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Goals and Challenges Results on LFP

Algorithm 1 produces a compact representation of the data,

Goals: L L D

| | | _ o providing additional insight.

Investigate neurophysiological and hemodynamic activity.
. . . i Amplitudes a;;
Establish relationship between the two. Spike shapes d; ’
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Data: ~ 1 hour of simultaneous recordings of lead field potential (LFP) and laser decreasing with time. They appear strongly negatively correlated with their local
doppler (LD) in Winster-Han rat. Biccuculine (a blocker of inhibition) was injected in spiking rate (defined as 1 / distance to previous spike [s]).

the cortex to elicit epileptic-like discharges.

Difficulties:
Large dataset with several hundred epileptic spikes.
Spikes change over time (shape, amplitude, spiking rate).

LFP vs. Laser Doppler

Overlaps in spikes and hemodynamic responses. Hemodynamic response is learned using Algorithm 1, where we
take as o, the previously detected spike latencies.
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Time-frequency analysis reveals synchronization of spikes with
Calculate a;;, d;;, d; using K-hierarchical alternate minimization: 0.9-1 Hz rhythm in hemodynamics, probably related to respiration.

doppler, 0.05to 1.1 Hz
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Algorithm 1: Outline for learning waveforms (here spikes) and their latencies §,; and O correspond to the subharmonics of
amplitudes a;;. Algorithm starts learning a single waveform d,, which is initialized with e.g. 0.2 this rhythm.
an arbitrary spike in the data (2). Then all spikes are detected and their latencies §,;and , j | I e VA ALY T AN
amplitudes a;; are calculated (3a, details below). The a;;,0;; are now used to update 500 100 1500 2000 2500 3000
waveforms d;. Steps 3a and 3b are repeated until convergence. If the residual still contains time [s]

much structure, the previous steps may be repeated with an additional waveform.

Core of Algoritm 1 - alternate minization

3a Correlation based detection of waveforms, can be solved by

sparse coding (e.g. LARS [2]) with all possible shifts of the d;. Proposed algorithm Electro-Metabolic Coupling
3b Simple averaging if detected waveforms are not overlapping. Produces informative data Hemodynamic response was learned
Otherwise overlaps are accounted for in linear system (discrete representations suited to analyze  that well explains the data.

deconvolution), which may be ill-conditioned for strong overlaps. and compare multimodal data. Synchronization of spiking rates with

Stepwise structure makes it periodic activity of 0.9-1 Hz in laser
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