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Effect of nonlinearity Local characteristics results

Complex systems can be analyzed as networks of mutually interacting
subsystems [1]. The critical step in constructing such graphs is the choice
of a measure of dependence. Classical choice is linear (Pearson) correlation
coefficient. However nonlinear approaches uncovered network phenomena | m
not detectable using linear measures, e.g. in MEG brain studies [2] or in - a*w’i\‘ulk fUl "W,"V‘}WM I I
climate systems [3]. Presented results show how the possible nonlinearity [5] L " H
in data can influence network analysis in fMRI study [4]. Furthermore some I “* | ) .

aspects of studying nonlinearities in climate datasets are discussed. o _ characteristics
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Climatic data

Z o\ | o\l | m i | Monthly mean temperatures (756 months, Jan 1948 - Dec 2010) from the NCEP/NCAR

reanalysis project [7], both poles removed. Time series were converted into temperature

Neurological data anomalies by subtracting monthly means from each month. Used edge density is 0.005 [3].

Resting-state fMRI data, 12 healthy volunteers (2 sessions each), 3T Philips Achieva MRI Nonlinearity in climate networks
scanner operating at ITAB (Chieti, Italy). After standard preprocessing 90 ROI (by
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» Nonlinearity role in climate network analysis
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Systematically compare network characteristics for graph from data and surrogates. Q

Dominances

Let s denotes session, p density, j index of surrogate and / index of vertex. Then for 10810(BCwm 1/BCeory) for data

general characteristic f there are f(s, p, i) for surrogates and f"(s, p, i) for data.
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