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(7) ABSTRACT

Systems and methods for tracking dynamic structure in
physiological data are provided. In some aspects, the method
includes providing physiological data, including electroen-
cephalogram (“EEG”) data, acquired from a subject and
assembling a time-frequency representation of signals from
the physiological data. The method also includes generating
a dynamic model of at least one non-stationary spectral
feature, such as at least one non-stationary spectral peak,
using the time-frequency representation and a user indica-
tion, and applying a dynamic model of at least one non-
stationary spectral feature in a parameter estimation algo-
rithm to compute concurrent estimates of spectral
parameters describing the at least one non-stationary spec-
tral feature. The method also includes tracking the spectral
parameters of the at least one spectral feature over time.
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SYSTEMS AND METHODS FOR TRACKING
NON-STATIONARY SPECTRAL STRUCTURE
AND DYNAMICS IN PHYSIOLOGICAL DATA

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] The present application is based on, claims priority
to, and incorporates herein by reference in its entirety U.S.
Provisional Application Ser. No. 61/840,093 filed Jun. 27,
2013, and eatitled “METHODS AND SYSTEMS FOR
TRACKING NON-STATIONARY SPECTRAL PEAK
STRUCTURE IN EEG DATA.”

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH

[0002] This invention was made with government support
under DP2 OD006454 awarded by the National Institutes of
Health, and under 11S-0643995 awarded by the National
Science Foundation. The government has certain rights in
the invention.

BACKGROUND

[0003] The present disclosure generally relates to systems
and methods for monitoring and/or controlling states of a
subject, and more specifically to systems and methods for
monitoring and/or controlling states of a subject using a
model-based characterization of the dynamic time-fre-
quency structure associated with physiological data.

[0004] In the case of surface recordings of brain activity,
it was demonstrated over 75 years ago that central nervous
system changes, such as those occurring during sleep or as
a result of administration of an anesthetic, are observable via
neural EEG recordings, which measure electrical impulses
in the brain through electrodes placed on the scalp. As a
consequence, it was postulated that EEG information could
be used to track in real time the brain states of patients, for
instance during sleep, or under sedation and general anes-
thesia, the same way that an electrocardiogram could be
used to track the state of the heart and the cardiovascular
system.

[0005] Tools used by clinicians for monitoring brain states
of patients include physiologically and EEG-based systems
developed to help measure neural network activity resulting
from certain biological processes, task activity, sleep, anes-
thetic administration, and other clinical procedures. For
example, such monitoring systems are used to track the level
of consciousness of a patient undergoing general anesthesia
or sedation in the operating room and intensive care unit.
Using proprietary algorithms that combine spectral and
entropy information derived from EEG data, such systems
provide feedback through partial or amalgamized represen-
tations of the acquired signals for use in identifying the brain
state of a patient. In some scenarios, direct manipulation of
the central nervous system, often performed using pharma-
cological approaches, 1s facilitated using such systems by
way of controlling the level unconsciousness, amnesia,
analgesia, and immobility of a patient. For example, during
sleep, EEG, EOG, EMG, and respiration data is monitored
in clinical or home settings, and then evaluated through
visual analysis to diagnose sleep and respiratory disorders.
[0006] In order to examine specific spectral signatures of
underlying neural activity, it has been an emerging practice
to compute time-frequency representations of the acquired
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BEG data, using techniques including but not limited to
spectrograms (FFT, Hanning window), multitaper spectro-
grams, wavelet transforms, Gabor transforms, and chirplet
transforms. Different approaches previously proposed char-
acterized measured neural rhythms at several discrete time
periods, using methods that describe time-varying spectral
signatures qualitatively. For instance, one attempt for track-
ing time-frequency features included modeling spectral con-
tent using pure sinusoids that have non-stationary peaks and
amplitudes. Specifically, the sum of more than one sinusoid
model was used to track multiple simultaneously-evolving
oscillations. While this previous approach may be adequate
for tracking pure sinusoids produced by artificial or
mechanical systems, such pure sinusoids are almost never
present in physiological systems.

[0007] For example, measured EEG signals often exhibit
broadband peaks in the time-frequency domain, the full
structure of which can provide important information about
the underlying neural activity. In particular, the specific form
of a spectral peak, describing EEG data acquired during, say,
administration of propofol during general anesthesia, can
provide information about a patient’s depth-of-conscious-
ness. Hence, current methods that employ sinusoidal models
of time-frequency structure are lacking since such methods
collapse broadband physiological oscillations to a single
frequency, thereby ignoring information content present in
the peak bandwidth and structure. It is therefore necessary to
devise a system in which the full spectral structure and the
information contained there in are retained.

[0008] Considering the above, there continues to be a need
for systems and methods to quantitatively and accurately
analyze physiological data dynamics for monitoring patients
and based thereon, provide systems and methods for con-
trolling patient states, such as during sedation, general
anesthesia, sleep, medically induced coma, hypothermia,
drug delivery, or other natural or pharmacologically-medi-
ated dynamic neural scenarios.

SUMMARY

[0009] The present disclosure overcomes drawbacks of
previous technologies by providing systems and methods for
tracking the dynamic time-frequency structure present in
physiological data acquired from a subject, such as spectral
peaks, for purposes including, data analysis, and monitoring
and/or controlling physiological states of the subject. Spe-
cifically, the present disclosure provides systems and meth-
ods that utilize a statistical sampling approach to estimate,
either concurrently or simultaneously, parameters included
in models describing dynamic components of physiological
signals in the time-frequency domain.

[0010] Inparticular, an approach is described that includes
decomposing time-varying spectra into multiple concurrent
spectral peaks using parametric or semi-parametric models
of the peak structure, and contemporaneously or simultane-
ously tracking their time-varying properties. Time-varying
parameters of these spectral decomposition functions
include spectral features such as instantaneous peak fre-
quency, amplitude, and bandwidth. In addition to the form of
this specific model, a framework is provided by which such
methodology can be broadly applied to any physiological
system using a wide array of parametric or semi-parametric
models of time-frequency structure and temporal dynamics.
[0011] In this manner, the present disclosure provides an
approach whereby it is possible retain important information
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contained in the full spectral structure, by decomposing the
power spectrum into specific components of the overall
spectra, such as individual spectral peaks, each with a
specific shape as function of frequency. which could be
broad-band. Such “spectral decomposition functions” are
functional representations of the spectral components,
defined using structurally-interpretable parameters such as
the peak frequency, amplitude, bandwidth, as well as overall
spectral shape of the oscillations. In doing so, a more
complete representation of the power spectrum could be
achieved. Moreover, since the frequency content of physi-
ological systems may change over time, such spectral
decomposition functions are allowed to vary in time as well.
This is achieved using a dynamic framework that allows the
spectral decomposition function parameters to vary over
time, perhaps as a function of intrinsic or extrinsic covari-
ates.

[0012] In accordance with one aspect of the present dis-
closure, a system for tracking dynamic structure in physi-
ological data is provided. The system includes at least one
input configured to receive electroencephalography
(“EEG™) data acquired from a subject, and a processor
configured to receive the EEG data from the at least one
input and assemble a time-frequency representation of sig-
nals from the EEG data. The processor is also configured to
generate a dynamic model of at least one non-stationary
spectral peak using the time-frequency representation and a
user indication, and apply the dynamic model in a parameter
estimation algorithm to compute concurrent estimates of
peak parameters describing the at least one non-stationary
spectral peak, the peak parameters including a peak fre-
quency, a peak bandwidth and a peak amplitude. The pro-
cessor is further configured to track the peak parameters of
the at least one non-stationary spectral peak over time.

[0013] In accordance with another aspect of the present
disclosure, a method for tracking dynamic structure in
physiological data is provided. The method includes pro-
viding electroencephalogram (“EEG”) data acquired from a
subject, and assembling a time-frequency representation of
signals from the EEG data. The method also includes
generating a dynamic model of at least one non-stationary
spectral peak using the time-frequency representation and a
user indication, and applying a dynamic model of at least
one non-stationary spectral peak in a parameter estimation
algorithm to compute concurrent estimates of peak param-
eters describing the at least one non-stationary spectral peak,
the peak parameters including a peak frequency, a peak
bandwidth and a peak amplitude. The method further
includes tracking the peak parameters of the at least one
spectral peak over time.

[0014] In accordance with another aspect of the present
disclosure, a system for tracking dynamic structure in physi-
ological data is provided. The system includes at least one
input configured to receive physiological data acquired from
a subject and a processor configured to receive the physi-
ological data from the at least one input, and assemble a
time-frequency representation of signals from the physi-
ological data. The processor is also configured to generate a
dynamic model of at least one non-stationary spectral fea-
ture using the time-frequency representation and a user
indication, and apply the dynamic model in a parameter
estimation algorithm to compute concurrent estimates of
spectral parameters describing the at least one non-station-
ary spectral feature. The processor is further configured to
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track the spectral parameters of the at least one non-station-
ary spectral feature over time.

[0015] The foregoing and other advantages of the inven-
tion will appear from the following description. In the
description, reference is made to the accompanying draw-
ings which form a part hereof, and in which there is shown
by way of illustration a preferred embodiment of the inven-
tion. Such embodiment does not necessarily represent the
full scope of the invention, however, and reference is made
therefore to the claims and herein for interpreting the scope
of the invention.

BRIEF DESCRIPTION OF THE DRAWINGS

[0016] The present invention will hereafter be described
with reference to the accompanying drawings, wherein like
reference numerals denote like elements.

[0017] FIGS. 1A-B are schematic block diagrams of a
physiological monitoring system.

[0018] FIG. 2 is a schematic block diagram of an example
system for improved spectral analysis, in accordance with
the present disclosure.

[0019] FIG. 3 is a flowchart setting forth steps for a
process of tracking dynamic structure of signal data, in
accordance with the present disclosure.

[0020] FIG. 4 is an illustration of an example monitoring
and control system in accordance with the present disclo-
sure.

[0021] FIG. 5A is a graphical example illustrating simu-
lated EEG data processed in accordance with the present
disclosure.

[0022] FIG. 5B is a graphical illustration of the non-
stationary peak parameters of FIG. 5A tracked in accordance
with the present disclosure.

[0023] FIG. 6A is another graphical example illustrating
measured EEG data processed in accordance with the pres-
ent disclosure.

[0024] FIG. 6B is graphical illustration of the non-station-
ary peak parameters of FIG. 6A tracked in accordance with
the present disclosure.

DETAILED DESCRIPTION

[0025] Spectral analysis is an important tool for analyzing
the time-frequency structure of physiological data. The
traditional approach to clinical interpretation of electro-
physiological recordings is to visually examine time domain
waveforms, associating different waveform morphologies
with physiology, pathophysiology, or clinical outcomes.
Visual time-series analysis, however, is a highly subjective
and time-consuming process, and spectral analysis can pro-
vide valuable information difficult to observe in the time-
domain. For example, in sleep medicine, sleep studies
record patient EEG, EMG, EOG, and respiratory data. These
data records, lasting up to 10 hours in duration, are broken
into 30-second segments, each of which must be visually
interpreted in the time-domain. This scenario makes it
extremely difficult to effectively track non-stationary prop-
erties of the sleep signal over time, which may provide
important information for characterizing clinically-relevant
features of a patient’s sleep. In another example, general
anesthetic and sedative drugs induce stereotyped non-sta-
tionary oscillations in the EEG that are much easier to
interpret when analyzed in the time-frequency domain using
spectral analysis. The ability to track the time-varying
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properties of these oscillations could be used to track, for
example, changes in drug dosage or administration, or
changes in patient’s level of arousal due to external stimuli.

[0026] Systems and methods, as provided herein, may be
applied to physiological data acquired from a subject under
anumber of clinical or experimental scenarios, including but
not restricted to sleep, drug delivery, general or local anes-
thesia, sedation, coma, hyperthermia, and so on, for pur-
poses of monitoring and/or controlling the physiological
state of the subject. As will be described, the present
disclosure details an approach that quantitatively describes
the dynamic time-frequency structure of physiological sig-
nals, providing models that capture non-stationary signal
properties present therein, as well as respective temporal
variation of such properties. Specifically, the time-frequency
representation of acquired physiological data may be
decomposed into parametric, or semi-parametric functions
specific to the forms of the spectral peak structures, the
functions including parameters such as, instantaneous peak
frequency, amplitude, and bandwidth. A time-varying model
may then be defined to describe the time variation of the
parameters. As such, using an estimation procedure in
conjunction with time-frequency physiological data and
models, the parameters may be fit at each point in time. In
this manner, multiple concurrent non-stationary components
of a physiological signal can be tracked in the time-fre-
quency domain.

[0027] The following describes a specific implementation
for analyzing EEG data under various scenarios, such as
general anesthesia, sedation, or sleep, using a statistical
sampling parameter estimation algorithm, Gaussian and
Gamma shaped models of spectral peak structure, and a
linear Gaussian model of peak temporal dynamics. How-
ever, it may be appreciated by one skilled in the art that
various types physiological data acquired under multiple
scenarios may be utilized, and be considered to be within the
scope of the present invention. For instance, non-limiting
examples of physiological data may include data obtained
from electroencephalography (“EEG”), electromyography
(“EMG”), electrocorticography (“ECoG”), local field poten-
tials (“LFP”), electrocardiography (“ECG”), electrooculog-
raphy (“EOG”), galvanic skin response (“GSR”), oxygen
saturation (SAQ,), ocular microtremor (“OMT”), and so
forth. In addition, as will be described, the specific model
presented relates to a more general statistical framework,
which may be applied in describing time-frequency dynam-
ics of various physiological monitoring conditions or sce-
narios.

Spectral Peak Parameter State Models

[0028] The following describes a specific implementation
of an approach for dynamic time-frequency peak tracking,
which is applied to simulated EEG data, as well as EEG data
acquired from a subject during the administration of propo-
fol anesthesia. This serves as a concrete example in a general
dynamic time-frequency tracking approach.

[0029] Given time-frequency observations, such as those
generated from EEG signal data, over discrete times t€{1,
.. ., T}, and fixed-width frequency bins centered at
frequencies f£{1, . .., F}, a matrix can be constructed of the
spectral domain observations, namely
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[0030] such that y, .is the magnitude of the power spec-
trum at time t within the frequency bin f.

[0031] In general, Y may be any time-frequency represen-
tation, such as a spectrogram (FFT, Hanning window),
multitaper spectrogram, wavelet transform, Gabor trans-
form, or chirplet transform of any physiological data, includ-
ing EEG, EMG, ECoG, LFP, ECG, EOG, GSR, SAO,, and
OMT. In a general formulation, the y, -elements may include
complex values representing the magnitude and phase of the
spectral domain observations, as well as transformations
such as a logarithmic or decibel transformation, for instance.
The data could also be transformed prior to computing the
time-frequency representation, for instance, by combining
information across a plurality of electrodes across space, as
in an EEG montage. Y may also include time-frequency data
from combinations of various physiological data sources. y, ,
[0032] Inaccordance with methods described in the pres-
ent disclosure, an estimate of Y , namely Y, is constructed
from a function or a set of functions with time-varying
parameters, which may represent multiple concurrent non-
stationary spectral peaks. To compute ¥, which are esti-
mates of y, » the spectral observations may be modeled as a
linear combination of N discrete non-stationary peaks in
spectral power, such that

N
= e £, 0 +ey,
n=1

[0033] where Q,(t,£0,) is the magnitude of the n” spec-
tral peak, and ¢, is the observation noise at time t within
frequency bin f. Fach spectral peak is characterized at time
t by its own set of parameters 8,”, which describes its
time-varying amplitude A, peak frequency F, and band-
width B,. Of note is that this particular model defines the
estimate of the time-frequency representation of the data as
a linear mixture model. In general, Y can be formulated as
any linear or non-linear combination of spectral decompo-
sition functions.

[0034] The temporal evolutions of the parameters may be
defined as random walks, such that for a given parameter x

XX, e, )
2
where ¢, [IN(0,0, 7).

[0035] The state variance parameters may also be defined
as random walks,

2., 2
O O HE0 4

where £,[]N(0, ¢,%) and v is a constant.

[0036] In addition, the observation noise may be modeled
as a function of frequency f
&, j:N(o,cyffF) ©)

which reflects the 1/ noise phenomenon, of power factor p,
widely observed in physiological EEG data. The observation
noise variance also evolves as a random walk with constant
variance
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0,7=0, ’+t, (6)

where €,[1N(0,0,7) as in Eqn. 4. Thus, the parameter vector
for each spectral peak is

n_ 2 2 2
et 7{A1>F1’Bt>0’A, ’Gft >03t }

[0037] While the above-described model represents
parameter temporal dynamics as linear and having Gaussian
noise, and observations as having a 1/f noise, other linear or
non-linear models with Gaussian or non-Gaussian state and
observation noise may be used as well. Moreover, interac-
tions between specific parameters, as well as relationships
between parameters and other data sources or external
correlates, such as drug concentration, may also be modeled.
Additionally, spectral phase structure may be modeled, in
cases where y, -elements are complex.

Observation Model Components

[0038] Given a framework for characterizing the time-
frequency representation of physiological data as the com-
bination of spectral features, the functional forms of these
features may then be defined. In particular, with respect to
spectral features commonly observed in EEG data, given 8,”,
the observation model

_F2 7
nn(z,f,e,")=eXP[A,—(f F’)] "

2B,

can be used to characterized the spectral peak as a Gaussian
shaped function with amplitude exp(A,), peak frequency F,,
and bandwidth B,.

[0039] The Gaussian shaped function, however, may not
always be appropriate model of peak structure. Since fre-
quency, by definition, is bounded at zero, the structure of the
spectral peaks with low peak frequencies may be highly
asymmetrical. Specifically, this is evident in the EEG slow/
delta wave rhythms observed in sleep and general anesthe-
sia. Therefore, an alternative example of a model for the
peak structure may be defined as:

e .07 = S8 b - ). w

where v=exp(1-k)[(k-1) ¢ |(*V, k=1/,5(
VEZ(4BAF )42BAF ) and ¥ =1/, (F (4BAF)-F ).
In this manner, spectral features based on the shape of a
Gamma distribution with amplitude exp(A,), peak frequency
F, bandwidth B,, and shape and scale parameters, k, and j,
respectively, may be characterized.

[0040] In general, various parametric models of spectral
structures can be used, including those based on other
continuous distributions such as lognormal, Gompertz, Chi-
squared, inverse-Chi-squared, exponential, inverse Gamma,
inverse Gaussian, Beta, and so on. Additionally, semi-
parametric functions may also be used, to include splines
and Bézier curves, for example.

Likelihood and Goodness-of-Fit

[0041] Given N simultaneous, or concurrent, spectral fea-
tures defined by a function or set of functions, a parameter
vector and observation noise vector can be constructed for
each time t as follows:
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[0042] For a given ©, the probability at time t of the
observed data given the model, Pr(Y,©,), which is propor-
tion to the instantaneous likelihood, can be computed as
follows:

Pr(Y;10,) o L(O;) = (10)
F PR £ s 2
(relye,r} -eld, ;) (im{y, 7} —im{§, 1)
), 20, - N
= f 7=1 f
[0043] In the spectral peak example described, the param-
eter vector may be
© t:{etNtoytzap} (11)
[0044] Since the y, , elements represent cnly the magni-

tude of the time-frequency representation of the data, the
imaginary component of the likelihood disappears, and

Gytfzi(}ylzf_ £ 50 that the likelihood becomes:

F

, o2 (12)
(Vif —y,,f)
Pr(Y:| 0) o« L(®;) = exp| —Z W .
It

[0045] Given any dynamic model of time-frequency
decomposition functions, the general likelihood expression
of Equ. 10 and the data, a total likelihood of the model L, ,,(
9) given the data can be computed by taking the product of
the likelihood over time, or the sum of the log-likelihood
over time:

T T (13)
Loa(®) = [ | 100 = | log(L(®,).
=1

=1

[0046] The total likelihood may then be used to assess a
goodness-of-fit, and to perform a model comparison. Spe-
cifically, it is possible in this approach to use a relative
goodness-of-fit indicator for the different selected, or gen-
erated, models to compare hypotheses related to dynamic
features of the underling physiological time-frequency
structure, such as a number of peaks, peak temporal dynam-
ics, relationships between the structure of different peaks,
relationships between peak structure and external correlates,
differences in peak structure across time/space, differences
in peak structures across groups/pathologies/experimental
conditions, and so forth.

[0047] Therefore, in some aspects, the modeling frame-
work presented herein may be further implemented as a
powerful tool for data analysis, as it may be utilized for
quantitative assessment for different theories related to the
dynamical properties of a physiological system.



US 2020/0113466 Al

Parameter Estimation

[0048] Given physiological data, the model framework,
and a metric for assessing goodness-of-fit, it is possible to
provide estimates for the model parameters. In one particular
embodiment, as will be described, a statistical sampling
method called a bootstrap particle filter may be applied for
estimating parameters. However, alternative estimation pro-
cedures could also be employed, such as other sequential
importance sampling (“SIS”) methods, Kalman filters,
variational Bayes estimators, and the Expectation-Maximi-
zation (“EM”) algorithm. Additionally, explicit model-spe-
cific estimates can also be computed. Specifically, the pur-
pose of such estimation procedures is to produce an estimate
of the distribution of each of the model parameters during
each time period of a time-frequency representation. Given
such distribution, statistics related to individual or multiple
spectral peaks present in the data can be computed, changes
in spectral structure can be tracked, compute functions of
this distribution that are related to clinical or disease states,
and compute the statistical uncertainty of all of these quan-
tities.

[0049] Referring to the example spectral peak model pre-
sented herein, as mentioned, the parameter vector of Eqn. 11
and likelihood of Eqn. 12 may be used to construct a
bootstrap particle filter, which is a Bayesian sequential
importance sampling method that generates a set of P
parameter vectors, or particles, whose distributions approxi-
mates the posterior distribution, Pr(Y,1© ). In some aspects,
the initial particle values may be drawn from a pre-defined
proposal density, for example, using information provided
by a user. Particularly, in dealing with physiological data
under experimental conditions, information relating to
understood characteristics of spectral peaks may be used to
inform the choice of proposal densities, since the time-
frequency structure of the data may be well-known. This
allows judicious selection of priors for each of the param-
eters in questions, given specific knowledge of the under-
lying physiology such as number of peaks, peak frequency,
amplitude, and bandwidth. For example, in the case of EEG
during propofol anesthesia, generally two peaks arise in the
time-frequency domain during loss of consciousness, and
hence, N=2. Since the peak frequency, amplitude and band-
width parameters of each of these oscillations have been
previously described, proposal densities reflecting this
knowledge may be used for each of the peaks.

[0050] Therefore, for each spectral peak parameter x at
time 0, a proposal density may be drawn in accordance with

Pr(xo): Ulx

[0051] where each parameter may be distributed uni-
formly between experimentally known bounds. For
example, when human subjects close their eyes, an EEG
oscillation is generally observed in the occipital portion of
the brain, and exhibits a peak frequency that falls between
8-12 Hz. Therefore, a prior for peak frequency of this
particular “alpha” oscillation could be uniform between 8
and 12 Hz.

[0052] In some aspects, it is also possible to use non-
uniform distributions of physiologically-known parameter
values, such as a Gaussian centered distributions, or spe-
cialized distributions such as the beta distribution for bino-
mial data or inverse-chi-squared for priors on variance. By
contrast, in case that no physiological precedent is available,

14
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a broad uniform density may be utilized. The multidimen-
sional proposal density for the entire parameter vector is
called p(Q,).

[0053] In accordance with the present invention, an itera-
tive bootstrap particle filter procedure may be performed as
follows, given a set of particles P, where p, is the i particle
at time t, and contains values for Q,, the vector of all model
parameters at time t. Specifically, a bootstrap particle filter
procedure for the example EEG model described may
include steps as follows:

[0054] 1) Initialize the particles using the proposal densi-
ties, such that at =0, p,'~m(© ).

[0055] 2) For each time t&{2, . . ., T}, for all particles
{ptls s ptP}:

[0056] a) Sample a new value for each particle based on
the one-step prediction density, p,,_,'"~Pr(8 |p,_,") by
applying Eqn. 3 and 4. The absolute value may be taken
to ensure that each parameter is positive definite.

[0057] b) Compute a weight w’ such that w=L(p,,_,"),
and normalized so that

-
=
I

[0058] c) Resample the collection of particles according
to the set of weights Pr(p,=p,,_/)=w'.

[0059] d) The parameter estimate ® may be defined as
the component-wise median of {p,', . . ., p,/}. Con-
fidence bounds with a significance a can be computed
using the component-wise /2 and 1-0/2 percentiles of
AP o &

[0060] An estimated filtered time-frequency representa-
tion may then be reconstructed using the parameter estimate
© and Eqns. 2, 7, and 8, which describe the spectral
decomposition functions and the way in which they are
combined to estimate the time-frequency representation of
the data.

[0061] Referring now specifically to the drawings, FIGS.
1A and 1B illustrate example monitoring systems and sen-
sors that can be used to provide physiological monitoring of
a subject during physiological processes such as sleep, and
under pharmacological-induced states such as general anes-
thesia or sedation.

[0062] For example, FIG. 1A shows an embodiment of a
physiological monitoring system 10. In the physiological
monitoring system 10, a medical patient 12 is monitored
using one or more inputs, such as a sensor assembly 13, each
of which transmits a signal over a cable 15 or other com-
munication link or medium to a physiological monitor 17. In
some aspects, an input (not shown) may be configured to
receive an indication from a user. The physiological monitor
17 includes a processor 19 and, optionally, a display 11. The
sensor assembly 13 includes physiological sensing elements
such as, for example, electrical EEG sensors, EMG sensors,
GSR sensors, depth electrodes, or the like. The sensor
assembly 13 can generate respective signals by measuring
physiological parameters of the patient 12. The signals are
then processed by one or more processors 19. The one or
more processors 19 then communicate the processed signal
to the display 11 if a display 11 is provided. In an embodi-
ment, the display 11 is incorporated in the physiological
monitor 17. In another embodiment, the display 11 is
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separate from the physiological monitor 17. The monitoring
system 10 is a portable monitoring system in one configu-
ration. In another instance, the monitoring system 10 is a
pod, without a display, and is adapted to provide physiologi-
cal parameter data to a display.

[0063] For clarity, a single block is used to illustrate the
sensor assembly 13 shown in FIG. 1A. It should be under-
stood that the sensor assembly 13 shown is intended to
represent one or more sensors and adapted to receive signals
from the patient 12. For example, the sensor assembly 13
can include EEG, EMG, ECoG, LFP, ECG, EOG, GSR, and
SAQ, sensors, as well as respiration sensors and other
sensors used for other physiological recordings. Various
combinations of numbers and types of sensors, as men-
tioned, are suitable for use with the physiological monitor-
ing system 10.

[0064] Insome embodiments of the system shown in FIG.
1A, all of the hardware used to receive and process signals
from the sensors are housed within the same housing. In
other embodiments, some of the hardware used to receive
and process signals is housed within a separate housing. In
addition, the physiological monitor 17 of certain embodi-
ments includes hardware, software, or both hardware and
software, whether in one housing or multiple housings, used
to receive and process the signals transmitted by the sensor
assembly 13.

[0065] As shown in FIG. 1B, each sensor 13 in a sensor
assembly can include a cable 25. The cable 25 can include
three conductors within an electrical shielding. One conduc-
tor 26 can provide power to a physiological monitor 17, one
conductor 28 can provide a ground signal to the physiologi-
cal monitor 17, and one conductor 28 can transmit signals
from the sensor 13 to the physiological monitor 17. For
multiple sensors, one or more additional cables 25 can be
provided.

[0066] Insomeembodiments, the ground signal is an earth
ground, but in other embodiments, the ground signal is a
patient ground, sometimes referred to as a patient reference,
a patient reference signal, a return, or a patient return. In
some embodiments, the cable 25 carries two conductors
within an electrical shielding layer, and the shielding layer
acts as the ground conductor. Electrical interfaces 23 in the
cable 25 can enable the cable to electrically connect to
electrical interfaces 21 in a connector 20 of the physiological
monitor 17. In another embodiment, the sensor 13 and the
physiological monitor 17 communicate wirelessly.

[0067] Referring to FIG. 2, an example system 200 for use
in carrying out steps in accordance with the present disclo-
sure, is illustrated. The system 200 may include an input
202, a pre-processor 204, a spectral peak tracking engine
206, a physiological state analyzer 208, and an output 210.
Some or all of the modules of the system 200 can be
implemented by a physiological patient monitor as described
above with respect to FIG. 1.

[0068] The input 202 may be configured to accept an
indication from a user related to a particular subject profile
such as a patient’s age, height, weight, gender, or the like, as
well as a drug administration information, such as timing,
dose, rate, and the like. In some aspects, the indication may
also include information related to the physiological condi-
tions or scenarios of a subject being monitored by system
200. For example, such physiological conditions may
include the subject being under pharmacological-induced
states, such as general anesthesia or sedation, or while
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asleep, or while undergoing a medical procedure. Addition-
ally, the indication may include information directed to
selection of particular spectral decomposition functions and
temporal models that could describe physiological data
acquired from the subject, including initial priors for model
parameters chosen based on specified or identified physi-
ological conditions or scenarios.

[0069] The pre-processor 204 may be designed to carry
out any number of processing steps for operation of system
200. In particular, the pre-processor 204 may be configured
to receive physiological data obtained via input 202 and
assemble the data into time-series. Additionally, the pre-
processor 204 may be capable of performing steps for
removing interfering and/or undesired signals associated
with the data via signal rejection or filtering techniques. In
some aspects, the pre-processor 204 may also be configured
to assemble raw or processed signals from acquired physi-
ological data into time-frequency representations. For
instance, the pre-processor 204 may process and assemble
acquired EEG data, using, for example, a multi-taper
approach, to produce spectrograms, or other representations
of spectral content in the data as a function of time. In some
aspects, the pre-processor 204 may also be configured to
receive an indication from a user and perform pre-process-
ing steps in accordance with the indication.

[0070] In addition to the pre-processor 204, the system
200 further includes a tracking engine 206, in communica-
tion with the pre-processor 202, designed to receive pre-
processed data from the pre-processor 202 and carry out
steps necessary for identifying and tracking non-stationary
spectral features associated with acquired physiological
data, including spectral peaks. In general, the tracking
engine 206 may provide time estimates for specific spectral
structure present in assembled spectrograms. For instance,
spectrograms commonly include multiple spectral peaks
occurring substantially concurrent or simultaneously in
time, and hence the tracking engine 206 may provide
estimates of spectral peak features including instantaneous
and time-evolutions of target parameter values, such as peak
frequency, bandwidth, and amplitude. In this manner, tem-
poral profiles of various spectral characteristics may be
determined, which may then be used, in addition to other
determined indicators, by the physiological state analyzer
208 to identify physiological states of a subject. For
example, sleep state, or a state of consciousness, or sedation,
of patient under administration of a drug with anesthetic
properties, as well as confidence indications with respect to
the determined state(s) may be determined by the physi-
ological state analyzer 208. Information related to the deter-
mined state(s) may then be relayed to the output 210, along
with any other desired information, in any shape or form. In
some aspects, the output 210 may include a display config-
ured to provide information or indicators with respect to
time variation of non-stationary features associated with
physiological data, including peak parameters, that may be
formulated using graphical, spectrogram, or other represen-
tations, either intermittently or in real time.

[0071] Turning to FIG. 3, a process 300 for tracking
non-stationary spectral structure in physiological data, in
accordance with the present disclosure, is illustrated. In
some aspects, the process 300 may begin at process block
302 where an indication from a user, provided using sys-
tems, in accordance with the present disclosure, may be
received. As described, the indication may be related to
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selection of specific spectral decomposition functions, to
include parametric or semi-parametric functions, such as
Gaussian or Gamma functions, as well as other functions,
and temporal dynamic models based on physiological con-
ditions or scenarios. In addition, at process block 302, the
indication may also include selection of initial priors in
relation to parameter values describing the spectral decom-
position functions and temporal dynamic models. Alterna-
tively, user-selected physiological conditions or scenarios,
as well as subject characteristics, may elicit use of particular
pre-programmed functions, models, priors, and other opera-
tional parameters, as described. In other aspects, pre-set
configurations may be utilized with minimal user input.
[0072] At process block 304, desired amounts of physi-
ological data may be provided. In certain aspects, a time-
series of physiological data is provided and/or acquired from
a subject, using, for example, systems as described. Spe-
cifically, physiological data may be acquired during a variety
of clinical or experimental scenarios, such as during sleep,
drug delivery, general or local anesthesia, sedation, coma,
hypothermia, and so forth. Non-limiting examples of pro-
vided physiological data at process block 304 may include
any combination of EEG, EMG, ECoG, LFP, ECG, EOG,
GSR, SAOQ,, OMT, or other physiological recordings, gen-
erated either independently or in a substantially concomitant
fashion.

[0073] Then, at process block 304, the time-series data
may be used to assemble the physiological signals into a
time-frequency representation. For example, EEG data may
be assembled into a spectrogram representation using a
multi-taper, or other, approach, although other representa-
tions may also be possible. Subsequently, at process block
308, the dynamic model of the spectral decomposition
functions may be applied using an estimation procedure that
computes concurrent estimates of spectral parameters. For
example, spectral parameters describing target spectral
peaks, the spectral decomposition functions may be gener-
ated using a Gaussian and/or Gamma-shaped functions,
which are defined using a parametric representation that
characterizes a peak frequency, peak bandwidth and peak
amplitude.

[0074] Since the modeling framework provided herein
characterizes the number of peaks, the spectral structure of
each peak, and the temporal dynamics of each peak, this
estimation procedure serves identify the peaks, or other
spectral features, in the data, as well as track them over time,
in a substantially concomitant fashion. In this manner, at
process block 310, spectral parameters describing one or
more spectral features associated with physiological data,
such as spectral peaks, may be tracked over time. Although,
as described, Gaussian random walk models may be used to
describe the temporal dynamics of the spectral parameters,
other linear and non-linear models, along with other noise
distributions may be used as well. In some aspects, steps
associated with process blocks 304-310 may be repeated, as
desired or upon fulfillment of a termination condition.
[0075] At process block 312 a report may be generated of
any shape or form. For example, a graphical illustration may
be provided via a display indicating a time evolution of
parameters associated with one or more spectral features.
Such report may be generated and/or updated in substan-
tially real time, as new physiologically data becomes avail-
able, or may be generated after all physiological data pro-
vided has been processed, in accordance with the present
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disclosure. In some aspects, tracked parameters may be
utilized to generate reconstructed, filtered, or denoised data
using a spectrogram representation, or other representation.
In other aspects, information related to tracked parameters,
as well as other physiological (e.g. heart rate, behavioral
response rate, sleep stage, and so on) or pharmacological
(drug infusion rate, drug effect site concentration, and so on)
correlates may be displayed, and/or used to provide feed-
back with respect to specific physiological states of a
subject. In yet other aspects, such information may be used
to control the state the subject, for example, by way of a
continuous or intermittent control signal directed to an
automated or semi-automated control system, such as a drug
delivery system, or by a provided indication to a clinician.
[0076] Referring now to FIG. 4, a system 410 in accor-
dance with one aspect the present invention is illustrated.
The system 410 includes a patient monitoring device 412,
such as a physiological monitoring device, illustrated in
FIG. 4 as an EEG electrode array. However, it is contem-
plated that the patient monitoring device 412 may also
include mechanisms for monitoring EMG, ECoG, LFP,
ECG, EOG, GSR, SAQ,, OMT and other physiological or
behavioral data.

[0077] The patient monitoring device 412 is connected via
a cable 414 to communicate with a monitoring system 416.
Also, the cable 414 and similar connections can be replaced
by wireless connections between components. As illustrated,
the monitoring system 416 may be further connected to a
dedicated analysis system 418. Also, the monitoring system
416 and analysis system 418 may be integrated.

[0078] The monitoring system 416 may be configured to
receive raw signals acquired by the EEG, or other physi-
ological, electrode array, and assemble, and even display, the
raw signals as waveforms. Accordingly, the analysis system
418 may receive the physiological, or other, waveforms
from the monitoring system 416 and, as will be described,
process the waveforms and generate a report, for example,
as a printed report or, preferably, a real-time display of
information. However, it is also contemplated that the func-
tions of monitoring system 416 and analysis system 418 may
be combined into a common system. In one aspect, the
monitoring system 416 and analysis system 418 may be
configured to determine a current and future brain state
under physiologically states such as sleep, or during phar-
macologically controlled conditions such as administration
of anesthetic compounds, such as during general anesthesia
or sedation.

[0079] In another aspect, the monitoring system 416 and
analysis system 418 may be configured to characterize a
patient’s biological or neurophysiological state by perform-
ing a statistical test to determine which of a set of dynamic
and spectral decomposition models best fits the data. For
example, during sleep, predefined models relating to normal
and pathological sleep could be applied to the data simul-
taneously. The relative likelihood of those models given the
data could serve as a means of sleep pathology diagnosis. In
another example, if applied to the administration of general
anesthesia or sedation, the automatic identification of
patient-specific dynamics could greatly improve accuracy in
drug delivery or the prediction of a patient’s future neural
state.

[0080] The system 410 may also include a drug delivery
system 420. The drug delivery system 420 may be coupled
to the analysis system 418 and monitoring system 416, such



US 2020/0113466 Al

that the system 410 forms a closed-loop monitoring and
control system, which could be based on a control signal
derived from or incorporating the time-varying model
parameters. Such a closed-loop monitoring and control
system in accordance with the present invention is capable
of a wide range of operation, but includes user interfaces 422
to allow a user to provide input or an indication, configure
the closed-loop monitoring and control system, receive
feedback from the closed-loop monitoring and control sys-
tem, and, if needed, reconfigure and/or override the closed-
loop monitoring and control system.

[0081] In general, a monitoring and/or control system, in
accordance with the present invention, is capable of creating
a closed-loop control system for delivering any pharmaco-
logical and non-pharmacological agent that is correlated
with the dynamic time-frequency structure of physiological
data. Physiological states that may be controlled include
sleep, general anesthesia, sedation, medically-induced
coma, hypothermia, and so on. In one aspect of the inven-
tion, general anesthesia, sedation, or coma are controlled
using a drug delivery system based on a control signal
derived from the time-varying spectral decomposition func-
tion parameters estimated from physiological data. Non-
limiting examples of drugs having anesthetic properties
include Propofol, Etomidate, Barbiturates, Thiopental, Pen-
tobarbital, Phenobarbital, Methohexital, Benzodiazepines,
Midazolam, Diazepam, Lorazepam, Dexmedetomidine,
Ketamine, Sevoflurane, Isoflurane, Desflurane, Remifenanil,
Fentanyl, Sufentanil, Alfentanil, and so on.

[0082] In some configurations, the drug delivery system
420 is not only able to control the administration of anes-
thetic compounds for the purpose of placing the patient in a
state of reduced consciousness influenced by the anesthetic
compounds, such as general anesthesia or sedation, but can
also implement and reflect systems and methods for bringing
a patient to and from a state of greater or lesser conscious-
ness.

[0083] 1In one aspect of the present disclosure, pharmaco-
logically-induced sleep may be controlled using the drug
delivery system 420 based on a control signal derived from
the time-varying spectral decomposition function param-
eters estimated from physiological data, as described. Non-
limiting examples of drugs having properties used to aid or
regulate sleep include zolpidem, eszopiclone, ramelteon,
zaleplon, doxepine, benzodiazepines, antihistamines, and so
on.

[0084] In another aspect of the invention, drugs adminis-
tered to treat psychiatric disorders, neurocognitive disorders,
or neurological disorders may be controlled using the drug
delivery system 420 based on a control signal derived from
the time-varying spectral decomposition function param-
eters estimated from physiological data.

[0085] In another aspect of the invention, drugs adminis-
tered to regulate physiological variables, such as heart rate,
blood pressure, respiration, or blood oxygenation, may be
controlled using the drug delivery system 420 based on a
control signal derived from the time-varying spectral
decomposition function parameters.

[0086] In another aspect of the invention, drugs adminis-
tered to control pain or nociception are controlled using the
drug delivery system 420 based on a control signal derived
from the time-varying spectral decomposition function
parameters estimated from physiological data. Non-limiting
examples classes of drugs having properties used to control
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pain or nociception include opioids, sympatholytics such as
clonidine, and NMDA receptor antagonists such as ket-
amine. By way of example, simulated data 502 with a
chirp-like spectrum, a Gaussian bandwidth structure, and a
1/f observation noise was generated, shown in FIG. 5A. The
simulation was parameterized so that:

F=exp(mzt+bz)
B myt+by (15)

A ~exp(mt+b )

[0087] over 10 minutes time sampled at 2 Hz. The param-
eters my, mg m, were set to —1.2528, 2.2 and 1.9661,
respectively, and by, bz, b, were set 1n(35), -20 and 1n(0.7),
respectively. Using these parameter values along with Eqn.
5, noise was added to each frequency using Eqn. 5 and
o=l

[({088] As proof of concept, a bootstrap particle filter
approach, in accordance with the present disclosure, was
applied to simulated data 502, whereby 10,000 particles and
broad uniform priors for all parameters were used. The filter
output produced time varying estimates of the peak fre-
quency 506, peak amplitude 508, and peak bandwidth 510,
shown graphically in FIG. 5B. The filter estimates the peak
parameters well, with the true value falling (illustrated with
dashed lines) falling within the 90% confidence bounds
99.92%, 99.58%, and 97.58% of the time for the peak
frequency, amplitude, and bandwidth, respectively. Conse-
quently, the reconstructed spectrogram 504 shown in FIG.
5A strongly resembles the chirp in the original spectrogram.
For the bandwidth, the estimate is initially uncertain, as the
signal to noise ratio is low for the large bandwidth/low
amplitude portion of the chirp. As the chirp amplitude
increases and the bandwidth narrows, the bandwidth confi-
dence bounds become increasingly tighter.

[0089] By way of another example, a high-density (64-
channel) EEG data set was collected during administration
of general anesthesia under the drug propofol. In this experi-
ment, the subject was brought out and in of consciousness
using a computer-controlled infusion pump, which slowly
raised the concentration of propofol from a baseline of 0
meg/ml to a peak level of 5 meg/ml, then gradually returned
the concentration back again to 0 mcg/ml. In the present
example, EEG data acquired from one subject during a
roughly two hour experiment was utilized, examining a
single Laplacian-referenced frontal channel.

[0090] A bootstrap particle filter approach, in accordance
with the present disclosure, was applied to the experimental
EEG data 602, shown in FIG. 6A. Particularly, propofol data
1s especially suited for analysis, as described herein, as it has
two major oscillatory modes that change during the admin-
istration of general anesthesia, namely, the traveling peak
and the slow oscillation. The traveling peak is a rhythm that
appears during light anesthesia as a broadband, low ampli-
tude spectral peak at 15-25 Hz, then transitions to a more
narrowband, high amplitude spectral peak at 8-12 Hz, as the
concentration of propofol increases. The slow oscillation is
a rhythm centered at less than 1.5 Hz with a highly skewed
peak structure, and amplitude that greatly increases during
administration of propofol. This information was used to
create priors for each of the peaks.

[0091] The instantiation of the particle filter used 10000
particles to simultaneously estimate both peaks, with Gauss-
ian and Gamma distributions used for the traveling peak and
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slow oscillation, respectively. Priors were chosen based on
knowledge of the physiological system. Specifically, for the
traveling peak, the peak frequency and bandwidth priors
were uniform random between 5 and 35 Hz, and between 0
and 30 Hz, respectively. For the slow oscillation, the peak
frequency and bandwidth priors were uniform random
between 0 and 5 Hz, and between 0 and 3 Hz, respectively.
The amplitude priors were uniform from 0 to the maximum
of the long of the data power.

[0092] As in the simulation example described above, the
particle filter estimates for all three peak parameters, shown
in FIG. 6B, had the greatest uncertainty at the beginning and
end of the experiment, when the amplitudes were lowest and
the bandwidth was large. Overall, the estimates of peak
frequency tracked the trends of the data peaks, for both
rhythms. The Gamma structure of the slow oscillation model
allowed for a reasonable reconstruction of a highly skewed
spectral peak in the reconstructed spectrogram 604.

[0093] As described, the present disclosure provides a
powerful tool for quantitative analysis of physiological data.
Studies of relationships between estimated peak parameters
and physiological correlates could provide insights into
characterizing the dynamic processes governing physiologi-
cal activity.

[0094] Features from one or more of the above-described
configurations may be selected to create alternative configu-
rations comprised of a sub-combination of features that may
not be explicitly described above. In addition, features from
one or more of the above-described configurations may be
selected and combined to create alternative configurations
comprised of a combination of features which may not be
explicitly described above. Features suitable for such com-
binations and sub-combinations would be readily apparent
to persons skilled in the art upon review of the present
application as a whole. The subject matter described herein
and in the recited claims intends to cover and embrace all
suitable changes in technology.

1. A system for tracking dynamic structure in physiologi-
cal data, the system comprising;

at least one input configured to receive electroencepha-

lography (“EEG”) data acquired from a subject;

a processor configured to:

(1) receive the EEG data from the at least one input;

(ii) assemble a time-frequency representation of signals
from the EEG data;

(iil) generate a dynamic model of at least one non-
stationary spectral peak using the time-frequency
representation and a user indication;

(iii) apply the dynamic model in a parameter estimation
algorithm to compute concurrent estimates of peak
parameters describing the at least one non-stationary
spectral peak, the peak parameters including a peak
frequency, a peak bandwidth and a peak amplitude;
and

(iv) track the peak parameters of the at least one
non-stationary spectral peak over time.

2. The system of claim 1, wherein the time-frequency
representation includes a spectrogram representation indica-
tive of a time variation in a spectral power distribution
describing the signals.

3. The system of claim 1, wherein the dynamic model
characterizes dynamics of the at least one non-stationary
spectral peak using at least one spectral decomposition
function.
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4. The system of claim 1, wherein the processor is further
configured to compute a posterior probability distribution, at
a time t, of the peak parameters of the at least one non-
stationary spectral peak given the physiological data, the
posterior probability distribution being proportional to an
instantaneous likelihood.

5. The system of claim 4, wherein the processor is further
configured to construct a set of particles in the parameter
estimation algorithm, using the instantaneous likelihood and
peak parameters.

6. The system of claim 5, wherein the processor is further
configured to initialize the set of particles from a proposal
density determined using information in accordance with
one or both of the user indication or a physiological prec-
edent.

7. The system of claim 5, wherein the processor is further
configured to sample a new value for each of the set of
particles at a time tin accordance with a prediction density.

8. The system of claim 5, wherein the processor is further
configured to resample the set of particles according to
normalized weights computed using the instantaneous like-
lihood.

9. The system of claim 5, wherein an estimate of peak
parameters at a time t is defined as a component-wise
median of the set of particles.

10. The system of claim 5, wherein the processor is
further configured to determine confidence values for the
peak parameters by computing component-wise percentile
values of the set of particles using a predetermined signifi-
cance,

11. The system of claim 1, wherein the processor is further
configured to generate a report indicative of a physiological
state of the subject using the tracked peak parameters.

12. A method for tracking dynamic structure in physi-
ological data comprising:

providing electroencephalogram (“FEG™) data acquired

from a subject;

assembling a time-frequency representation of signals

from the EEG data;

generating a dynamic model of at least one non-stationary

spectral peak using the time-frequency representation
and a user indication;

applying a dynamic model of at least one non-stationary

spectral peak in a parameter estimation algorithm to
compute concurrent estimates of peak parameters
describing the at least one non-stationary spectral peak,
the peak parameters including a peak frequency, a peak
bandwidth and a peak amplitude; and

tracking the peak parameters of the at least one spectral

peak over time.

13. The method of claim 12, wherein the time-frequency
representation includes a spectrogram representation indica-
tive of a time variation in a spectral power distribution
describing the signals.

14. The method of claim 12, wherein the dynamic model
characterizes dynamics of the at least one non-stationary
spectral peak using at least one spectral decomposition
function.

15. The method of claim 13, further comprising comput-
ing a posterior probability distribution, at a time t, of the
peak parameters of the at least one non-stationary spectral
peak given the physiological data, the posterior probability
distribution being proportional to an instantaneous likeli-
hood.
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16. The method of claim 15, further comprising construct-
ing a set of particles in the parameter estimation algorithm,
using the instantaneous likelihood and peak parameters.

17. The method of claim 16 further comprising initializing
the set of particles from a proposal density determined using
information in accordance with one or both of the user
indication or a physiological precedent.

18. The method of claim 16 further comprising sampling
a new value for each of the set of particles at a time tin
accordance with a prediction density.

19. The method of claim 16 further comprising resam-
pling the set of particles according to normalized weights
computed using the instantaneous likelihood.

20. The method of claim 16, wherein an estimate of peak
parameters at a time t is defined as a component-wise
median of the set of particles.

21. The method of claim 16 further comprising determin-
ing confidence values for the peak parameters by computing
component-wise percentile values of the set of particles
using a predetermined significance.

22. The method of claim 12, further comprising acquiring
the time-series of EEG data using at least one sensor coupled
to the subject experiencing an administration of at least one
drug having anesthetic properties, a psychiatric condition, a
neurological condition, sleep, or any combination thereof.

23. The method of claim 12, further comprising generat-
ing a report indicative of a physiological state of the subject
using the tracked peak parameters.

24. A system for tracking dynamic structure in physi-
ological data, the system coniprising:

at least one input configured to receive physiological data

acquired from a subject;

a processor configured to:

(1) receive the physiological data from the at least one
input;

(i1) assemble a time-frequency representation of signals
from the physiological data;

(ii1) generate a dynamic model of at least one non-
stationary spectral feature using the time-frequency
representation and a user indication;

(ii1) apply the dynamic model in a parameter estimation
algorithm to compute concurrent estimates of spec-
tral parameters describing the at least one non-
stationary spectral feature; and

(iv) track the spectral parameters of the at least one
non-stationary spectral feature over time.
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25. The system of claim 24, wherein the physiological
data includes electroencephalography (“EEG”) data.

26. The system of claim 24, wherein the time-frequency
representation includes a spectrogram representation indica-
tive of a time variation in a spectral power distribution
describing the signals.

27. The system of claim 24, wherein the dynamic model
characterizes dynamics of the at least one non-stationary
spectral feature using at least one spectral decomposition
fanction.

28. The system of claim 24, wherein the processor is
further configured to compute a posterior probability distri-
bution, at a time t. of the peak parameters of the at least one
non-stationary spectral peak given the physiological data,
the posterior probability distribution being proportional to
an instantaneous likelihood.

29. The system of claim 24, wherein the processor is
further configured to apply a statistical sampling technique,
a Kalman filtering technique, a variational Bayes estimator
technique, and an Expectation-Maximization (“EM”) tech-
nique in the parameter estimation algorithm.

30. The system of claim 24, wherein the processor is
further configured to initialize parameter values from a
proposal density determined using information in accor-
dance with one or both of the user indication or a physi-
ological precedent.

31. The system of claim 24, wherein the spectral param-
eters include a peak frequency, a peak bandwidth and a peak
amplitude

32. The system of claim 24, wherein the processor is
further configured to determine confidence values for the
spectral parameters.

33. The system of claim 24, wherein the processor is
further configured to generate multiple dynamic models
related to dynamic features of the physiological data, and
compare the dynamic models using a relative goodness-of-
fit indicator.

34. The system of claim 24, wherein the processor is
further generate the dynamic model using information
related to physiological correlates including a drug level, a
drug concentration, and a behavior, or any combination
thereof.

35. The system of claim 24, wherein the processor is
further configured to generate a report indicative of a physi-
ological state of the subject using the tracked spectral
parameters.
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