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1. MOTIVATION

Infer effective network structure in spiking data using multivariate transfer entropy (TE)

« Effective network inference with a greedy algorithm via multivariate TE validated to work well with continuous-valued activity, e.g. MEG, fMRI , via IDTxI [1-3].

« But until recently we did not have an accurate, data-efficient estimation algorithm for TE in spike trains [4-6]

« Let's bring the two together and get this donel!
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3. TE FOR SPIKE TRAINS

a. Properly mathematically formulated [4]
b. New estimator developed [5]
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c. Demonstrated to show lock-ins of directed functional networks in
developing neural cultures [6]

4. INFERENCE ON SYNTHETIC LIF NETWORKS UNDER VARIOUS LEVELS OF SYNCHRONY
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Increased synchrony has little impact, except
 Inhibitory sources are more difficult to infer higher

synchrony, but precision remains high
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« Greedy algorithm with multivariate TE outperforms
CoNNECT (low recall)
GLM (low precision)

.| LIF random network of 50 neurons (30 ex, 20inh), 5
sources per target, varying ex/inh ratio controls

« High precision of greedy algorithm maintained
« Recall converges to 100% with sample time (consistent)

« Regularity of stimulus handled well — algorithm handles
levels of determinism or unobserved noise
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« ROC curve demonstrates efficacy of multivariate effective /
network inference over directed functional with TE
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5. INFERENCE ON DEVELOPING NEURAL

CULTURES -

« Studied 3 cultures with multiple overnight recordings 87,0
from the Wagenaar data set [7,8] " day 14

« Early lock-in of directed relationships maintained here s
In effective networks, like in directed functional culture 13 *, :
networks [6] . :

« But many redundant relationships are removed in the o
effective network models

« A preference for shorter connections from sources to
targets are far more apparent in the effective network e

model than in the directed functional networks in [6].
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6. CONCLUSION

Multivariate TE greedy algorithm for
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« Validated to perform well on synthetic data
sets, and handle adverse conditions. 4.

« Outperforms other known techniques 5.

« Provides interesting insights regarding
early lock in and local connectivity in

developing neural cultures
« Willbe included in the IDTXI/JIDT open
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