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(57) 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 indication, and
applying a dynamic model of at least one non-stationary
spectral feature in a parameter estimation algorithm to com-
pute concurrent estimates of spectral parameters describing
the at least one non-stationary spectral feature. The method
also includes tracking the spectral parameters of the at least
one spectral feature over time.

DRUG |

i —



Patent Application Publication Jun. 2,2016 Sheet1 of 6 US 2016/0150988 A1

e {T&?

wd by
W
gt ‘*\
2
o
[
i RO
| NN N
‘\{\J kN AN )
‘%”a -
N -
i\ .:
T iy
o NN N
o by e S
> b T e N
) LA L]
o~ Rt 35’
o
= T
SR g, =
(2 B =
.
.
R
RN
"‘{ .,a"f
2 -
o

FIG. 1A
FlG. 1B



Jun. 2,2016 Sheet2 of 6 US 2016/0150988 A1

Patent Application Publication

¢ Ol

Hidino

f...c Ve

HIZATNY 3LYLS
THOOTOISAHG

-

INIDNT

af...mmm

DNHOYAL

wa

f!mcw

HOEEID0HA
A

LldN

ffNQN




Patent Application Publication Jun. 2,2016 Sheet3 of 6 US 2016/0150988 A1

300

\\- RECENVE INDICATION

304 é

\~ PROVIDE PHYSIOLOGICAL DATA B ammmm—

308 é

K ASSEMBLE TIME-FREQUENCY
REFRESENTATION

308 é

\\ APPLY MODEL TO CONCURRENTLY
ESTIMATE PARAMETERS

310 é

\~ TRACK PARAMETERS OVER TIME

NO

YES
312 ‘é
\- GENERATE REPORT

FIG. 3



Jun. 2,2016 Sheet4 of 6 US 2016/0150988 A1

Patent Application Publication

b

TDRUG
DELIVERY
SYSTEM

bn

420
\
mmw\\\?;f_
l%w“f\\\vf

0\

.
[l

418

FIG. 4



P0G

US 2016/0150988 A1
WO
O
LA

Jun. 2,2016 Sheet5of 6

)

HEED

\\\\\o\m& -
S
. o

sac e aor s ]

st

G RITRTY

AIRIBELSES WEHE

<

Patent Application Publication



Patent Application Publication Jun. 2,2016 Sheet 6 of 6 US 2016/0150988 A1

A
IISVSySIIRILII

AERNNRRNRERR \\n\‘fk?\\\ N

AR

=

602

3

FIG. 6




US 2016/0150988 A1

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 Sci-
ence 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-frequency
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 conse-
quence, 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 anesthesia, 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, is facilitated using such systems by
way of controlling the level unconsciousness, amnesia, anal-
gesia, and immobility of a patient. For example, during sleep,
EEG, EOG, EMG, and respiration data is monitored in clini-
cal or home settings, and then evaluated through visual analy-
sis 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 EEG
data, using techniques including but not limited to spectro-

Jun. 2, 2016

grams (FFT, Hanning window), multitaper spectrograms,
wavelet transforms, Gabor transforms, and chirplet trans-
forms. Different approaches previously proposed character-
ized measured neural rhythms at several discrete time peri-
ods, 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
mode] was used to track multiple simultaneously-evolving
oscillations. While this previous approach may be adequate
for tracking pure sinusoids produced by artificial or mechani-
cal 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 struc-
ture 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 fre-
quency, 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 control-
ling patient states, such as during sedation, general anesthe-
sia, sleep, medically induced coma, hypothermia, drug deliv-
ery, or other natural or pharmacologically-mediated 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. Specifi-
cally, the present disclosure provides systems and methods
that utilize a statistical sampling approach to estimate, either
concurrently or simultaneously, parameters included in mod-
els 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 simultaneously
tracking their time-varying properties. Time-varying param-
eters of these spectral decomposition functions include spec-
tral features such as instantaneous peak frequency, 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-fre-
quency structure and temporal dynamics.

[0011] In this manner, the present disclosure provides an
approach whereby it is possible retain important information
contained in the full spectral structure, by decomposing the
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power spectrum into specific components of the overall spec-
tra, 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 rep-
resentations of the spectral components, defined using struc-
turally-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 physiological systems may change over
time, such spectral decomposition functions are allowed to
vary in time as well. This is achieved using a dynamic frame-
work that allows the spectral decomposition function param-
eters to vary over time, perhaps as a function of intrinsic or
extrinsic covariates.

[0012] Inaccordance with one aspect of the present disclo-
sure, a system for tracking dynamic structure in physiological
data is provided. The system includes at least one input con-
figured 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 signals 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 com-
pute 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. The processor 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 physi-
ological data is provided. The method includes providing
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 userindication,
and 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. 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 physiologi-
cal data. The processor is also configured to generate a
dynamic model of at least one non-stationary spectral feature
using the time-frequency representation and a userindication,
and apply the dynamic model in a parameter estimation algo-
rithm to compute concurrent estimates of spectral parameters
describing the at least one non-stationary spectral feature.
The processor is further configured to track the spectral
parameters of the at least one non-stationary spectral feature
over time.
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[0015] The foregoing and other advantages of the invention
will appear from the following description. In the description,
reference is made to the accompanying drawings which form
a part hereof, and in which there is shown by way of illustra-
tion a preferred embodiment of the invention. Such embodi-
ment 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 disclosure.
[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-station-
ary 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 present
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 tra-
ditional approach to clinical interpretation of electrophysi-
ological recordings is to visually examine time domain wave-
forms, 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 provide valu-
able 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 seg-
ments, each of which must be visually interpreted in the
time-domain. This scenario makes it extremely difficult to
effectively track non-stationary properties of the sleep signal
over time, which may provide important information for char-
acterizing clinically-relevant features of a patient’s sleep. In
another example, general anesthetic and sedative drugs
induce stereotyped non-stationary 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 properties of these oscillations could be used
to track, for example, changes in drug dosage or administra-
tion, or changes in patient’s level of arousal due to external
stimuli.
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[0026] Systems and methods, as provided herein, may be
applied to physiological data acquired from a subject under a
number 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 purposes
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-fre-
quency structure of physiological signals, 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 com-
ponents of a physiological signal can be tracked in the time-
frequency 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 sam-
pling parameter estimation algorithm, Gaussian and Gamma
shaped models of spectral peak structure, and a linear Gaus-
sian model of peak temporal dynamics. However, it may be
appreciated by one skilled in the art that various types physi-
ological data acquired under multiple scenarios may be uti-
lized, and be considered to be within the scope of the present
invention. For instance, non-limiting examples of physiologi-
cal data may include data obtained from electroencephalog-
raphy (“EEG”), electromyography (“EMG”), electrocor-
ticography (“ECoG”), local field potentials (“LFP”),
electrocardiography (“ECG”), electrooculography (“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 dynamics of various physiological
monitoring conditions or scenarios.

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 propofol
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 te{1, . .
., T}, and fixed-width frequency bins centered at frequencies
fe{1, ..., F}, a matrix can be constructed of the spectral
domain observations, namely

Yiio Vi)
y= : "~
Yri o YET)
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[0030] suchthaty, .is the magnitude of the power spectrum
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), mul-
titaper spectrogram, wavelet transform, Gabor transform, or
chirplet transform of any physiological data, including EEG,
EMG, ECoG, LFP, ECG, EOG, GSR, SA0,, 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-fre-
quency representation, for instance, by combining informa-
tion across a plurality of electrodes across space, as inan EEG
montage. Y may also include time-frequency data from com-
binations of various physiological data sources. y, -

[0032] Inaccordance with methods described in the present
disclosure, an estimate of Y, namely ﬁ’, 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 ¥, 5 which are estimates of'y, ; the
spectral observations may be modeled as a linear combination
of N discrete non-stationary peaks in spectral power, such that

N @
=D W £+
n=1

[0033] where Q,(1,£.0,") is the magnitude of the n™ spectral
peak, and €, is the observation noise at time t within fre-
quency bin f. Each spectral peak is characterized at time t by
its own set of parameters 0,”, which describes its time-varying
amplitude A, peak frequency F,, and bandwidth 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 decomposition functions.
[0034] The temporal evolutions of the parameters may be
defined as random walks, such that for a given parameter x

XK e, ©)

where Ex,~N(Osz,2)'

[0035] The state variance parameters may also be defined
as random walks,
0,7=0,, ’+€,, )

where € ~N(0,0,%) and v is a constant.
[0036] In addition, the observation noise may be modeled
as a function of frequency f

& NO.0,F?) )

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

1 2
Oy T05p e ©)

where € ~N(0,0,?) as in Eqn. 4. Thus, the parameter vector
for each spectral peak is 6,"={A,F,B,0,>,0.°.05°}.

[0037] Whilethe above-described model represents param-
eter 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 obser-
vation noise may be used as well. Moreover, interactions
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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 wherey, .
elements are complex.

Observation Model Components

[0038] Given a framework for characterizing the time-fre-
quency representation of physiological data as the combina-
tion 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 0/, the
observation model

f-F M
@ f, m)_exp[A, T]

[0039] can be used to characterized the spectral peak as a
Gaussian shaped function with amplitude exp (A,), peak fre-
quency F, and bandwidth B,

[0040] 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 anesthesia.
Therefore, an alternative example of a model for the peak
structure may be defined as:

) eXP(A;)[ f(k,l)exp( _g ]] )

[0041] where v=exp(1-k)[(k-1)$]*, k=1/2B(
VF(ABAF 42BAF ) and ¢=1/2F (\/F(4BA4+F)-F7?).
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 ¢,
respectively, may be characterized.

[0042] In general, various parametric models of spectral
structures can be used, including those based on other con-
tinuous distributions such as lognormal, Gompertz, Chi-
squared, inverse-Chi-squared, exponential, inverse Gamma,
inverse Gaussian, Beta, and so on. Additionally, semi-para-
metric functions may also be used, to include splines and
Bezier curves, for example.

Likelihood and Goodness-of-Fit

[0043] 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:

el T 9
Lo F
0. {9,1, AR }
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[0044] For a given ®,, the probability at time t of the
observed data given the model, Pr(Y,1©,), whichis proportion
to the instantaneous likelihood, can be computed as follows:

Pr(Y, |©,) o« L(8,) = 10

F
ol 3, P
f=1

2 F 3
yrf Z zm yrf }rf})

y‘-'f f=1 y,,f)

[0045] In the spectral peak example described, the param-
eter vector may be

©-{6/0,”p} (11)

[0046] Sincethey, elements represent only the magnitude
of the time-frequency representation of the data, the imagi-

nary component of the likelihood disappears, and o, *0 2f
p, 0 that the likelihood becomes:
F Vrf - Q,f)z (12)
PrY,|©®,) o« L(®,) _exp[ Z % f”)

[0047] Given any dynamic model of time-frequency
decomposition functions, the general likelihood expression
of Eqn. 10 and the data, a total likelihood of the model
L,,..A(©) given the data can be computed by taking the prod-
uct of the likelihood over time, or the sum of the log-likeli-
hood over time:

T T
Laa®)= | | 1100 = ), log(1i0,).
=1 =1

[0048] The total likelihood may then be used to assess a
goodness-of-fit, and to perform a model comparison. Specifi-
cally, itis possible in this approach to use a relative goodness-
of-fit indicator for the different selected, or generated, models
to compare hypotheses related to dynamic features of the
underling physiological time-frequency structure, such as a
number of peaks, peak temporal dynamics, relationships
between the structure of different peaks, relationships
between peak structure and external correlates, differences in
peak structure across time/space, differences in peak struc-
tures across groups/pathologies/experimental conditions, and
so forth.

[0049] Therefore, in some aspects, the modeling frame-
work presented herein may be further implemented as a pow-
erful tool for data analysis, as it may be utilized for quantita-
tive assessment for different theories related to the dynamical
properties of a physiological system.

Parameter Estimation

[0050] 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, varia-
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tional Bayes estimators, and the Expectation-Maximization
(“EM”) algorithm. Additionally, explicit model-specific esti-
mates can also be computed. Specifically, the purpose of such
estimation procedures is to produce an estimate of the distri-
bution of each of the model parameters during each time
period of a time-frequency representation. Given such distri-
bution, 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 distribu-
tion that are related to clinical or disease states, and compute
the statistical uncertainty of all of these quantities.

[0051] 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 approximates 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 condi-
tions, 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 parameters in questions, given specific knowledge
of the underlying 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 conscious-
ness, and hence, N=2. Since the peak frequency, amplitude
and bandwidth parameters of each of these oscillations have
been previously described, proposal densities reflecting this
knowledge may be used for each of the peaks.

[0052] Therefore, for each spectral peak parameter x at
time 0, a proposal density may be drawn in accordance with

PrEor U i Xmes)» 14
[0053] where each parameter may be distributed uniformly
between experimentally known bounds. For example, when
human subjects close their eyes, an EEG oscillation is gener-
ally 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.

[0054] In some aspects, it is also possible to use non-uni-
form distributions of physiologically-known parameter val-
ues, such as a Gaussian centered distributions, or specialized
distributions such as the beta distribution for binomial data or
inverse-chi-squared for priors on variance. By contrast, in
case that no physiological precedent is available, a broad
uniform density may be utilized. The multidimensional pro-
posal density for the entire parameter vector is called o(8,).

[0055] 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 8, 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:
[0056] 1) Initialize the particles using the proposal densi-

ties, such that at t=0, py'~(0,).
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[0057] 2)Foreachtimete{2, ..., T}, forall particles {p,',
etk
[0058] a) Sample a new value for each particle based on
the one-step prediction density, p,,.,"~Pr(8,lp, "), by
applying Eqn. 3 and 4. The absolute value may be taken
to ensure that each parameter is positive definite.
[0059] b) Compute a weight w' such that w=L(p,, ",
and normalized so that

Nl
s
I
_

[0060] c) Resample the collection of particles according
to the set of weights Pr(p,=p, ,./)=w.

[0061] d) The parameter estimate ©, may be defined as
the component-wise median of {p,', . .., p,/}. Confi-
dence bounds with a significance o can be computed
using the component-wise /2 and 1-cv/2 percentiles of
o/ pf}

[0062] An estimated filtered time-frequency representation
may then be reconstructed using the parameter estimate ©
and Equs. 2, 7, and 8, which describe the spectral decompo-
sition functions and the way in which they are combined to
estimate the time-frequency representation of the data.
[0063] Referring now specifically to the drawings, FIGS.
1A and 1B illustrate example monitoring systems and sensors
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.

[0064] 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 commu-
nication 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 assem-
bly 13 can generate respective signals by measuring physi-
ological 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 embodiment, the
display 11 is incorporated in the physiological monitor 17. In
another embodiment, the display 11 is separate from the
physiological monitor 17. The monitoring system 10 is a
portable monitoring system in one configuration. In another
instance, the monitoring system 101s a pod, without a display,
and is adapted to provide physiological parameter data to a
display.

[0065] 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 rep-
resent 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 SA0,
sensors, as well as respiration sensors and other sensors used
for other physiological recordings. Various combinations of
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numbers and types of sensors, as mentioned, are suitable for
use with the physiological monitoring system 10.

[0066] In some 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 addi-
tion, the physioclogical monitor 17 of certain embodiments
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.

[0067] 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 physiological
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.
[0068] 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.

[0069] 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.

[0070] The input 202 may be configured to accept an indi-
cation 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 conditions or
scenarios of a subject being monitored by system 200. For
example, such physiological conditions may include the sub-
ject being under pharmacological-induced states, such as
general anesthesia or sedation, or while asleep, or while
undergoing a medical procedure. Additionally, 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 physiological conditions or scenarios.
[0071] 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-pro-
cessor 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
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or processed signals from acquired physiological data into
time-frequency representations. For instance, the pre-proces-
sor 204 may process and assemble acquired EEG data, using,
for example, a multi-taper approach, to produce spectro-
grams, 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-processing steps in accordance with the indi-
cation.

[0072] Inaddition to the pre-processor 204, the system 200
further includes a tracking engine 206, in communication
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 spec-
tral peaks. In general, the tracking engine 206 may provide
time estimates for specific spectral structure present in
assembled spectrograms. For instance, spectrograms com-
monly include multiple spectral peaks occurring substan-
tially concurrent or simultaneously in time, and hence the
tracking engine 206 may provide estimates of spectral peak
features including instantaneous and time-evolutions of tar-
get parameter values, such as peak frequency, bandwidth, and
amplitude. In this manner, temporal profiles of various spec-
tral characteristics may be determined, which may then be
used, in addition to other determined indicators, by the physi-
ological state analyzer 208 to identify physiological states of
a subject. For example, sleep state, or a state of conscious-
ness, 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 physiological state analyzer 208. Information related to
the determined 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
configured 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.

[0073] Turning to FIG. 3, a process 300 for tracking non-
stationary spectral structure in physiological data, in accor-
dance 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 systems, in
accordance with the present disclosure, may be received. As
described, the indication may be related to selection of spe-
cific 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 conditions 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 decomposition functions and
temporal dynamic models. Alternatively, user-selected physi-
ological conditions or scenarios, as well as subject character-
istics, may elicit use of particular pre-programmed functions,
models, priors, and other operational parameters, as
described. In other aspects, pre-set configurations may be
utilized with minimal user input.

[0074] 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. Specifi-
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cally, 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, hypoth-
ermia, and so forth. Non-limiting examples of provided
physiological data at process block 304 may include any
combination of EEG, EMG, ECoG, LFP, ECG, EOG, GSR,
SAQ,, OMT, or other physiological recordings, generated
either independently or in a substantially concomitant fash-
ion.

[0075] 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 representations 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 con-
current estimates of spectral parameters. For example, spec-
tral parameters describing target spectral peaks, the spectral
decomposition functions may be generated using a Gaussian
and/or Gamma-shaped functions, which are defined using a
parametric representation that characterizes a peak fre-
quency, peak bandwidth and peak amplitude.

[0076] 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 spec-
tral 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 spec-
tral features associated with physiological data, such as spec-
tral 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.

[0077] 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 substantially
real time, as new physiologically data becomes available, or
may be generated after all physiological data provided has
been processed, in accordance with the present 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 dis-
played, and/or used to provide feedback with respect to spe-
cific 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.

[0078] Referring now to FIG. 4, asystem 410 in accordance
with one aspect the present invention is illustrated. The sys-
tem 410 includes a patient monitoring device 412, such as a
physiological monitoring device, illustrated in FI1G. 4 as an
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BEG electrode array. However, it is contemplated that the
patient monitoring device 412 may also include mechanisms
for monitoring EMG, ECoG, LFP, ECG, EOG, GSR, SA0,,
OMT and other physiological or behavioral data.

[0079] 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.

[0080] The monitoring system 416 may be configured to
receive raw signals acquired by the EEG, or other physiologi-
cal, 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
reportor, preferably, a real-time display of information. How-
ever, it is also contemplated that the functions 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 pharmacologically controlled condi-
tions such as administration of anesthetic compounds, such as
during general anesthesia or sedation.

[0081] 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 simulta-
neously. 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.
[0082] 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 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 system, and, if needed,
reconfigure and/or override the closed-loop monitoring and
control system.

[0083] 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, hypo-
thermia, and so on. In one aspect of the invention, general
anesthesia, sedation, or coma are controlled using a drug
delivery system based on a control signal derived from the
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time-varying spectral decomposition function parameters
estimated from physiological data. Non-limiting examples of
drugs having anesthetic properties include Propofol, Etomi-
date, Barbiturates, Thiopental, Pentobarbital, Phenobarbital,
Methohexital, Benzodiazepines, Midazolam, Diazepam,
Lorazepam, Dexmedetomidine, Ketamine, Sevoflurane, Isof-
lurane, Desflurane, Remifenanil, Fentanyl, Sufentanil, Alfen-
tanil, and so on.

[0084] In some configurations, the drug delivery system
4201s not only able to control the administration of anesthetic
compounds for the purpose of placing the patient in a state of
reduced consciousness influenced by the anesthetic com-
pounds, 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 consciousness.
[0085] In 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 parameters
estimated from physiological data, as described. Non-limit-
ing examples of drugs having properties used to aid or regu-
late sleep include zolpidem, eszopiclone, ramelteon, zale-
plon, doxepine, benzodiazepines, antihistimines, and so on.
[0086] 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 parameters
estimated from physiological data.

[0087] 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 decom-
position function parameters.

[0088] 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
pain or nociception include opioids, sympatholytics such as
clonidine, and NMDA receptor antagonists such as ketamine.
By way of example, simulated data 502 with a chirp-like
spectrum, a Gaussian bandwidth structure, and a 1/f observa-
tion noise was generated, shown in FIG. SA. The simulation
was parameterized so that:

F=exp(mpt+by)

B,=mpgt+bp
A=exp(m t+b 4) (15)
[0089] over 10 minutes time sampled at 2 Hz. The param-

eters mg, My, m, were setto —1.2528,2.2 and 1.9661, respec-
tively, and b, by, b, were set 1n(35), =20 and In(0.7), respec-
tively. Using these parameter values along with Eqn. 5, noise
was added to each frequency using Eqn. 5 and 0y2:l.

[0090] 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 frequency
506, peak amplitude 508, and peak bandwidth 510, shown
graphically in FIG. 5B. The filter estimates the peak param-
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eters 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. Consequently, the
reconstructed spectrogram 504 shown in FIG. 5A strongly
resembles the chirp in the original spectrogram. For the band-
width, 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 confidence bounds become increas-
ingly tighter.

[0091] 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.

[0092] A bootstrap particle filter approach, in accordance
with the present disclosure, was applied to the experimental
EEG data 602, shown in FIG. 6 A. Particularly, propofol data
is especially suited for analysis, as described herein, as it has
two major oscillatory modes that change during the adminis-
tration 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 admin-
istration of propofol. This information was used to create
priors for each of the peaks.

[0093] 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
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.

[0094] 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 fre-
quency 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.

[0095] Asdescribed, the present disclosure provides a pow-
erful tool for quantitative analysis of physiological data.
Studies of relationships between estimated peak parameters
and physiological correlates could provide insights into char-
acterizing the dynamic processes governing physiological
activity.
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[0096] 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 combi-
nations and sub-combinations would be readily apparent to
persons skilled in the art upon review of the present applica-
tionas awhole. 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 physiological
data, the system comprising:

at least one input configured to receive electroencephalog-

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

a processor configured to:

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

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

(i11) generate a dynamic model of at least one non-sta-
tionary spectral peak using the time-frequency repre-
sentation 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 rep-
resentation includes a spectrogram representation indicative
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 func-
tion.

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 precedent.

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 t in 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 nor-
malized weights computed using the instantaneous likeli-
hood.

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.
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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 significance.

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 physiologi-
cal data comprising:

providing electroencephalogram (“EEG”) 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 func-
tion.

15. The method of claim 13, further comprising computing
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 distri-
bution being proportional to an instantaneous likelihood.

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 indi-
cation 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 t in
accordance with a prediction density.

19. The method of claim 16 further comprising resampling
the set of particles according to normalized weights com-
puted 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.
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23. The method of claim 12, further comprising generating
areport indicative of a physiological state of the subject using
the tracked peak parameters.

24. A system for tracking dynamic structure in physiologi-
cal data, the system comprising:

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;

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

(iii) generate a dynamic model of at least one non-sta-
tionary spectral feature using the time-frequency rep-
resentation and a user indication;

(ii1) apply the dynamic model in a parameter estimation
algorithm to compute concurrent estimates of spectral
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.

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
function.

28. The system of claim 24, wherein the processor is fur-
ther configured to compute a posterior probability distribu-
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tion, 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 fur-
ther 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 fur-
ther configured to initialize parameter values from a proposal
density determined using information in accordance with one
or both of the user indication or a physiological 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 fur-
ther configured to determine confidence values for the spec-
tral parameters.

33. The system of claim 24, wherein the processor is fur-
ther 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 fur-
ther generate the dynamic model using information related to
physiological correlates including a drug level, a drug con-
centration, and a behavior, or any combination thereof.

35. The system of claim 24, wherein the processor is fur-
ther configured to generate a report indicative of a physiologi-
cal state of the subject using the tracked spectral parameters.
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