1

Robust Spectro-temporal analysis of spiking data
ANDREW SONG1*, PATRICK L. PURDON2, EMERY N. BROWN2,3,4,5,6, DEMBA BA7

(1): Dept. of Electrical Engin. & Computer Sci., MIT, Cambridge, MA; (2): Dept. of Anesthesia, Critical Care and Pain Mgmt., Massachusetts Gen. Hosp., Boston, MA;
(3): Dept. of Brain and Cognitive Sciences, MIT; (4): Picower Inst. for Learning and Memory; (5) Inst. of Medical Engineering and Science, MIT; (6) Inst. for Data, Systems and Society, MIT,
Cambridge, MA; (7) School of Engineering and Applied Sciences, Harvard University, Cambridge, MA
(*): Contact at andrew90@mit.edu

BAYESIAN FORMULATION

GENERAL PROBLEM
The current practice of spectral analysis of spike data
involves direct application of the Fourier transform to
the data, which is problematic for two reasons:
1) The binary nature of the data makes the spectral
content diffuse across all frequencies, and
2) The spectral estimates overfit the data and often
are not interpretable.
We cast the latent process estimation problem within
an Empirical Bayes framework, in which the posterior
distribution of the states given the spikes is
maximized. Specifically, we use a group sparsity prior
which emphasizes the dominant oscillatory
components and simultaneously tracks the temporal
dynamics within these components.

• A ECOG recording of subject under Propofol [3]
• Loss of Consciousness (LOC) happens at 400 (s)

We can now optimize the following log-posterior objective
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To solve this optimization, we iteratively maximize the lower bound of the posterior
• Both the log-likelihood and the mixture of log-priors can be lower bounded by
quadratic functions
• The surrogate function is thus a quadratic function, which can be efficiently
solved with Kalman Filter/Smoother.
• Hyperparameter tuning for 𝝀 and 𝜶: Cross-validation across neurons

SIMULATION STUDY

BAYESIAN FORMULATION
Notations

REAL DATA - ANESTHESIA

𝒔 = 𝟏, … , 𝑺: Neuron
𝒋 = 𝟏, … , 𝑱: Window
𝑾 ∈ ℝ𝑱×𝑱 : Fourier Dictionary
∆𝒁𝒌 = (∆𝒁𝒌,𝟏 , … , ∆𝒁𝒌,𝑱 )𝑻 ∈ ℝ
: Latent state vector at window 𝑘

Simulation data
• Superposition of 1 & 10 Hz rate function

• Amplitudes of rate function at each band
change multiple times

Observation Model (Likelihood)

Baseline model
• PSTH

∆𝑁 ~ Bernoulli 𝑝
𝑝 = 1 + 𝑒𝑥𝑝(−𝑊∆𝑍 )

• Point process state-space filter/smoother [2]
(hyperparameter chosen via cross-validation)

State-space Model (Prior)
We use a mixture of group-sparsity priors [1] on {∆𝑍 }
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Prior 2: Sparse across frequency + Sparse within frequency
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DISCUSSION
Benefits of Spectro-temporal approach:
• Sparse frequency representation of the spiking data
• Tracks dynamics across long recording

Prior 1: Sparse across frequency + Smooth within frequency

log 𝑝 {Δ𝑍 , }

• Taking FFT of PSTH produces non-interpretable spectrogram
• PP state-space removes any power above 0.5 Hz
• Robust framework able to capture strong modulation at 0.4 Hz
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• Robust framework able to capture both frequency processes and their dynamic changes

