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inferring network connectivities. t (ms) causal value

(A) Raster of 100-HH neurons. (B) Histogram of causal values. (C) ROC curves of reconstruction.

® Pulse-output signals are quite common in neural data.

® Direct connections: causality & coupling strength
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Questions .

® Relation between difierent causal measures. p,—p? 1
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® Relation between causality and structural connectivity. ’
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Pulse-output Signals
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Experimental Data
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Conclusions

® Theorems: between four causal @® Applicable to dynamical regimes.
measures based on pulse-output signals. % Reconstruction of ,including

® Accurate reconstruction of connectivity in HH networks. Gaussian linear models and Lorenz system.

® Qvercome the iIssue and _ @ For Neuralpixel data, reconstructions and
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