On the relationship between neural density and functional connectivity in the murine cortex A
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image above shows an example of spike patterns observed in cultured cortical networks. To create informational relationships, timestamps are first digitized in 10ms bins. If a neuron fires within a bin, the bin

gets a value of 1, otherwise it gets a value of 0. This allows the firing probabilities for single neurons p(x), pairs of

Pa i rW i Se I nte ra Ct i O n s neurons p(x,y) and even the neuronal triplets p(x,y,z) to be calculated.

Wagenaar D.A., Pine J., Potter S.M. (2006) An extremely rich repertoire of bursting patterns
during the development of cortical cultures. BMC Neurosci 7:11.
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<lms Pairwise connectivity graphs are created to Groups of three electrodes (triplets), are the smallest (and most abundant) arrangement capable of providing information

Aneuron is said to lead another if the second neuron is the first to show how neurons lead one another and the about functional connectivity in a network (Bettencourt et al., 2008)
respond within a biologically plausible time window (1-10ms) strength of that leadership.



