Temporal metrics for exponential random graph models of time-evolving networks
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Recently we have seen a growing interest for temporal networks as they are a more accurate representation of
real life complex systems [1]. Temporal networks estimated from experimentally obtained data, represent one
instance of a larger number of realizations with similar dynamic topology. A modeling approach is therefore
needed to support statistical inference.

In this work, we adopted a statistical model based on temporal exponential random graphs (TERGM) to
reproduce time-evolving networks [2]. TERGMs are composed by different local (temporal) graph metrics
whereas the parameters weight the respective contribution in explaining the observed network. Here, we define
temporal triangles (T;) and 2-paths (P;) (Fig.1.A) as follows:
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where N is the adjacency matrix corresponding to the network. We first validated this approach in synthetic
networks generated by using a correlated version of the Watts-Strogatz model, where each temporal network
is generated from the previous one by rewiring links with an increasing probability p, starting from a lattice.
Results showed that the model including temporal two-paths and triangles statistically reproduced the main
properties of synthetic networks assessed by link prediction capacity and global- and local-efficiency (Figure
1.B).

We finally applied our approach on the Facebook temporal network [3], and we show that only by including
temporal two-paths our TERGM is able to generate a good fit and to statistically reproduce the evolution of
the global-efficiency of the network (Fig.1.C).

These preliminary results support the development of alternative tools to model the evolution of complex
networks based on temporal connection rules, with applications ranging from social science to neuroscience.

[1] Holme, et al Physics report, 2012
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Figure 1: (A) Graphical representation of temporal two-paths and temporal triangles. (B) First row: sample of 25 synthetic networks
produced with Watts-Strogatz model adding correlation between each time step. Second row: i) the receiver operating characteristic
(ROC) curve of the out-of-sample prediction of network ties and the precision-recall (PR) curve of the prediction shows the goodness-
of-fit of the model; i) local- and global-efficiency of the synthetic networks (solid orange curve) and of simulated networks by the
TERGM (grey boxplots). (C) ROC and PR average area curves were larger for the model only including T, (ROC = 0.88,PR = 0.85)
than models including Ty, T; (ROC = 0.87, PR = 0.85) and only T; (ROC = 0.79, PR = 0.73). Facebook temporal networks are
similar to simulated networks generated by the TERGM with temporal-2-paths.



