediction accuracy.
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Table 1 General statistics of social networks created from datasets.

Nodes Edges | Density | Mutual edges | Clustering coefficient
Blog 3,079 46,695 0.507% 17,469 30.38%
Flickr 3,721 175,402 1.331% 35,938 30.50%
Email 5,122 21,346 0.086% 654 4.511%
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Table 2 Performance of compared methods for social networks.

Predictor Blog Flickr Email
Probability that a random prediction is correct | 0.052% | 0.136% | 0.009%
Our method conditional independence 792.2 74.2 391.5
multi-variate Bernoulli 816.2 74.8 409.6

multinomial, EF attributes 635.4 83.9 101.3

Common neighbors 279.6 85.2 234.4
Jaccard’s coefficient 69.0 77.8 8.0
Adamic/Adar 289.5 85.5 213.9
Preferential attachment 61.5 76.1 72.9
Katz B =0.05 156.4 51.1 148.7
Random walk with restart a = 0.01 76.0 7.5 318.8
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