Surrogate methods for spike pattern detection in non-Poisson data
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Context

Detection of significant correlated neuronal activity, which is thought
to be a signature of cell-assembly activity [1, 2|, is a challenging en-
deavor from a statistical perspective. To identify active cell assem-
blies, we have developed a method, SPADE [3, 4, 5], that detects
spatio-temporal spike patterns with millisecond precision and
tests them for significance.

Massively-parallel spike train recordings are discretized to 0-1 bins
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Analysis of stationary test
data

To evaluate the properties of the different surrogate techniques
for use in the null hypothesis, we first examine the effect of these
techniques on spike trains modeled using three renewal point pro-

cess models: Poisson process, Poisson process with dead time
(PPD; d = 1.6 ms; [11]), and gamma process (v = 1.23).
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Analysis of non-stationary
test data

After analyzing the statistical properties of stationary surrogate
spike trains, we go a step further to consider non-stationary, in-
dependent, artificial data whose properties follow those of exper-
imental data (two sessions of two different macaque monkeys,
pre-/motor cortex [7]). Thus, we can check how far the different
surrogate techniques lead to false positive spike patterns in the
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Surrogate Techniques

mental data. We conclude that when spike trains are clipped, the
consideration of the dead time is of central importance. Finally,

Analysis of surrogate statistics. The upper panel shows the spike count decrease for the
different surrogate techniques (color), and spike train models (left to right). The lower panel
shows the surrogate ISI distributions.
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lllustration of the different surrogate methods: A Uniform Dithering (UD) [8, 9], B
Uniform dithering with dead time (UDD), C Joint ISI-Dithering (JISI-D) [10], D ISI-Dithering
(ISI-D), E Trial Shifting (TR-SHIFT) [8, 9], F Window Shuffling (WIN-SHUFF)
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