
Figure 1: Spike patterns are impossible to detect in a histogram and difficult to find by eye in a rastergram.  A clustering procedure must be used.  Are there patterns in this data?
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Figure 2: ‘q’ matters. The distance between spike trains has to be calculated in a controlled way.  The q value in the Victor-Purpura metric parameterizes the trade-off between precision and reliability.  For this simple set, only a small range of q values leads to correct clustering.  The dataset contains two patterns each with a high precision and a low precision event.
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Figure 3: As q is varied a number of ‘good’ clusterings are observed.  Which of these corresponds to a real pattern?

Figure 8: These techniques provide a systematic framework for determining whether patterns are present in a segment and how many there are.

Figure 4: Pattern significance and strength distinguish between segments with real patterns and segments with fake patterns.  On the left, the clustering has found two patterns, but there is only one pattern with unreliability in the first and second spikes.  The pattern significance and strength of the fake pattern (blue) are statistically equal to those for a Poisson process with the same event structure (red).  By contrast, the right set contains a real pattern, where the cluster strength and significance (red) are much higher than for a Poisson surrogate (blue).  Overclustering is necessary to determine the event structure to sufficient accuracy for use in the validation procedure.

Figure 6: Spike patterns are conserved across different neurons driven by the same stimulus waveform.  Patterns can be extracted using the conflated clustering method.  Multiple patterns are obtained across trials and neurons.  The differences in neuronal properties were modeled by changing the gain of the stimulus waveform.

Figure 7: The pattern composition of a segment varies systematically with the gain of the stimulus waveform.

Statistical Validation of Spike Patterns Revealed By Fuzzy Clustering Algorithms
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ÓSpike patterns in the form of spike time correlations have been observed in in vivo and in vitro experiments [Fellous, et al 2004].
ÓPatterns are computationally relevant:A) spike timing dependent plasticityB) short term synaptic plasticity [Tiesinga 2004]
ÓPatterns are relevant for cross-correlation analysis because the common assumption of Poisson statistics may not be correct.
Ó Our goal is to develop a principled way of extracting and validating spike patterns.

Figure 5: For the segment with the fake pattern, the Link Weakness indicates an over-clustering.  The increase of within-cluster pattern strength as a function the number of swapped trials indicates that there are in fact two independent clusters.
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Conclusions:
ÓFuzzy clustering on the Victor-Purpura distances makes it possible to extract patterns from spike-train data.
ÓThe presence and number of patterns can be assessed using the significance and strength.
ÓThis method can also be used on datasets which combine different experiments.
ÓThis framework is being extended for use with multi-unit data.
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