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Power spectra from EEG recordings reveal that brain Inverse problem: reverse-engineer a network with Conclusions: All reconstructed matrices exhibit globally balanced excitation and inhibition. Variance in networks is
dynamics are multi-oscillatory with decoupled frequency prescribed spectrum as constraint. accounted for by neither the spectral energy nor the number of spectral peaks employed in their generation.
bands [1]. . - .
The eigenvalues of the connectivity matrix of a graph However, for each single node, the net excitatory and net inhibitory inputs are not balanced:
Large-scale connectivity in the brain is nonrandom, and determine the average power spectrum. | | | | o | | | |
is well characterized by a small-world topology [2]. | The capability of inferring large-scale brain connectivity from EEG sighals among other non-invasive techniques may
However, the power spectrum does not uniquely be used in the near future to identify structural alterations of the brain underlying abnormal cognitive function. The
It is desirable to infer details regarding the connectivity determine the connectivity matrix. application of our network-reconstruction algorithm may help uncover these anatomical alterations.
of a neural network based on study of its dynamics. : .
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