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Abstract

Modern neurophysiological recordings are performed using multichannel sensor arrays that
are able to record activity in an increasingly high number of channels numbering in the 100’s
to 1000’s. Often, underlying lower-dimensional patterns of activity are responsible for the
observed dynamics, but these representations are difficult to reliably identify using existing
methods that attempt to summarize multivariate relationships in a post-hoc manner from
univariate analyses, or using current blind source separation methods. While such methods
can reveal appealing patterns of activity, determining the number of components to include,
assessing their statistical significance, and interpreting them requires extensive manual
intervention and subjective judgement in practice. These difficulties with component
selection and interpretation occur in large part because these methods lack a generative
model for the underlying spatio-temporal dynamics. Here we describe a novel component
analysis method anchored by a generative model where each source is described by a bio-
physically inspired state space representation. The parameters governing this representation
readily capture the oscillatory temporal dynamics of the components, so we refer to it as
Oscillation Component Analysis (OCA). These parameters — the oscillatory properties, the
component mixing weights at the sensors, and the number of oscillations - all are inferred in
a data-driven fashion within a Bayesian framework employing an instance of the expectation
maximization algorithm. We analyze high-dimensional electroencephalography and
magnetoencephalography recordings from human studies to illustrate the potential utility of
this method for neuroscience data.

Significance Statement

Neuroscience studies often involve simultaneous recordings in a large number of sensors in
which a smaller number of dynamic components generate the complex spatio-temporal
patterns observed in the data. Current blind source separation techniques produce sub-
optimal results and are difficult to interpret because these methods lack an appropriate
generative model that can guide both statistical inference and interpretation. Here we
describe a novel component analysis method employing a dynamic generative model that can
decompose high-dimensional multivariate data into a smaller set of oscillatory components
are learned in a data-driven way, with parameters that are immediately interpretable. We
show how this method can be applied to neurophysiological recordings with millisecond
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precision that exhibit oscillatory activity such as electroencephalography and
magnetoencephalography.

eLife assessment

This method paper proposes a valuable Oscillation Component Analysis (OCA)
approach, in analogy to Independent Component Analysis (ICA), in which source
separation is achieved through biophysically inspired generative modeling of neural
oscillations. The empirical evidence justifying the approach's advantage is
incomplete. This work will be of interest to cognitive neuroscience, neural oscillation,
and MEG/EEG.

Introduction

Human neurophysiological recordings such as scalp electroencephalogram (EEG),
magnetoencephalogram (MEG), stereoelectroencephalogram (SEEG), Local field potentials (LFP)
etc. consist of ~ 102 of sensors that record mixtures of predominantly cortical network oscillations
[1Z -5 ]. The network oscillations have distinct spatio-temporal signatures, based on the
functional brain areas involved, their interconnections, and the electromagnetic mapping between
the source currents and the sensors. However, the source-to-sensor mixing and the further
superposition of measurement noise complicates the interpretation of the sensor-level data and its

topography [6 2 ]. Given the widespread and growing availability of high-density neural recording

dynamic components from highly multivariate data.

This problem fits within a larger class of blind source separation (BSS) problems for which there
are a plethora of component analysis algorithms that attempt to extract underlying source activity
as linear weighted combinations of the sensor activity. The decomposition weights are designed
according to some predefined criterion on the extracted time-series depending on the application.
Independent Component Analysis (ICA) [82-112]) has been particularly popular within

and in principle requires little to no user intervention to run. However, a drawback of the method
is that it assumes that the samples of each component time trace are independent and identically
distributed, which is not generally true in physical or physiological applications. This leads to
another major drawback of ICA: it relies on the cumulative histograms of sensor recordings and if
these histograms are Gaussian, ICA is in principle unable to separate such sources. This includes,
for example, physiological signals such as EEG, MEG, sEEG etc. that are at least approximately
Gaussian distributed due to the central limit theorem [13 (2], since these signals reflect the linear
combination of many sources of activity. Finally, given the lack of assumptions on the structure of
the underlying signals, there is no guarantee that ICA will extract relevant oscillatory components,

or any other highly structured dynamic pattern for that matter.

Given the prominence and ubiquity of oscillations in neurophysiological data, applications of
component analysis methods in neuroscience have taken a different approach to emphasize

weights to maximize the signal-to-noise ratio in the extracted component within a narrow band
around a given frequency of interest[17(2-20 & ]. The extracted component then inherits the

intrinsic oscillatory dynamics around that frequency without the need for a pre-designed narrow-
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oscillatory sources, but do so via nonparametric sample correlation or cross-spectrum matrix
estimates that are sensitive to noise or artifacts and that require substantial amounts of data to
achieve consistency.

Another problem common to all of these component decomposition methods is that they do not
directly estimate the source to sensor mixing matrix. Instead, they estimate spatial filters that
extract the independent components, which are not directly interpretable. The source to sensor
mixing matrix can only be estimated by solving an inverse problem that requires knowledge of
the noise covariance matrix [22 2], which adds another complication and source of potential

error. Finally, the properties of the extracted component time courses are not known a priori and
must be assessed after the fact, typically by using nonparametric tests as well as visual inspection.

These difficulties with component selection and interpretation occur in large part because existing
blind source separation methods lack a generative model for the underlying spatio-temporal
dynamics. With a probabilistic generative model, it is possible to specify a soft constraint on the
dynamic properties of the underlying components, while maintaining other desirable properties
such as independence between components. Component selection can be handled automatically
within a statistical framework under the model, and interpretation is straightforward in principle
if the components can be described by a small number of parameters. Here we propose a novel
component analysis method that uses a recently-described class of state space models [23(2-25]

both the real and imaginary components of the oscillation. The observed data are then
represented as a superposition of these latent oscillations, each weighted by a multi-channel
mixing matrix that describes the spatial signature of the oscillation. We estimate the parameters of
the model and the mixing matrices using Generalized Expectation Maximization and employ
empirical Bayes model selection to objectively determine the number of components. In these
ways we address the major shortcomings described above for many component analysis methods.
We refer to our novel method as Oscillation Component Analysis (OCA) akin to Independent
Component Analysis (ICA). In what follows we describe the model formulation in detail and
demonstrate the performance of the method on simulated and experimental data sets including
high-density EEG during propofol anesthesia and sleep, as well as resting-state MEG from the
Human Connectome Project.

Theory

State space oscillator model

Xy = GR(zﬂf/fH)xn—-] + U, Un ~ N2(01 021);

T}y) = C;_‘f‘x-n. + €n, €n ™~ N(U R)
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where the the oscillation state, X, = [xn’l, xn’Z] T is a two dimensional state vector. The stochastic
difference equation summarizes oscillatory dynamics using random rotation in two-dimensional
state space through a deterministic rotation matrix, R, explicitly parameterized by the oscillation
frequency, f, the sampling rate, f;, and the damping factor, a as,

R(f) = cos2nf/fs —sin2nf/fs @)

sin2nf/fs cos2wf/fs

and a stochastic driving noise, assumed to be stationary and Gaussian with variance 2. These
elements of this state vector are closely related to the real and imaginary parts of an analytic
signal [26 (3] in the complex plane (see SI Text: Section Oscillation states and analytic signals), and
the oscillation states are henceforce called analytic signal with minor abuse of notation. An
arbitrary fixed projection (i.e., on the real line) of the state vector realizations generates the
observed noisy oscillation time-series at the sensor. Multiple oscillations can be readily
incorporated in this state space model by simply considering their linear combination. Recently,
several investigators [27 2-29 (7] have utilized this state space representation to extract

underlying oscillatory time courses from single channel EEG time traces.

Generalization to multichannel data

In order to represent multichannel neural recordings, we employ this oscillatory state space

representation within a blind source separation model [30 2 ]. In the proposed generative model,
a sensor-array with L sensors records neurophysiological signals produced by superimposition of
M distinct oscillations supported by underlying brain networks or circuits, which we will refer to

as oscillation sources.
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Each oscillation source is governed by the above-mentioned state space representation, resulting
in a structured 2M dimensional state space. The structure of the underlying brain networks or
circuits governs how each oscillation source is observed at the sensor array, via a M x 2 spatial
distribution matrix, €y, = [€1 p, €2 * * * €, ] In Other words, the I electrode in the sensor
array observes a specific projection of the underlying m® analytic oscillation given by ¢; ,, = [¢, 15
€1 m,2), which encodes the amplitude and phase of the mt oscillation time-course at that electrode.
This probabilistic generative model for multichannel recordings is motivated by a potential
biophysical mechanism of electromagnetic traveling wave generation in brain parenchyma [31 3]
(see SI Text: Section Mechanistic origin).
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An illustration

In Fig 1(a) @, middle panel, we depict an oscillation state as an analytic signal, x,, (black arrows)
in 2D state space that is rotating around the origin according to the given state space model of left
panel: the red dashed line traces the oscillation states over time. The actual amount of rotation
between every pair of consecutive time-points is a random variable centered around 27nf/f; = 0.227,
with the spread determined by damping parameter, a = 0.99 and process noise covariance. The
right panel shows two noisy measurements, reflecting two different projections: one on the real
axis (blue traces), another on the line making 77/4 radian angle to the real axis (orange traces).
Because of this angle between the lines of projection, these two measurements maintain
approximately 7774 radian phase difference throughout the time course of the oscillation.

We note that several earlier works [32 2, 33 (@] similar multivariate oscillator models, albeit from

form here in the context of a blind source separation problem.

Next, we briefly describe how one can infer the hidden oscillator states from observed
multivariate time-series dataset given the oscillation state space model parameters; and
potentially adjust the oscillation state space model parameters to the dataset. We defer the
mathematical derivations to the Materials and methods section to maintain lucidity of the
presentation.

Learning Algorithm

Priors

We assume simple prior distributions on the measurement noise, and sensor level mixing
coefficients to facilitate stable and unique recovery of the oscillation components. To obtain an M -
oscillator analysis of L-channel data, we consider a Gaussian prior on the spatial mixing
components, ¢; ,, with precision a, and an inverse-Wishart prior on sensor noise covariance
matrix, R with scale, ¥ and degrees of freedom, v:

a yML o
P(Cla.M) = ()" exp (=5 Tiz1.mo1 letml?)

(4)
p(R| M) =7, &2 RI~CHAD2 oxp Ly {WR-1)

We treat the oscillation parameters, f m) (M) (52)m) .= gM) a4 distributional parameters of the

assumed priors, a, W, v as hyperparameters. Fig 1(b) @ shows the probabilistic graphical model

portraying oscillations as a dynamical system evolving in time, with the priors as parent nodes.

Variational Bayes’ inference

Unfortunately, given the priors and the interplay between oscillation source time-courses and
sensor-level mixing patterns, exact computation of the log-likelihood, and thus the exact posterior,
is intractable. We therefore employ variational Bayes inference [35 (2], a computationally efficient

inference technique to obtain a closed-form approximation to the exact Bayes’ posterior.
Originally introduced by [36 (7], variational Bayesian inference simplifies the inference problem

for the log-likelihood (see SI text: Section Negative variational free energy).
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(b) Generative model: graphical representation

(d) Oscillation component analysis fitting and reconstruction procedure
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Figure 1.

From state space oscillator model to oscillation component decomposition: (a) An illustrative example of a multichannel state
space oscillation model: A single oscillation realized as an analytic signal x,, is measured as two different projections having
n/4 radian phase difference. (b) Graphical representation of the probabilistic generative model describing the oscillations as
dynamic processes, that undergo mixing at the sensors and that are observed with additive Gaussian noise. (c) Graphical
representation of the Variational Bayes’ approximation that allows iterative closed form inference. (d) Oscillation component
analysis fitting and reconstruction pipeline for experimentally recorded neurophysiological data. The pipeline exposes a
number of methods for ease of analysis, i.e., for fitting the OCA hyperparameters fit() method, that accepts the sensor
recordings and an initial sensor noise covariance matrix as input, for extracting the oscillation time-courses get sources(), for
reconstructing a multichannel signal from any arbitrary subset of oscillation components, apply(), for getting a final noise
covariance estimate from the residuals of OCA fitting, get noise covariance() method etc.
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In particular, given the number of oscillatory components M and the corresponding
hyperparameters 6 = [81, 8@, - - -, )] and a, W, v we use the following Variational Bayes (VB)

covariance matrix R:

q(C{x¢t},R|a,0,M) =¢q(C

M)q({x:} | M)q(R | M). (5)

This particular choice allows the approximate posteriors of these quantities to be represented in
closedform by multivariate Gaussian, multivariate Gaussian and inverse-Wishart distributions,
respectively (see SI text: Section Variational Bayes’ inference). Fig 1(c) 2 shows the graphical
representation of posterior distribution after the VB decoupling. This essentially allows us to
perform an iterative posterior inference procedure, where we cyclically update the posteriors q
{xg | M), q(C | M), and q (R | M) using the latest sufficient statistics from other two distributions
(see SI text: Section Variational Bayes’ inference for more details).

Generalized EM to update hyperparameters

Since the parameters of the state space model, and of the assumed prior distributions, are not
known a priori, we then obtain their point estimates using an instance of the generalized
Expectation Maximization (GEM) algorithm which utilizes the aforementioned approximate
inference in the E-step [38 3, 39 2 ]. We start the learning algorithm by initializing 8, A; C, a to
appropriate values (see SI text: Section Initialization of parameters and hyper parameters for
details). We then cyclically update the posteriors q ({x;} | M), q (C | M), and q (R | M) until these
iterations stop changing the negative variational free energy. At the end, we update the
hyperparameters 0, a from the current inference, and proceed to the next inference with the
updated hyperparameters. These update rules form an outer update loop that refines the
hyperparameters, within which operates an inner update step that iteratively improves the
approximate posterior distribution of the model parameters. We defer the update rules to SI text:
Section Generalized EM algorithm. The algorithm terminates when the hyperparameter
adjustments no longer increase the free energy of the model, i.e., we resort to parametric
empirical Bayes estimation (see SI text: Section Empirical Bayes inference and model selection).

Selecting optimal number of oscillations

The learning algorithm assumes that the number of oscillation sources, M, is known a-priori,
which is rarely the case for experimentally recorded data. In theory, our probabilistic treatment
could assign a log-likelihood for a given dataset to every model structure, i.e., the number of
oscillation sources, that can be used as a goodness-of-fit score. Unfortunately, the log-likelihood is
intractable to evaluate, however the negative variational free energy can be used as a surrogate.

We formalize this idea by considering that the model structure, M, is drawn from a discrete
uniform distribution over a finite contiguous set, (1, My,4,):

p(ﬂf) — ]-/*"1{7:;.0.3:3 1 S j\,[ S ﬂ'lr-m,(z:f:a (6)

with M., being the maximal number of oscillation sources. This allows us to compute the
posterior on the model structure, q(M) within the same variational approximation framework.
Using the negative variational free energy expression of the oscillator model it is easy to show that
q(M) is proportional to the exponential of the negative variational free energy of the M -oscillator
model (see SI text: Section Model structure posterior). Once the model posteriors are obtained, one
can choose to simply select the model with maximum negative variational free energy (empirical
Bayes model selection, see SI text: Section Empirical Bayes inference and model selection), or
locate the knee or jump point that exhibits a significant local change in q(M) (for such an example
see the DiffBic function[402]).
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Oscillation component analysis
A preliminary version of this algorithm has been presented previously [41 Z]. In order to analyze

experimental data, we devised the a standardized pipeline as demonstrated in Fig 1(d) & closely
following the MNE ICA pipeline [42 (% ]. We refer to this pipeline as OCA. The pipeline,
implemented as python class OCA, accepts the sensor recordings either as continuous raw data or
a set of discrete epochs, each with an initial sensor noise covariance matrix. The hyperparameters
for the measurement noise covariance prior are derived from the supplied initial sensor noise
covariance matrix, and are not updated in this pipeline. The sensor data is standardized (i.e., pre-
whitened) against the sensor noise covariance: this step also applies all active signal-space
projectors to the data if present such as the average reference [43 (2 ]. The pre-whitened data is
then decomposed using PCA. The first n_components are then passed to the parameter learning
iterations for hyperparameters 0, a, followed by the joint inference of the mixing matrix,
oscillation time-courses, and residual noise covariance. The optimal number of oscillations is then
selected as described earlier. The final noise covariance is computed from the remaining PCA
components that are not supplied to oscillation fitting and the OCA residuals. Once the oscillation
hyperparameters and the mixing matrix have been estimated, the oscillation time-courses can be
estimated from any continuous recordings or discrete epochs. Finally, the pipeline can also
reconstruct a multichannel signal from any arbitrary subset of oscillation components. We
emphasize here that the main reason for using PCA here is to perform rotation of the data, so that:
1) rank-deficient data (i.e., average referenced EEG data) can be handled conveniently, by
throwing out the zero-variance component. 2) the variance the multi-channel data can be
uniformly distributed in the remaining PCs. For these reson, we retain components explaing 99.9%
variance of the multichannel recordings, i.e., almost all compoenents with non-zero variance. The
PCA step essentially performs rotation of the data in the spatial dimension, leaving the temporal
relationships untouched.

Data Examples

Finally, we apply OCA on a simulation example and several experimentally recorded datasets. We
demonstrate the versatility of OCA analysis using two EEG datasets, one under propofol-induced
anesthesia, another during sleep, and one resting state MEG dataset. The simulation example
shows the utility of such time-domain analysis over frequency-domain analysis in the context of
multichannel recordings. In the real data applications, we showcase the implications of OCA as a
mechanistically-grounded tool, suggesting various downstream analysis involving the oscillation
time courses and their sensor distributions.

Simulation Example

We first apply the proposed oscillation decomposition method on a synthetic dataset to illustrate
how our time-domain approach differs from traditional frequency-domain approach. We
generated a synthetic EEG dataset using a 64 channel montage, forward model and noise
covariance matrix from a sample dataset distributed with the MNE software package [42 2 ]. To
select the active current sources, four regions with 5 mm? area were centered on chosen labels in
the DKT atlas [44 &2 ]: ‘transversetemporal-ll’, ‘precentral-rh’, ‘inferiorparietal-rh’ and
‘caudalmiddlefrontal-lh’. Three time-courses were separately generated at a sampling frequency of
100 Hz according to univariate AR(2) dynamics tuned to generate stable oscillations at 1.6 Hz
(slow/delta), 10 Hz (alpha), 12 Hz (alpha) frequencies. The first two regions were simulated with
the same slow/delta time-course such that the activity in the ‘precentral-rh’ area (orange, Fig

2A @) lags that of ‘transversetemporal-lh’ area (blue, Fig 2A ) by 10 ms. The last two regions,
‘inferiorparietal-rh’ and ‘caudalmiddlefrontal-lh’, were simulated with two independent alpha

time-courses. We projected this source activity to the EEG sensors via a lead-field matrix and add
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spatially colored noise generated with the covariance structure in Fig 2D 2 to the sensor data.
Two 20 s epochs were chosen for OCA and model selection was performed within the range of (2,
3,4,5,6,8,10) oscillations. Fig 2B presents the two most common frequency-domain
visualizations of multichannel data: the top panel shows the power distribution over the scalp
within different canonical EEG frequency bands, while the channel-wise power spectral density is
shown in bottom panel. Fig 2C 2 demonstrates how the decomposition obtained by OCA provides
an accurate delineation of different oscillation time-courses and effective characterization of their
spatial distributions in the sensor level mixing maps. Unlike the frequency-domain techniques, the
residual time-series that follows OCA extraction provides the temporally unstructured part of the
multichannel recording. The estimated covariance matrix from these residuals closely resembles
the original sensor noise covaraince matrix that was used to corrupt the recordings (see Fig 2E 2).
The covariance matrix estimate is strikingly close to the true covariance matrix (i.e., compare with
Fig 2D @). OCA provides a measure, q(M), for model structure selection, that objectively identifies
the existence of 3 oscillation time-courses with different time dynamics (see Fig 2F (%).

EEG recording during propofol-induced unconsciousness

Next, we demonstrate utility of OCA on experimental data using EEG recordings from a healthy
volunteer undergoing propofol-induced unconsciousness, previously described in [45 (%]. For
induction of unconsciousness, the volunteer underwent a computer-controlled infusion of
propofol to achieve monotonically increasing levels of effect-site concentration in steps of 1 ug
mL L. Each target effect-site concentration level was maintained for 14 min. The EEG was recorded
using a 64-channel BrainVision MRI Plus system (Brain Products) with a sampling rate of 5000 Hz,
bandwidth 0.016-1000 Hz. The volunteers were instructed to close their eyes throughout the study.
Here we investigated EEG epochs during maintenance of effect-site concentrations of 0 pug mL ™!
(i.e., baseline, eyes closed), 2 ug mL! and 4 ug mL~! for OCA. We selected 10 clean 3.5 s epochs

corresponding to those target effect site concentration (see Supplementary Materials).

We fitted OCA models with 20, 25, 30, 35, 45, 50, 55, 60 oscillation components, and selected the
model with highest negative variational free-energy as the best OCA model. Following this
empirical Bayes criteria we selected OCA models with 30, 30, 50 components for these three
conditions, respectively. When the center frequencies were grouped within the canonical
frequency bands [1 2], we found 17, 17, 29 slow/delta (0.1-4 Hz) oscillation components and 17, 9,
15 alpha (8-13 Hz) oscillation components for the three conditions respectively. Fig 3A-C# shows
power spectral densities (PSDs) of reconstructed EEG activity within each band, defined as the
cumulative projection of these grouped oscillation components to the sensors. Since each of these
oscillations have different sensor distributions, the increasing number of oscillation components
can be associated with fragmentation of neuronal networks that support these oscillations.

We also quantified the coherency of the reconstructed EEG activity within these commonly used
frequency bands as the ratio of the power of the strongest component to the total power of the
oscillation components within the bands. For the data analyzed here, slow+delta band coherency
decreases gradually while the alpha band coherency increases with the increasing propofol effect-
site concentration. To investigate this observation further, we visualized three dominant alpha
components from each conditions in order of their strengths in Fig 3D-F(%. In each column, the
left sub-panels consist of two topographic plots: the left one showing the distributions of the
strength (scaled between 0 to 1) and the right one showing the relative phase of the estimated
analytic oscillation mixing, ¢; ;. The right sub-panels display examples of the extracted analytic
oscillations, i.e., estimated real and imaginary components of 1 s long oscillation segments. The
rightmost black bars show the coherency measure within alpha band. Clearly, during the 4 pg
mL ! effect site concentration, the amplitude of the leading alpha oscillation component is much
bigger than the others, which aligns with our observation of the coherency measure. This finding
previously reported analyses showing a rise of slow+delta oscillation power, rapid fragmentation
of a slow+delta oscillation network, and emergence of global alpha network during propofol
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A Four neural sources carrying 3 oscillations. B rower spectral density of the simulated EEG data
(orange one is a lagged instance (by 360ms) of blue one!)
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Figure 2.

Simulation Study: A. four neural sources carrying 3 oscillations, where the orange time-course is a lagged instance of blue
time-course, red and green time courses are independent; B. power spectral density of the simulated EEG recording, and
power distribution over the EEG sensors in different frequency bands; C. recovered oscillation components and their sensor

level maps; D. sensor noise covariance for the simulation; E. estimated sensor noise covariance matrix; F. model structure
selection via model structure posterior g(m).
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Figure 3.

OCA of the EEG from a healthy volunteer undergoing propofol-induced unconsciousness. Conditions of target effect site
concentration of A. & D. 0 (i.e. baseline), B. & E. 2 ug mL™" and C. & F. 4 ug mL™" are analyzed. Panels A-C show the PSDs of
reconstructed EEG activity within each canonical band. Panels D-F show the three dominant (in terms of sensor wide power)
alpha component: the topographic maps show the magnitude (left) and phase (right) distribution of sensor level mixing, the
time courses are 1 sec representative example of the extracted oscillations from the selected epochs. The black bars on the
right display the coherency measure within alpha band. OCA correctly identifies that the spatial mixing sensor maps of the
alpha waves (8 Hz to 12 Hz) are oriented posteriorly at baseline, but gradually become frontally-dominant under propofol.
The sensor weights are scaled to have maximum value 1. So, the units of time series traces can be considered to be in pV

(dB).
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temporal dynamics increasingly resemble a pure sinusoidal signal, as evident from the PSD of the
Alpha band reconstruction that becomes more concentrated around the center frequency. Lastly,
the topographic plots in Fig 3D-F ( illustrate how alpha activity shifts from posterior electrodes to
frontal electrode with increasing propofol concentration [45(%, 48(% ].

EEG recordings under different Sleep Stages

The HD-EEG data shown in Fig 4 is from a young adult subject (age 28, Female) undergoing a
sleep study, recorded using ANT Neuro eego mylab system. After preprocessing (see
Supplementary Materials), we visually selected 10 clean 5 s segments of data that exhibited strong
alpha oscillations, each from relaxed wakeful (eyes closed) and REM sleep to apply OCA.

We fitted OCA models with 20, 25, 30, 35, 45, 50, 55, 60 oscillation components, and selected the
model structure with the highest negative variational free-energy as the optimum OCA model. The
empirical Bayes criterion selected 55 and 50 OCA components for relaxed wakeful (eyes closed)
and REM sleep, respectively. Fig 4 follows a format similar to Fig 3% : panels A-B show the
power spectrum density of the recorded EEG and the reconstructed sensor data from the OCA
components grouped in slow, theta and alpha bands; while panels C-D visualizes three of the
extracted oscillation components within the alpha band, ordered according to their strengths. The
topographical maps show the scalp distribution of these components, while the blue and red
traces show 1 s-long oscillation time-series pair corresponding to each component.

Activity within the alpha band (8-13 Hz) could be summarized by a few oscillation components:
for example only 7 and 3 OCA components had their center frequency within alpha band during
relaxed wakeful (eyes closed) condition and REM sleep, respectively. These alpha oscillation
components during relaxed wakeful (eyes closed) condition and REM sleep appeared to be distinct
in terms of their temporal dynamics: relaxed wakeful alpha components are more regular (i.e.
closer to sinusoidal activity) than REM alpha. But, REM alpha coherency (0.4307) is moderately
higher than that of relaxed wakeful alpha (0.3195). The spatial distribution of the REM alpha
component appeared to be confined primarily within the posterior channels while the awake
alpha is more distributed. To quantify the degree of similarity or difference between the spatial
distributions, we calculated the principal angle between the spatial mixing maps of the awake
eyes-closed and REM alpha components. The principal angle measures the similarity between two
subspaces, where an angle of 0 ° indicates that one subspace is a subset of the other, and where an
angle of 90 ° indicates that at least one vector in a subspace is orthogonal to the other [49 (2 ]. The
spatial mixing maps for awake eyes-closed alpha and REM sleep had a principal angle of 44.31 °,
suggesting that the subspaces, and thus the underlying cortical generators, were substantially
different.

Resting state MEG recording

Finally, we demonstrate the utility of OCA on a MEG dataset from the Human Connectome Project.
As requested by the Human Connectome Project, the following text is copied verbatim: MEG data
in Section Resting state MEG recording ‘were provided by the Human Connectome Project, WU-
Minn Consortium (Principal Investigators: David Van Essen and Kamil Ugurbil; 1U54MH091657)
funded by the 16 NIH Institutes and Centers that support the NIH Blueprint for Neuroscience
Research; and by the McDonnell Center for Systems Neuroscience at Washington University.” The
MEG data used here is the resting-state recording from subject 104 012_MEG, session 3.

We fit OCA on 34 clean 5 s epochs, and from among the OCA with 20, 25, 30, 35, 40, 45, 50, 55
components, empirical Bayes criterion selected the OCA with 30 components. Out of these 13 were
within the slow+delta band and 10 were alpha oscillations. For this example, we sought to
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Figure 4.

OCA of the EEG from a healthy young volunteer to compare between (A. & C.) wakeful resting state and (B. & D.) rapid eye
movement sleep. Panels A-B show the PSDs of reconstructed EEG activity within each canonical band. Panels C-D show the
three dominant (in terms of sensor wide power) alpha component: the topographic maps show the magnitude (left) and
phase (right) distribution of sensor level mixing, the time courses are 1 sec representative example of the extracted
oscillations from the selected epochs. The rightmost black bars display the coherency measure within alpha band. The
contrasting topographic distribution of the alpha components (8-12 Hz), the shape of the oscillation power spectrum and
alpha coherence hints at a distinct generating mechanism for alpha waves during stage-2 REM sleep compared to awake
eyes closed alpha wave. The sensor weights are scaled to have a maximum value 1 so that the units of time series traces are
in pv.
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highlight a different downstream analysis of the extracted oscillation components. We chose the
three leading slow oscillation components and the three leading alpha oscillation components
from the set of identified oscillation components.

For each oscillation, OCA extracts a pair of time traces, i.e., one real time trace and one imaginary
time trace (see SI Text: Section Oscillation states and analytic signals)). These ‘real’ and ‘imaginary’
indices can be utilized to compute the instantaneous phase and instantaneous amplitude of
individual oscillation components at every time-point, without having to rely on Hilbert transform
[5022].

(*)
PJ{*] = arctan Pt

2.t
(%)
L1t

Further, we pick any one of the slow oscillation components and one of the alpha oscillation
components and consider the ordered pair of slow component phase and alpha component
amplitude at a single time-point as a sample drawn from the joint distribution of the ‘phase-
amplitude’ of these two components. These samples then can be used to quantify cross frequency
phase-amplitude coupling between these components via either nonparametric [51 @-53 ] or

coupling between the slow oscillation component phase and alpha oscillation component
amplitude: the conditional mean of the alpha amplitude given slow/delta phase is higher at some
specific phases between all three slow waves and OSC012, but overall flat for other alpha
oscillation components. This example illustrates how the OCA algorithm can be used to identify
specific oscillatory components that show phase-amplitude coupling.

Discussion

OCA is a novel approach to the multichannel component decomposition problem that can identify
a number of independent spatio-temporal components, but does so in the context of underlying
temporal dynamics specified by a state space model. In the state space representation used here,
the dynamics of an elemental oscillation are parameterized by a central frequency, f, a damping
parameter, a and the second order statistics of stochastic driving noise, 0>. Meanwhile an
associated spatial mixing pattern at the sensor level quantifies the contribution of the elemental
oscillation to each observed channel.

The OCA learning algorithm uses an instance of the generalized expectation maximization
algorithm to iteratively match the parameters of the oscillation state space parameters to the
second order statistics of the M/EEG data. The goodness-of-fit for the data—driven matching
procedure is defined within a Bayesian framework, as is the inference for the oscillation time-
courses, their sensor level mixing patterns, and the measurement noise covariance matrix. This
same goodness-of-fit metric is further used to determine the number of oscillations present in the
multichannel data via empirical Bayes model selection. Once the number of oscillations,
oscillation state space parameters, their sensor level mixing patterns, and the measurement noise
covariance matrix are estimated, the elemental oscillatory activities can be extracted as a pair of
time-courses, i.e., the ‘real’ and ‘imaginary’ parts of the analytical signal, from any given
observation.

The oscillator state space parameters discovered in OCA are akin to the ad-hoc parameters, e.g.,
peak frequency, full-width-half-maxima bandwidth, and peak oscillation power etc. encountered
in Fourier/wavelet based frequency-domain nonparametric time series analysis [56 (4 ]. However,

OCA circumvents a major drawback of frequency-domain methods when searching for neural
oscillations from multichannel recordings. Generally, the source-to-sensor mixing complicates the
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Figure 5.

Cross-frequency phase-amplitude coupling in OCA components extracted from resting state MEG recording. The black traces
show the conditional mean of a selected alpha component (8-12 Hz) amplitude given another selected slow/delta component
(0-4 Hz) phase. The three slow oscillations and three alpha oscillations that explained the highest variance were selected for
demonstration purposes. The topographic maps show the magnitude (left) and phase (right) distribution of sensor level
mixing of the selected components.
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interpretation of the topographies generated by signal processing tools that treat each channel
individually [6(Z ]. In a nonparametric frequency-domain approach, the only way to discover this
spatially-correlated structure across sensors is to perform eigenvalue analysis on the cross-
spectral density on a frequency by frequency basis, also known as global coherence analysis
[482, 573, 58 3 ]. If the eigenvalue distribution exhibits sufficient skewness, the associated
frequency is deemed coherent and the leading eigenvectors are identified as the ‘principal’ sensor
networks at that frequency; in other words a proxy for a strong oscillatory component. As the
number of sensors increases this analysis becomes increasingly intractable: in a sensor array with
~ 102 sensors the cross-spectral density matrix has ~ 10% entries. Alternatively, the state space
representation used here in OCA provides a convenient and compact way to perform multichannel
time-domain modeling and analysis [59 2 ]. The OCA modelling approach decouples the oscillatory
dynamics and the spatial mixing pattern effectively by estimating one set of parameters for each
discovered oscillation and the associated spatial mixing matrix, thereby avoiding the need for
cross—spectral density matrices and frequency parameters for individual channels altogether
[602]. Another major advantage of OCA over global coherence analysis is that OCA automatically

identifies the dominant coherent oscillations across the channels based on its probabilistic
generative model and Bayesian learning approach.

The iterative parameter estimation procedure of OCA is clearly more computationally
burdensome compared to conventional Frequency-domain nonparametric methods. However,
once the OCA parameters are estimated, OCA can decompose any given multichannel recording
segments into the oscillation time-series pairs. In that sense, OCA parameter learning can be
viewed as iterative estimation of a pair of optimal spatio-temporal filters [61 ] for each
oscillation, parameterized by the estimated oscillation state space parameters and spatial maps.
These optimal spatio—-temporal filters are then applied to the multichannel data to extract the
oscillation time courses. As a result, the extracted narrowband activity is endogenous to the data,
rather than being imposed by an arbitrary narrowband filter [21(Z ].

This behavior of OCA is similar to oscillatory component extraction methods based on datadriven
spatial filtering, where the extracted component inherits the intrinsic oscillatory dynamics around
the specified frequency [17 2, 182, 18(%, 192 ]. In fact, OCA employs the same philosophy as
spatio-temporal source separation [20 @ ], where the extracted narrow-band signal and its time-

shifted versions are again projected to a temporal coordinate space to further enhance the power
within the given frequency band. However, spatio-temporal source separation establishes the
temporal constraint via nonparametric sample correlation estimates that are sensitive to noise or
artifacts and that require substantial amounts of data for estimation. Another important
distinction is that spatio-temporal source separation determines the sensor weights first, and then
obtains the temporal filter kernel from the projection of the multichannel data. In contrary, OCA
updates the sensor weights and the parameters for the temporal filter iteratively within the
Bayesian formulation of the state space framework, thus jointly estimating the spatial and
temporal components simultaneously from the data.

The class of ICA-based methods, on the other hand, assumes that the component time courses
share no mutual information, i.e., are statistically independent. Without any explicit assumption
on the temporal dynamics of the generative process, the properties of the identified components
may be difficult to interpret and may also be unreliable. In fact, the identified ICA components
typically require subjective visual inspection by experts for their possible interpretation. A
number of investigators have recognized these limitations with ICA, in particular the assumption
of temporal independence, and have proposed generalizations of the ICA framework to
incorporate auto-regressive modeling of source dynamics [30 (3, 62 2 ]. Despite demonstrating

these methods for the analysis of neurophysiological data has been slow. This may be due in part
to the lack of interpretability of the higher order autoregressive model structures. OCA is close to
this particular variant of ICA, but describes the identified component sources using a two-
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multivariate time series, but did not apply the model to neurophysiological data, perhaps due to its
high dimensionality. The OCA algorithm differs by way of its learning and model selection
algorithms which allow it to select the number of components to extract in a statistically
principled and data driven manner. Overall, OCA delivers the best of the previously mentioned
eigen-analysis-based source separation methods and ICAs: a decomposition method that can
identify independent components, but where each component represents an underlying
oscillatory dynamical system. The generative link between each component and the underlying
dynamical system makes interpretation of the components straightforward. Clearly, we focus in
this work specifically on oscillatory components applicable to neurophysiological data that are
exemplified by highly structured oscillatory dynamics. But the methods can account for more
general, arbitrary dynamics that can be approximated by linear state space models, and can be
equally useful so long as the state space model is interpretable.

There is another important distinction between OCA and the aforementioned blind source
separation techniques. These methods directly estimate the sensor weights for a weighted linear
combination of sensor recordings that produce the individual temporal components [22 (Z]. In
other words, these blind source separation methods provide a backward decoding algorithm. The
linear weights are not directly interpretable since they do not specify how the individual temporal
components map to the observed data. That uniquely interpretable information is provided by a
forward mapping which must be estimated in a separate step. When the number of linear
components matches with the number of sensors, this forward mapping can be calculated via
simple matrix inversion. However, when there is a reduced set of components the forward
mapping can only be obtained by solving an inverse problem that requires knowledge of the
source and sensor sample covariance matrix. In contrast, the OCA model involves only the
(forward) spatial distribution matrix and our algorithm directly estimates it. In fact, the backward
extraction model of OCA involves non-zero weights for time-shifted signals and are never
explicitly computed. In that sense, OCA avoids an extraneous transformation step that could
inadvertently introduce errors to the spatial mixing pattern estimates.

Another popular time-domain approach for oscillatory signal discovery is the multichannel
extension of empirical mode decomposition. Empirical mode decomposition models the time
series data as linear combination of intrinsic oscillations called intrinsic mode functions (IMF).
Identification of IMFs depends critically on finding the local mean of the local extrema, which is
not well-defined in the context of multichannel recordings. Rehman and Mandic [63 %] chose to
take real-valued projections of the n-channel data, with the projections taken along direction
vectors uniformly sampled on a unit spherical surface in an n dimensional coordinate space. The
local extrema of each of the projected signals are extrapolated to obtain a set of multivariate signal
envelopes. Clearly, this random sampling in a high-dimensional space is computationally
demanding, and the fully nonparametric formulation requires a substantial amount of data,
making the procedure sensitive to noise. On the contrary, OCA employs a parametric model that
represents oscillatory dynamics in a manner that is statistically efficient and resilient to noise.

Conclusion

In summary, starting from a simple probabilistic generative model of neural oscillations, OCA
provides a novel data-driven approach for analyzing multichannel synchronization within
underlying oscillatory modes that are easier to interpret than conventional frequency-wise, cross-
channel coherence. The overall approach adds significantly to existing methodologies for spatio-
temporal decomposition by adding a formal representation of dynamics to the underlying
generative model. The application of OCA on simulated and real M/EEG data demonstrates its
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capabilities as a principled dimensionality reduction tool that simultaneously provides a
parametric description of the underlying oscillations and their activation pattern over the sensor
array.

Materials and methods

M/EEG pre-processing

default setting of the respective functions.

EEG recording during propofol-induced unconsciousness

The EEG was bandpass filtered between 0.1 Hz to 40 Hz, followed by downsampling to 100 Hz and
average referencing prior to performing OCA. The 0.1 Hz highpass filtering was done to filter out
slow drifts in the EEG recordings, which can adversely effect the OCA fitting procedure. All
selected epochs had peak-to-peak signal amplitude less than 1000mV. The prior on the noise-
covariance was estimated from the same EEG recording, after high-pass filtering above 30 Hz.

Sleep EEG recording

The EEG data was first down sampled to 100 Hz after band pass filtering within 1 Hz to 40 Hz. The
flat and noisy channels are first identified upon visual inspection. We computed neighborhood
correlation for the rest of the channels and marked channels with median correlation, p < 0.4 as
bad channels. These channels are dropped for the subsequent analysis.

MEG recording from Human Connectome Project

We divided the entire resting state MEG recording from subject 104 012 MEG, session 3 into 5 s
epochs, and selected 34 epochs with peak-to-peak amplitude less than 4000 fT for OCA. Prior to

artifacts from MEG signals. The repaired MEG recordings are then downsampled to 100 Hz after
applying appropriate anti-aliasing filter.

Supporting Information

Supporting Text: Mechanistic origin Traveling wave solution of Maxwell’s equation to the state
space model.

Supporting Text: Oscillation states and analytic signals Relation between oscillation states and
analytic signals

Supporting Text: Model parameter estimation and model selection Detailed derivation of the
OCA algorithm.
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Summary:

The present paper introduces Oscillation Component Analysis (OCA), in analogy to ICA, where
source separation is underpinned by a biophysically inspired generative model. It puts the
emphasis on oscillations, which is a prominent characteristic of neurophysiological data.

Strengths:

Overall, I find the idea of disambiguating data-driven decompositions by adding biophysical
constrains useful, interesting and worth-pursuing. The model incorporates both a component
modelling of oscillatory responses that is agnostic about the frequency content (e.g.. doesn't
need bandpass filtering or predefinition of bands) and a component to map between sensor
and latent-space. I feel these elements can be useful in practice.

Weaknesses:

Lack of empirical support: I am missing empirical justification of the advantages that are
theoretically claimed in the paper. I feel the method needs to be compared to existing
alternatives.
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