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Ime-series measurements
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Similarity measures

Unified Causal Model

vs Bayesian Networks

Frnqucncy Analysis '

Harmonic Emger Causality

Complex Granger Causality

Partial Granger Causality

X F)=H(X T)
HX: Y =H(X)+H()-H(X ~Y)
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Network Inference Problems

Which similarity measure to use

How to choose a threshold

How much data i1s available

How to avoid the (usual) noise in the data

How to recover coupling strengths
Which are the directions In the interactions
How many “units” observed
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Expected number of edges
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Poster: N. Rubido, et al., “Exact detection of direct links in networks of interacting
dynamical units”.




Results
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Kunihiko Kaneko, “Overview of coupled map lattices”, Chaos 2(3), 279 (1992).
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Articles:

N. Rubido, A.C. Marti, E. Bianco-Martinez, C. Grebogi, M.S. Baptista, and C.
Masoller, “Exact detection of direct links in networks of interacting dynamical units”,
submitted (2014) [available at: http://arxiv.org/abs/1403.4839].

CONCLUSIONS (take home messages):

CC and MI allow to infer the underlying networks of coupled dynamical
systems, without errors, from finite-size time-series measurements.

The correct detection of links depends on the existence of a gap in the
ordered values of the similarity measures between pairs of nodes.

E. Bianco-Martinez, N. Rubido, C.G. Antonopoulos, and M.S. Baptista, “Network
Inference by Mutual Information Rates from Complex Time-series”, in preparation

(2014).
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