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Summary
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Time () Time () Time () Correlation coefficient Time () Time () Correlation coefficient We further plan to investigate how area- and layer-specific synaptic receptor densities help to account
for the experimentally observed hierarchy of intrinsic timescales across cortex [19] and differential
* Network activity across populations, layers and * Network activity in mgtgstable state varies across timescales of feedforward and feedback processing [20, 21].
areas is asynchronous and irregular. areas, generally higher firing rates than ground state.
* Inhibitory neurons show higher firing rates than * Inhibitory neurons have higher firing rates than Specifically, we will adjust the synaptic time constants in the human cortex model to area- and layer-
exc:|tato.ry neurons, CV = 0.8, average pairwise exmtato.ry neurons, CV ranges from 0.5 to 1.2, pairwise specific densities of AMPA, NMDA, and GABA, receptors [22].
correlation close to zero. correlation ranges from 0 to 0.7.
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