Using state space models to understand
rhythmic dynamics in the brain




Electrophysiological voltage recordings
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Neural electrophysiology data (ephys) across scales
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The ephys power spectrum has a “power law” or

1/f* shape (linear on log-log scale)

log power
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Rhythms are classically defined by narrow-band

peaks in the power spectrum

- (Here, they have
5_02 removed the log slope)

0 1 2 3 4 5 6
In frequency (Hz)

W0 123 45 g
200-600 Hz, ultra fast

80-200 Hz, fast
30-80 Hz, gamma
10-30 Hz, beta  —e—1
4-10 Hz, theta +—e—

1.5-4 Hz, delta

Classes

0.7-2 s, slow 1
2-5 s, slow 2
5-15 s, slow 3

15-40 s, slow 4
T

\ \ T \ T
2.72 20.09 148.41

frequency (Hz)

I I I
0.05 0.37
5of 22

Buzsaki (2006) Rhythms of the Brain



Propofol-induced unconsciousness has slow and

Baseline-Normalized Spectrogram
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Rhythms are common (but not always

oscillatory)
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Rhythms are common (but not always persistent)
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Rhythms can interact across frequencies
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Rhythms can interact across space

Global Coherence. Sorting the eigenvalues, SY(f) > SY(f) >...> Si(f), the
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Sinusoidal oscillations as phasors

Fourier Transform:

Ty = X = | X 1|

A discrete time signal
is

each with starting phase ZX
and amplitude | X |

(Xel = /X2 ge + X2 1
/Xy = atan2 (X rm, Xk, Re)

Instantaneous

Phase o(t)

+/X )

Ln

Signal = projection onto
Real axis

| X ot (n2RE+4X )

Phasor

Amplitude = vector length
Phase = starting angle

P

N

Imagimaty |

-y?rl

| Real

https://upload.wikimedia.org/wikipedia/commons/8/89/Unfasor.gif12 of 22



Standard Analysis: Bandpass filter, Analytic Signal

(1) Bandpass Filter
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Non-sinusoidal oscillations as noisy phasors

A rotating 2-D vector autoregressive process can be
interpreted as a noisy phasor:
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The State Space Oscillator Model
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The model process has a parametric power

spectrum, where each rhythm is broadband
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Can use classic state space techniques to estimate the

hidden states and parameters (EM, filters/smoothers)
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Using the phase and amplitudes from the fitted model, we can
estimate phase amplitude coupling
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The resulting models are much more powerful

than standard techniques
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The models are more robust to nonsinusoidal

and harmonic signals

Simulated Signal Standard sSSP
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Using SSOs for functional connectivity estimation

with switching states

Common Oscillator Model
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The Common Oscillator Model can capture switching

global coherence modes at fine time resolution

Common Oscillator Global Coherence
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The Common Oscillator model can learn switches

from multiple overlapping rhythmic networks
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Conclusions

State space oscillators are a powerful, flexible framework for

capturing neural oscillations
Decomposing signals in the time domain
Phase amplitude coupling
Functional networks

Future directions:

Other network models and applications
Other observation models
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You can build the model with an iterative search
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|Fit the first oscillator on the original data (see Appendix B) |
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