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SYSTEMS AND METHODS FOR ANALYZING
ELECTROPHYSIOLOGICAL DATA FROM
PATIENTS UNDERGOING MEDICAL
TREATMENTS

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application is based on, claims priority to, and
incorporates herein by reference in its entirety for all pur-
poses U.S. Application Ser. No. 62/427,524, filed Nov. 29,
2016.

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH

[0002] This invention was made with government support
under R01-GM104948 awarded by the National Institutes of
Health. The government has certain rights in the invention.

BACKGROUND

[0003] The present disclosure generally relates to systems
and methods for processing data. More particularly, the
present disclosure is directed to systems and methods for
analyzing electrophysiological data from patients undergo-
ing medical treatments.

[0004] Across nearly all fields of science and engineering,
non-stationary behavior in time-series data, generated from
various evolving temporal and/or spatial dynamics, is a
ubiquitous phenomenon. Common examples include
speech, image and video signals, brain activity measure-
ments, seismic and oceanographic recordings, and radar
emissions, and others. Given that the temporal and spatial
dynamics in time-series data are often complex, non-para-
metric spectral techniques are typically used in data analysis.
For example, Fourier methods combined with tapering tech-
niques or wavelets are commonly used to analyze the
spectral properties of the time-series data.

[0005] Many technologies have been developed to help
clinicians diagnose and treat patients in clinical and home
settings. These include monitoring systems that acquire and
analyze electrophysiological signals during sleep, task
activities, general anesthesia, sedation, coma, and other
medical conditions or treatments. Specifically, EEG-based
systems have been used in the operating room and intensive
care unit to track neural activity of patients. Using propri-
etary algorithms, such systems combine different informa-
tion derived by processing EEG data, and other electro-
physiological data, and produce various partial or
amalgamized representations or indices that indicate the
level of consciousness of a patient. These are then used by
clinicians to identify and then manage the state of the
patient, often using pharmacological or other methods. In
some “closed-loop™ systems, feedback generated based on
processed data is also used to activate or control treatment
devices, such as drug infusion pumps, and so on. Whether a
patient is controlled using an automated system or via more
traditional clinician-specific control, the results are neces-
sarily limited by the resolution and accuracy of the under-
lying information that is gathered.

[0006] The traditional approach to clinical interpretation
of EEG data has been to visually examine time-domain
waveforms, and associate different waveform morphologies
with physiology, pathophysiology, or clinical outcomes.
However, visual time-series analysis is a highly subjective
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and time-consuming process. For example, during sleep,
EEG, electroculogram (“EOG”), electromyography
(“EMG”), and respiration signals may be monitored, and
then evaluated through visual analysis to diagnose sleep and
respiratory disorders. These data records, lasting up to 10
hours in duration, are broken into 30-second segments, each
of which must be visually interpreted. This 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 addition, valuable informa-
tion, including spectral information, is difficult to observe in
the time-domain. In another example, general anesthetic and
sedative drugs induce stereotyped non-stationary oscilla-
tions in the EEG that are much easier to interpret when
analyzed in the time-frequency domain using spectral analy-
sis. Therefore, spectral analysis has been an important tool
for analyzing EEG, and other data.

[0007] In order to identify specific signatures of underly-
ing neural activity present in acquired EEG data, it has been
an emerging practice to compute time-frequency represen-
tations, often in the form of spectrograms. Techniques
utilized include Fast Fourier Transforms (“FFT”), wavelet
transforms, Gabor transforms, chirplet transforms, Hanning
window, multitaper, and others. Such time-varying spectra,
or spectrograms, can then be used to identify and track a
patient’s brain state, in order to determine proper drug
dosage or administration, or identify a likelihood of arousal
during a surgical procedure, for example.

[0008] In general, spectral techniques often analyze a
selected “window” or time interval of a time-series of data
in which signals are assumed to be stationary. The window
is translated in time to take into consideration the non-
stationary nature of the data. Spectral information is gener-
ated from each window of data, and used to produce
spectrograms, which can be used to identify the dynamics of
different spectral features describing the data.

[0009] Although commonly used, such window-based
approaches have several shortcomings. First, the spectral
estimates computed for a given window do not consider
estimates computed in adjacent windows. Hence the result-
ing spectral representations may not fully capture the degree
of smoothness inherent in the underlying signal, and as such
may not accurately describe the temporal properties of the
time-series. Second, the uncertainty principle imposes strin-
gent limits on the spectral resolution achievable by Fourier-
based methods within a window. Because the spectral reso-
lution is inversely proportional to the window length, sliding
window-based spectral analyses are problematic when the
signal dynamics occur at a shorter time-scale than the
window length. Also, performing analyses within specific
windows considers only the local distribution of the time-
series, rather than the joint distribution of all of the data. As
a consequence, it is difficult to conduct formal statistical
comparisons between the spectral properties of different data
segments.

[0010] A common objective of many analyses conducted
in EEG studies, speech processing, and applications of
empirical mode decomposition (“EMD”), involves comput-
ing time-frequency representations that are smooth (continu-
ous) in time and sparse in frequency and analyzing infor-
mation obtained therefrom. However, the spectral estimation
procedures typically used are not tailored to achieve smooth-
ness in time and sparsity in frequency. In addition, Fourier-
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based methods do not allow time-domain or frequency-
domain signal extraction because they estimate only signal
power as a function of frequency. Furthermore, EMD
extracts empirically derived harmonic components, or
modes, and applies the Hilbert-Huang transform to the
modes to compute instantaneous amplitude and phase. The
theoretical basis of EMD and its inference framework
remain open questions.

[0011] Batch analyses are also common in many applica-
tions estimating time-frequency information. Typically,
these analyses use the entire data of a recorded time-series
to provide estimates at different time points, in principle,
such approach could enhance both time and frequency
resolution. However, because they require entire sets of data,
batch analyses are often performed post-acquisition, and
only limited real-time applications. Therefore, windows-
based spectral estimation methods remain the solution of
choice.

[0012] In light of the above, there is a need for improved
systems and methods for processing non-stationary data to
generate accurate spectral information.

SUMMARY

[0013] The present disclosure overcomes the drawbacks
of previous technologies by providing systems and methods
for analyzing electrophysiological data in patients undergo-
ing medical treatments. Specifically, the present disclosure is
directed to a novel approach that incorporates a state-space
framework with a multi-taper (“MT”) technique to provide
high-resolution spectral information, herein referred to as
state-space multitaper (“SS-MT”). As will become apparent
from description herein, this approach takes into account the
continuity present in discrete and continuous time-series
data while balancing bias-variance trade-off.

[0014] Inoneaspectofthe present disclosure, a system for
analyzing electrophysiological signals acquired from a sub-
ject is provided. The system includes an input configured to
receive electrophysiological signals acquired from a subject,
and at least one processor, in communication with the input.
The at least one processor is configured to assemble a set of
time-series data using the electrophysiological signals
received by the input, and analyze the set of time-series data
using a state-space multi-taper framework to generate spec-
tral information describing the electrophysiological signals
The at least one processor is also configured to determine a
brain state of the subject using the spectral information, and
generate a report indicative of the brain state determined.
The system also includes an output configured to provide the
report.

[0015] In another aspect of the present disclosure, a
method for analyzing electrophysiological signals acquired
from a subject is provided. The method includes receiving
electrophysiological signals acquired from a subject using
one or more sensors, and assembling a set of time-series data
using the acquired electrophysiological signals. The method
also includes analyzing the set of time-series data using a
state-space multi-taper framework to generate spectral infor-
mation describing the electrophysiological signals, and
determining a brain state of the subject using the spectral
information. The method further includes generating a
report indicative of the determined brain state.

[0016] In yet another aspect of the present disclosure, a
method for monitoring a brain state of a subject is provided.
The method includes acquiring electrophysiological signals
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acquired from a subject using one or more sensors, and
assembling a set of time-series data using the acquired
electrophysiological signals. The method also includes ana-
lyzing the set of time-series data using a state-space multi-
taper framework to generate spectral information describing
the electrophysiological signals, and determining a brain
state of the subject using the spectral information. The
method further includes monitoring the brain state of the
subject over time repeating steps of acquiring electrophysi-
ological signals, assembling a set of time-series data, ana-
lyzing the set of time-series data and determining the brain
state.

[0017] The foregoing and other aspects and advantages of
the invention will appear from the following description. In
the description, reference is made to the accompanying
drawings that form a part hereof, and in which there is
shown by way of illustration a preferred embodiment of the
invention. 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

[0018] The present invention will hereafter be described
with reference to the accompanying drawings, wherein like
reference numerals denote like elements. The patent or
application file contains at least one drawing executed in
color. Copies of this patent or patent application publication
with color drawing(s) will be provided by the Office upon
request and payment of the necessary fee.

[0019] FIG. 1 is schematic block diagrams of an example
system, in accordance with aspects of the present disclosure.
[0020] FIG. 2 is a schematic block diagram of another
example system, in accordance with the present disclosure.
[0021] FIG. 3 is a flowchart setting forth steps of a
process, in accordance with aspects of the present disclo-
sure.

[0022] FIG. 4A shows a spectrogram analysis of the
time-varying AR(6) process defined in Eq. 20, with 10-sec-
ond segments from the simulated time-series starting at 5,
16, and 25 minutes.

[0023] FIG. 4B shows a true spectrogram related to FIG.
4A.

[0024] FIG. 4C shows a periodogram related to FIGS. 4A
and 4B.

[0025] FIG. 4D shows a multitaper (“MT”) spectrogram

related to FIGS. 4A-4C.

[0026] FIG. 4E shows a state-space periodogram in accor-
dance with the present disclosure.

[0027] FIG. 4F shows a state-space MT spectrogram in
accordance with the present disclosure. The right column
shows for each panel a zoomed-in display of the three
minutes between 24 to 27 minutes. The color scale is in
decibels.

[0028] FIG. 5A shows a spectrogram analysis of EEG
time-series recorded from a patient under general anesthesia
maintained with sevoflurane and oxygen, illustrating the
expired concentration of sevoflurane.

[0029] FIG. 5B shows raw EEG signals associated with
FIG. 5A.
[0030] FIG. 5C shows a periodogram associated with

FIGS. 5A and 5.
[0031] FIG. 5D shows a MT spectrogram associated with
FIGS. 5A-5C.
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[0032] FIG. 5E shows a state-space periodogram associ-
ated with FIGS. SA-SD.

[0033] FIG. 5F shows a state-space multi taper (“SS-MT”)
spectrogram associated with FIGS. 5A-5E, where the color
scale is in decibels.

[0034] FIG. 6A shows a spectrogram analysis of EEG
recorded in a volunteer subject receiving a computer con-
trolled infusion of propofol, which illustrates time course of
propofol target effect site concentrations based on the
Schneider model and, wherein the black vertical lines define
the anesthetic states determined by the behavioral analysis.
[0035] FIG. 6B shows a plurality of windows of two-
seconds of unprocessed EEG curves (unrefined dark curves)
and of EEG signals extracted from the SS-MT analysis
(refined curves) at different target effect site concentrations.
[0036] FIG. 6C shows a MT spectrogram associated with
FIGS. 6A and 6B.

[0037] FIG. 6D is a SS-MT spectrogram. The color scale
1s in decibels.
[0038] FIG. 7A shows a graph of LOC-Awakel, loss of

consciousness compared with baseline awake state for com-
parison to other graphs comparing the difference in SS-MT
spectrogram power between different anesthetic states in
FIG. 6A, where each panel shows the average power dif-
ference (black line), the upper 97.5% credibility interval
(CI) bound (red curve) and the lower 2.5% credibility
interval (CI) bound (blue curve).

[0039] FIG. 7B shows a graph of UNC-Awakel, uncon-
sciousness compared with baseline awake state.

[0040] FIG. 7C shows a ROC-Awakel, return of con-
sciousness compared with baseline awake state.

[0041] FIG. 7D shows an Awake2-Awakel, final awake
state compared with baseline awake state.

[0042] FIG. 7E shows a LOC-UNC, loss of consciousness
compared with the unconsciousness state.

[0043] FIG. 7F shows a LOC-ROC, loss of consciousness
compared with return of consciousness.

[0044] FIG. 8A shows MT coherogram a cross-spectro-
gram analysis of two EEG time-series recorded from a
patient under general anesthesia maintained with a propofol
infusion.

[0045] FIG. 8B relates to FIG. 8A, but shows a SS-MT
coherogram.
[0046] FIG. 9A shows eigenspectrogram and spectrogram

estimates of the multitaper method from EEG data recorded
from a patient undergoing sevoflurane-induced general anes-
thesia (FI1G. 5) illustrating an eigenspectrogram for a first
tapered signal.

[0047] FIG. 9B shows eigenspectrogram and spectrogram
estimates of the multitaper method from EEG data recorded
from a patient undergoing sevoflurane-induced general anes-
thesia (FIG. §) illustrating an eigenspectrogram for a second
tapered signal.

[0048] FIG. 9C shows eigenspectrogram and spectrogram
estimates of the multitaper method from EEG data recorded
from a patient undergoing sevoflurane-induced general anes-
thesia (FIG. 5) illustrating an eigenspectrogram for a third
tapered signal.

[0049] FIG. 9D MT method spectrogram relate to FIGS.
9A-9C. The color scale is in decibels.

[0050] FIG. 10A shows eigenspectrogram and spectro-
gram estimates of the state-space multitaper algorithm from
EEG data recorded from a patient undergoing sevoflurane-
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induced general anesthesia (FIG. 5), illustrating an eigen-
spectrogram for a first tapered signal.

[0051] FIG. 10B shows eigenspectrogram and spectro-
gram estimates of the state-space multitaper algorithm from
EEG data recorded from a patient undergoing sevoflurane-
induced general anesthesia (FIG. 5), illustrating an eigen-
spectrogram for a second tapered signal.

[0052] FIG. 10C shows eigenspectrogram and spectro-
gram estimates of the state-space multitaper algorithm from
EEG data recorded from a patient undergoing sevoflurane-
induced general anesthesia (FIG. 5), illustrating an eigen-
spectrogram for a third tapered signal.

[0053] FIG. 10D shows eigenspectrogram and spectro-
gram estimates of the state-space multitaper algorithm from
EEG data recorded from a patient undergoing sevoflurane-
induced general anesthesia (FIG. 5), illustrating an eigen-
spectrogram for a state-space multitaper spectrogram. The
color scale is in decibels.

[0054] FIG. 11A shows time-domain signals and their
95% credibility intervals, illustrating the slow-delta (0.1 to
4 Hz) oscillation.

[0055] FIG. 11B shows the theta (4 to 8 Hz) oscillation
that relates to the data of FIG. 11A.

[0056] FIG. 11C shows the alpha (8 to 12 Hz) oscillation
that relates to the data of FIGS. 11A and 11B, where the
black curve is the extracted signal, the red dashed curve is
the upper bound of the 95% credibility interval, and the blue
dashed curve is the lower bound of the 95% credibility
interval.

[0057] FIG. 12A shows state variance estimates and
steady-state Kalman gains for the first tapered time-series
plotted as a function of frequency for the complex Kalman
filter algorithms used to compute the state-space multitaper
spectrogram for the simulated time-series in FIG. 3F.
[0058] FIG. 12B shows state variance estimates and
steady-state Kalman gains for the first tapered time-series
plotted as a function of frequency for the complex Kalman
filter algorithms used to compute the state-space multitaper
spectrogram for the EEG time-series in FIG. 5F.

[0059] FIG. 13A shows spectrogram Denoising and Spec-
tral Resolution Analysis for a periodogram (red curve) and
MT spectrum (black curve) at 5 minutes (FIGS. 4D and 4E)
with power spectral density of the first taper (blue curve)
centered at 3.5 Hz to analyze leakage at 4 Hz. The MT
spectral resolution was set at 0.5 Hz.

[0060] FIG. 13B shows a periodogram (red curve) and MT
spectrum (black curve) at 25 minutes (FIGS. 4D and 4E)
with power spectral density of the first taper (blue curve)
centered at 11 Hz.

[0061] FIG. 13C shows a minute 5 MT spectrum (black
curve) from FIG. 4E, SS-MT spectrum (blue curve) from
FIG. 4F and true spectrum (red curve) from FIG. 4B.
[0062] FIG. 13D shows a minute 25 MT spectrum (black
curve) from FIG. 4D, SS-MT spectrum (blue curve) from
FIG. 4F and true spectrum (red curve) from FIG. 4B.
[0063] FIG. 14A shows the power spectral density
(“PSD”) of the tapers at 25 minutes and at frequency 9.5 Hz
for the MT and the SS-MT spectrograms for the simulated
time-series in FIG. 4 for taper 1.

[0064] FIG. 14B show the PSD for SS-MT algorithm for
taper 1.
[0065]
taper 2.

FIG. 14C shows show the PSD for MT method for
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[0066] FIG. 14D show the PSD for SS-MT algorithm for
taper

[0067] FIG. 14E show the PSD for MT method for taper
3.

[0068] FIG. 14F show the PSD for SS-MT algorithm for
taper 3.

[0069] FIG. 15A shows the PSD of the tapers at 25

minutes and at frequency 6 Hz for the MT and the SS-MT
spectrograms for the simulated time-series in FIG. 4 for
taper 1.

[0070] FIG. 15B show the PSD for SS-MT algorithm for
taper 1.

[0071] FIG. 15C shows show the PSD for MT method for
taper 2.

[0072] FIG. 15D shows the PSD for SS-MT algorithm for
taper 2.

[0073] FIG. 15E shows the PSD for MT method for taper
3.

[0074] FIG. 15F shows the PSD for SS-MT algorithm for
taper 3.

[0075] FIG. 16A shows spectrogram Denoising and Spec-

tral Resolution Analysis illustrating MT spectrum (black
curve) at 70 minutes (FIG. 5E) with power spectral density
of the first taper (blue curve) centered at 5 Hz to analyze
leakage at 6 Hz. The spectral resolution was set at 2 Hz.
[0076] FIG. 16B shows spectrogram Denoising and Spec-
tral Resolution Analysis illustrating MT spectrum (black
curve) at 80 minutes (FIG. 5E) with power spectral density
of the first taper (blue curve) centered at 15 Hz.

[0077] FIG. 16C shows spectrogram Denoising and Spec-
tral Resolution Analysis illustrating a minute 70 MT spec-
trum (dashed black curve) from FIG. 5E, SS-MT spectrum
(red curve) from FIG. 5F and SS-MT steady state Kalman
gain for first tapered series (red curve).

[0078] FIG. 16D shows spectrogram Denoising and Spec-
tral Resolution Analysis illustrating a minute 80 MT spec-
trum (dashed black curve) from FIG. 5E, SS-MT spectrum
(red curve) from FIG. 5F and SS-MT steady state Kalman
gain for first tapered series (blue curve).

[0079] FIG. 17A shows the PSD of the tapers at minute 70
and at frequency 5 Hz for the MT and the SS-MT spectro-
grams for the EEG time-series in FIG. 5 for taper 1.

[0080] FIG. 17B shows the PSD for SS-MT algorithm for
taper 1.

[0081] FIG. 17C shows show the PSD for MT method for
taper 2.

[0082] FIG. 17D shows the PSD for SS-MT algorithm for
taper 2.

[0083] FIG. 17E shows the PSD for MT method for taper
3.

[0084] FIG. 17F shows the PSD for SS-MT algorithm for
taper 3.

[0085] FIG. 18A shows the PSD of the tapers at minute 80

and at frequency 25 Hz for the MT and the SS-MT spec-
trograms for the EEG time-series in FIG. 5 for taper 1.

[0086] FIG. 18B shows the PSD for SS-MT algorithm for
taper 1.

[0087] FIG. 18C shows show the PSD for MT method for
taper 2.

[0088] FIG. 18D shows the PSD for SS-MT algorithm for
taper 2.

[0089] FIG. 18E shows the PSD for MT method for taper
3.
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[0090] FIG. 18F shows the PSD for SS-MT algorithm for
taper 3.
[0091] FIG. 19A shows time-domain signals in different

frequency bands extracted from the 12 sec period beginning
at 140 minutes for the EEG time-series in FIG. 5B, illus-
trating the slow-delta (0.1 to 4 Hz) oscillation.

[0092] FIG. 19B shows time-domain signals in different
frequency bands extracted from the 12 sec period beginning
at 140 minutes for the EEG time-series in FIG. 5B, the theta
(4 to 8 Hz) oscillation.

[0093] FIG. 19C shows time-domain signals in different
frequency bands extracted from the 12 sec period beginning
at 140 minutes for the EEG time-series in FIG. 5B, the alpha
(8 to 12 Hz) oscillation. The red curve is the instantaneous
amplitude.

[0094] FIG. 20 shows results from a simulation analysis of
the coverage probability for the empirical Bayes 95% con-
fidence intervals.

DETAILED DESCRIPTION

[0095] To characterize non-stationary signals, such as
electrophysiological signals, traditional analyses often
employ multitaper (“MT”) techniques. These techniques
rely on analyzing an interval or “window” in a time-series in
which signals are assumed to be stationary. The window is
then moved along the time-series and the computation is
repeated. Such traditional MT approaches are often advan-
tageous because they can balance the bias-variance trade-off
by combining Fourier-based methods with tapering. How-
ever, because they treat each window independently, such
techniques do not accurately reflect the continuous proper-
ties of the time-series. As a result, spectral and other
information therefrom obtained may not fully capture the
degree of temporal smoothness present in the underlying
signals.

[0096] In recognizing the limitations of current MT tech-
niques, the present disclosure introduces a novel approach
for analyzing non-stationary signals based on a state-space
framework, herein referred to as state-space multitaper
(“SS-MT”). In some aspects, a random-walk model of
non-stationary time-series is used as a sequence of second
order stationary processes defined on non-overlapping intet-
vals. The model may relate the spectral representations of
Gaussian processes across the different intervals. In this
way, the spectral estimate on a first interval, for instance,
may be used to compute a new estimate on a second interval
subsequent to the first interval. in some aspects, spectral
information may be efficiently computed using parallel,
one-dimensional complex Kalman filters. In addition, an
expectation-maximization algorithm can be used to provide
parameter and initial state estimates.

[0097] As will become apparent from descriptions below,
the present SS-MT framework takes into account the tem-
poral relationship between signals in time-series data, allow-
ing for much more efficient use of data. In addition to the
many advantages afforded by the present disclosure, as
described below, the present framework can be used to
produce high-resolution spectral information, and other
information. Furthermore, the present SS-MT framework
offers flexibility in extracting time-domain estimates of
signal components and allows for making statistical infer-
ences.

[0098] The present SS-MT framework may be utilized in
a number of applications. For instance, electrophysiological
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data acquired from a subject under various clinical or
experimental scenarios, including but not restricted to sleep,
drug delivery, general or local anesthesia, sedation, coma.
hyperthermia, and so on, may be analyzed for purposes of
identifying, monitoring, or controlling states of the subject.
In addition, the present approach may be broadly applicable
to analyzing any non-stationary time-series data, such as
speech, image and video signals, seismic and oceanographic
recordings, radar emissions, and so on.

[0099] Insome aspects, the present SS-MT framework can
be used to dramatically improve spectrogram estimation
compared with traditional MT methods. In one example, as
will be described, the present SS-MT framework was
applied to spectral analyses of simulated time-series and
recordings from patients receiving general anesthesia. Com-
pared with traditional MT techniques, SS-MT produced
enhanced spectral resolution and substantial noise reduction
(approximately 10-15 dB), and allowed statistical compari-
sons of spectral properties between arbitrary segments of the
time-series.

[0100] Referring specifically to FIG. 1, an example system
100, in accordance with aspects of the present disclosure, is
shown. In general, the system 100 may be configured for
receiving and analyzing electrophysiological signals
obtained from a subject. In some non-limiting applications,
the system 100 may be a system for monitoring and/or
controlling brain states of a subject. As shown, the system
100 may generally include a sensor assembly 102, one or
more processors 104, amemory 106 and optionally a display
108. The system 100 may include other components not
shown, including a power source, various inputs, outputs,
integrated electronic components, logic elements, relays,
analog/digital converters, and other circuitry. In one con-
figuration, the system 100 may be a portable monitoring
system. In another instance, the system 100 may be a pod,
without a display, that is adapted to provide electrophysi-
ological parameters, signals or data to an external display or
computer.

[0101] Specifically, the sensor assembly 102 may include
various sensors and sensor types, including electrophysi-
ological sensors. Each sensor may be configured to sense
signals from a subject, and transmit the sensed signals to the
system 100 over a cable or using other communication links.
By way of example, the sensor assembly 102 may include
electroencephalography  (“EEG”).  electromyography
(“EMG”), electrocorticography (“ECoG”), local field poten-
tials (“LFP”), electrocardiography (“ECG”), electrooculog-
raphy (“EOG”), galvanic skin response (“GSR”), oxygen
saturation (“SAQ,”), oxygenation sensors, ocular micro-
tremor (“OMT”), and other sensors.

[0102] In one embodiment, the sensor assembly 102
includes a single sensor of one of the types described above.
In another embodiment, the sensor assembly 102 includes at
least two EEG sensors. In still another embodiment, the
sensor assembly 102 includes at least two EEG sensors and
one or more oxygenation sensors, and the like. In each of the
foregoing embodiments, additional sensors of different types
are also optionally included. Other combinations of numbers
and types of sensors are also suitable for use with the system
100.

[0103] By way of example, a given sensor in the sensor
assembly 102, such as an EEG sensor, can include a cable.
The cable can include three conductors within an electrical
shielding. One conductor can receive/provide power, one
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can provide a ground signal, and one conductor can transmit
signals from the sensor. For multiple sensors, one or more
additional cables can be provided. In some embodiments,
the ground signal is an earth ground, but in other embodi-
ments, the ground signal is a subject ground, sometimes
referred to as a subject reference, a subject reference signal,
a return, or a subject return. In some embodiments, the cable
carries two conductors within an electrical shielding layer,
and the shielding layer acts as the ground conductor. Elec-
trical interfaces in the cable can enable the cable to electri-
cally connect to electrical interfaces in a connector of the
system 100. In some embodiments, various sensors in the
sensor assembly 102 and the system 100 may communicate
wirelessly.

[0104] Although not shown in FIG. 1, the system 100 may
include an input configured to receive signals from the
sensor assembly 102. As described above, the input may
include various electrical interfaces for receiving signals
from a cable, for example. Alternatively, or additionally, the
input may be configured to receive signals wirelessly. The
system 100, sensor assembly 102, and/or input may also
include various hardware and electronic elements for pre-
processing signals acquired using the sensor assembly 102,
including capabilities for amplifying, filtering, sampling,
and digitizing signals. Pre-processed signals may be there-
after analyzed by the processor(s) 104.

[0105] In addition to being configured to carry out various
processes of the system 100, the processor(s) 104 may be
configured to execute steps, in accordance with methods of
the present disclosure. To do so, the processor(s) 104 may
execute non-transitory instructions 110 stored in the memory
106, as well as instructions received via input, As such, the
processor(s) 104 may include one or more general-purpose
programmable processors, such as central processing units
(“CPUs”), graphical processing units (“GPUs”), microcon-
trollers, and the like. Alternatively, or additionally, the
processor(s) 104 may include one or more processors having
hardwired instructions or programming. Such processors
may therefore be application-specific due to the hardwired
instructions or programming therein.

[0106] In some aspects, the processor(s) 104 may be
configured to apply a SS-MT framework to analyze signals
received from the sensor assembly 102, and generate spec-
tral information, as will be described. For example, the
processor(s) 104 may be configured to generate spectral
information in the form of high-resolution spectrograms,
power spectra, and so on. Specifically, spectrograms
describe the variation of spectral power at different frequen-
cies over time. The processor(s) 104 may also be configured
to determine current and future brain states of a subject
based on spectral and other information. Example brain
states may include states of anesthesia, sedation, or sleep.
[0107] In some aspects, the processor(s) 104 may deter-
mine various spectral signatures based on the spectral infor-
mation obtained using a SS-MT framework. The processor
(s) 104 may then utilize the spectral signatures to determine
the brain states. For example, the spectral signatures may
include specific features(i.e. total power, or power in one or
more frequency bands, or relative power between various
frequency bands) or trends (i.e. absolute or relative power
changes, or power changes in one or more frequency bands),
for instance, as ascertained from power spectra or spectro-
grams. The processor(s) 104 may then compare the spectral
signatures to reference signatures to determine the brain
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states. The reference signatures may be stored in a database,
for instance, listing or tabulating various signatures and
brain states. Other signatures, including waveform, and
coherence signatures may also be obtained and considered
by the processor(s) 104 when determining the brain states.

[0108] The processor(s) 104 may then communicate ana-
lyzed signals, and information obtained therefrom, to an
output, such as a display 106 if it is provided. Alternatively,
or additionally, the processor(s) 104 may store raw and/or
processed signals, information and data in the memory 106.

[0109] In some aspects, the processor(s) 104 may be
configured generate feedback for controlling the subject.
Specifically, the processor(s) 104 may identify a manner for
achieving a predetermined or target brain state relative to
determined brain states. For instance, based on a current
level of anesthesia, as determined by analyzing EEG signals,
for example, the processor(s) 104 may determine a drug
dose, or infusion rate, sufficient to achieve a target level of
anesthesia. Such determination may take into account sub-
ject characteristics, including age, height, weight, gender,
medical condition and history, administered drugs or com-
pounds, and so on. Feedback may then be provided to a
clinician, in the form of a report. Alternatively, or addition-
ally, feedback may be relayed to external equipment, such as
a drug delivery system or infusion pump. To this end, the
feedback may include information, or be in the form of
control signals actionable or executable by such external
equipment.

[0110] In some embodiments of the system 100 shown in
FIG. 1, all of the hardware used to receive, process and
analyze signals from the sensor assembly 102 may be
housed within the same housing. In other embodiments,
some of the hardware may be housed within separate
housings. For instance, in one embodiment, the display 106
is incorporated in the system 100. In another embodiment,
the display 106 may be separate from the system 100.

[0111] Referring now to FIG. 2, another example system
200 is illustrated in accordance with aspects of the present
disclosure. In some implementations, the system 200 may
utilize a SS-MT framework to generate improved spectral
information for determining brain states of a subject. As
shown, the system 200 may generally include an input 202,
a pre-processor 204, a spectral estimation engine 206, a
brain state analyzer 208, and an output 210. Some or all of
these modules can be implemented in the system 100
described with respect to FIG. 1, or another suitable system.

[0112] The input 202 may include a variety of input
elements and interfaces. For instance, in some implementa-
tions, the input 202 may be configured to receive electro-
physiological signals detected by various sensors in a sensor
assembly, as described with reference to FIG. 1. The input
202 may also be configured to receive information, data, as
well as operational instructions or input from a user.

[0113] The pre-processor 204 may be configured to
receive and pre-process signals and data from the input 202.
For instance, the pre-processor 204 may sample and
assemble a time-domain representation of acquired electro-
physiological signals. The pre-processor 204 may also digi-
tize raw or pre-processed signals to generate data. As such,
the pre-processor 204 may include one or more analog-to-
digital converters. In addition, the pre-processor 204 may
also be configured to perform any desirable amplification,
scaling, and filtering of signals or data. To do so, the
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pre-processor 204 may include various hardware, electronic
and logic components and circuitry.

[0114] In some aspects, the pre-processor 204 may also be
configured to receive and relay information or input from a
user. For example, the pre-processor 204 may receive infor-
mation related to a medical procedure performed on a
subject, such as anesthesia or sedation. As such, information
received by the pre-processor 204 may specify drugs or drug
compound(s) administered, drug timings, drug doses, infu-
sion rates, and so on. The pre-processor 204 may also
receive information related to characteristics of the subject,
such as age, height, weight, gender, medical condition or
history, and so on.

[0115] The spectral estimation engine 206 may include
one or more processors configured to receive pre-processed
data from the pre-processor 204 and carry out various steps
necessary for generating spectral information, in accordance
with aspects of the present disclosure. To do so, the spectral
estimation engine 206 may apply a SS-MT framework, as
will be described. In some aspects, the spectral estimation
engine 206 may generate spectrograms, power spectra and
SO on.

[0116] The spectral estimation engine 206 may then pro-
vide spectral information to the brain state analyzer 208. In
turn, the brain state analyzer 208 may analyze the spectral
information to determine various brain state(s) of the sub-
ject. For instance, the brain state analyzer 208 may utilize
spectral signatures to determine the brain states(s), as
described. The brain state analyzer 208 may also consider
other information in the analysis, such as characteristics of
the subject and details regarding any medical procedure
performed on the subject. Such information may be received
from the input 202 or the spectral estimation engine 206. In
some aspects, the brain state analyzer 208 may be configured
to determine current and/or future states of consciousness or
sedation of a patient under anesthesia or sedation, as well as
confidence intervals or indications with respect to the deter-
mined state(s). The brain state analyzer 208 may also
determine sleep states of the subject.

[0117] Information corresponding to the determined state
(s) may then be relayed to the output 210, along with any
other desired information, in the form of a report generated
either intermittently or in real time. For instance, the report
may be provided to a display. The report may include a
variety of information, including acquired signals, generated
high-resolution spectral information, brain states or brain
state indicators, patient characteristics, and so forth. The
report may also provide feedback for controlling a subject.
As mentioned, such feedback may be in the form of control
signals actionable or executable by external equipment to
control a subject.

[0118] Turning now to FIG. 3, a flowchart setting forth the
steps of a process 300, in accordance with aspect of the
present disclosure, is shown. The process 300, or various
steps therein, may be carried out using any suitable devices
or systems, such as systems described with reference to FIG.
1. In some aspects, the process 300 may be implemented as
a program or executable instructions stored in non-transitory
computer readable media or hardwired.

[0119] The process 300 may begin at process block 302,
with acquiring electrophysiological signals from a subject.
The electrophysiological signals may be acquired from a
subject using one or more sensors, either independently or in
a substantially concomitant fashion. Examples electrophysi-
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ological signals may include EEG, EMG, ECoG, LFP, ECG,
EOG, GSR, SAO,, OMT, and other electrophysiological
signals. Specifically, electrophysiological signals may be
acquired during a variety of clinical or experimental sce-
narios, such as during sleep, drug delivery, general or local
anesthesia, sedation, coma, hypothermia, and so forth. In
some aspects, electrophysiological signals or data may be
alternatively retrieved from a memory, database, server, or
other data storage location at process block 302.

[0120] The acquired/retrieved electrophysiological signals
or data may undergo various pre-processing steps. For
instance, the electrophysiological signals or data may be
amplified, scaled, and/or filtered to substantially reduce or
eliminate noise therein. Pre-processed electrophysiological
signals may then be assembled into a set of time-series data,
as indicated by process block 304.

[0121] The process 300 may continue at process block
306, with analyzing the assembled time-series data using a
SS-MT framework to generate spectral information describ-
ing the acquired electrophysiological signals. In some
aspects, electrophysiological data, such as EEG data, may be
assembled into time-frequency representations or spectro-
grams. Other representations may also be possible. Spectral
information determined at process block 306 may then be
used to determine brain states of the subject. such as depths
of anesthesia, levels of sedation, sleep states, and so forth.
As described, spectral signatures, as well as other signatures,
may be utilized to determine the brain states. In particular,
spectral signatures, based on features ascertained from one
or more assembled spectrograms, may be analyzed and/or
tracked at different time points to determine current and/or
future brain states.

[0122] At process block 310 a report may be generated.
The report may be in any form and include a variety of
information. For instance, the report may be a graphical
illustration provided via a display. The report may indicate
tracked electrophysiological parameters, such as EEG sig-
nals, as well as other electrophysiological (e.g. heart rate,
behavioral response rate, sleep stage, and so on) or phar-
macological (drug infusion rate, drug effect site concentra-
tion, and so on) correlates, The report may also include
spectral information, brain states, and other information.
[0123] The report may be generated and/or updated in
substantially real time, as new electrophysiological signals
or data become available, or may be generated after all
electrophysiological data provided has been processed. In
some aspects, the report may provide feedback, in the form
of intermittent or continuous signals, to control a subject
based on brain states determined. For example, in a closed-
loop system, feedback may be provided to an infusion pump,
other drug delivery system, controlling anesthesia adminis-
tered to the subject.

[0124] Process blocks 302-310 may be repeated, as
desired or upon fulfillment of a termination condition. For
example, a termination condition may be expressly fulfilled
by an indication for termination provided by a user. Alter-
natively, a termination condition may be fulfilled if an error
in signal acquisition is encountered or if analysis of a dataset
is completed. In some aspects, process blocks 302-310 may
be repeated to continuously or intermittently monitor, track
and optionally control brain states of a subject.

[0125] In what follows a SS-MT framework, based on a
time-frequency model is described. It may be assumed that
observations produce non-stationary time-series of the form
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.Vt:xt-'—Et (1)

[0126] where x, is a zero mean, second-order, locally
stationary Gaussian process, and €, is independent, zero
mean Gaussian noise with common variance c,” for t=1, 2,
..., T. The local stationarity of x, may be defined by
assuming that one can write T=KJ, where K defines the
number of distinct, non-overlapping intervals on which x, is
stationary and J is the number of observations per stationary
interval. The stationary intervals can be indexed as k=1, . .
., K and the points per interval as j=1, . . ., J. For example,
if 1,440 seconds of a time-series are recorded at 250 Hz, then
K=1,440, J=250 and T=360,000.

[0127] In some aspects, to relate data on adjacent inter-
vals, Gaussian increment differences linked by a random
walk model may be assumed. In addition, the data on
stationary interval k can be presented as the vector Y, of
length J whose jthelement is Y, SV Gy X, 7% Sk 1)y and
€€y for k=1, . ... Kand 3=1, . . ., J. Using the
spectral representation theorem one can express each Y, as

V=X, +e =WAZ +¢, 2

[0128]
(W)Z,j:

where W is a JxJ matrix whose (1,j)th element is

J’”zexp[ iz”(lj— D jj’

AZ,=(AZ (w)), . .., AZ,(n,) are differences of orthogonal
Gaussian increments, where o, may be defined as ©=2x(j-
/1.

[0129] Because the length of the stationary intervals is
finite, the bias-variance trade-off in estimating the spectrum
on each stationary interval can be balanced by applying MT
spectral methods using Slepian functions. It may be assumed
that for the given time-series, a number of tapers M has been
chosen, and the tapers indexed as m=1, . . . , M. Let S
denote the operator for applying the mth Slepian taper to the
data. The tapered data may be defined as Y,™=8Y,.
[0130] LetF be the Fourier transform operator defined as
the JxI matrix whose (1,j)th element is

Drl-1) .
Ty /)'

(F)= meexp(

Define Y, "™ F=FY "™ as the Fourier transform of the data to
which the taper m has been applied. One may then define

M
_ ,F 2
Ry = MY I
m=1

[0131] as the MT spectrogram estimate at frequency o, on
interval k, where [[Y, "] is the mth eigenspectrogram.
Each eigenspectrogram is a spectrogram estimate computed
by weighting the data with a different Slepian taper. The MT
spectrogram estimate (Eq. 3) is the average of the M
approximately independent eigenspectrograms.
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[0132]
VE=AZ+ef, 4

[0133] where Y,=FY,, FW=l, and ¢=F¢, is a zero
mean, complex Gaussian vector with JxJ covariance matrix
1(0,?). If one takes the Slepian tapers to be orthonormal, then
the Fourier transform of each tapered series has the same
probability distribution as Y,”, and thus, a spectral repre-
sentation that agrees with the spectral representation in Eq.
4. Therefore, one can write

Taking the Fourier transform of Eq. 2 vields

Yk(m)f =A Zk(m) +ek(m)f . %)

[0134] AZ, ™ can be viewed as a realization of AZ, and
€,"" as a realization of € observable through the mth
tapered series.

[0135] Applying MT methods to successive non-overlap-
ping intervals assumes that the data are stationary separately
on each interval. However, it is unlikely that data on adjacent
intervals are unrelated. Therefore, one can relate the data on
adjacent intervals by assuming that, for each tapered series,
the Gaussian increment differences are linked by a random
walk model having the form

AZk(m):AZk,l(m)H’k(m), (6)

[0136] where it may be assume that v, is a zero mean,
independent complex Gaussian vector with a JxJ diagonal
covariance matrix l(ow.z’(’")) forj=1,...,Jand m=1, .. .,
M. Equation 6 defines stochastic continuity constraints on
the non-stationary time-series. Equations 5 and 6 define a
state-space multitaper time-frequency model.
[0137] The linear complex Gaussian form of Egs. 5 and 6
suggests that a Kalman filter algorithm can be used to
compute the sequence of increment differences and thus, the
sequence of spectrum estimates. For this problem the Kal-
man filter has a special structure. Because the M AZ, "™ are
independent, there are M separate, independent J-dimen-
sional Kalman filters. In addition, because the AZk(m)(mj) are
orthogonal across frequencies, there are, for each tapered
series. ] parallel one-dimensional complex Kalman filter
algorithms, one for each frequency w,. Hence, the Gaussian
increment differences can be recursively estimated by apply-
ing M J one-dimensional complex Kalman filter algorithms
to the M tapered time-series. Assuming that the increment
difference estimates have been computed on interval k-1,
then, for tapered series m, the one-dimensional complex
Kalman filter algorithm for estimating AZk(’")(u)j) oninterval
kis

AZk\k—l(m)((’)j):AZk—l k-1 (m)((’*)j) (7a)

2,6m)_ 2,0m 2,(m)
Opeip-1, ¢ )7015—1\15—1,/ ¢ )+Gv,j (m) (7b)

AZk\k(m)((Dj):AZk\kfl (m)((J)j)+ij(m)( Y, k,j(M)’AZk\k—l o

(@) 79

O 2 M=(1=C N ), (7d)
[0138] where the Kalman gain for m=1, ..., M, k=1, ..
L Kyand =1, ..., Tis

€y M~(0 20y, | 2l | 20m) ()
[0139] The notation kIs denotes the estimate on stationary

interval k given all of the data observed through stationary
interval s. The derivation of the Kalman filter algorithm is
described below. One may assume that the algorithm has
initial conditions aZO(’”)(mj) and o, Jz’(’”) whose estimation
can be carried out along with the model parameters using an
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expectation-maximization (EM) algorithm. Given the Kal-
man filter estimate of the increment differences on interval
k, the SS-MT spectrogram estimate at frequency w, on
interval k is then:

M (9)
A @ =M1y 1Az @I
m=1

[0140] Equations 7-9 define the SS-MT algorithm for
spectrogram estimation for non-stationary time-series. For
each tapered series, the increment difference estimate on
interval k is a weighted average between the increment
difference estimate on interval k-1 and the difference
between the Fourier transform of the tapered series and the
increment difference estimate on interval k-1. The weight-
ing may depend on the Kalman gain, which may between 0
and 1. If the Kalman gain is close to 0, then the one-step
prediction variance 0y, Jz’(’") is small relative to the obser-
vation variance 062’(’"), and hence, the increment difference
estimate on interval k is close to the estimate on interval k-1.
If the Kalman gain is close to 1, then the one-step prediction
variance is large relative to the observation variance, mean-
ing that the uncertainty in the prediction of the increment
difference on interval k based on the data up through interval
k-1 is large. In this case, the increment difference estimate
on interval k is close to the Fourier transform of the tapered
series observed on interval k.

[0141] In the absence of tapering, Eq. 9 becomes the

state-space (“SS”) periodogram estimate
ﬁe\kSS’P(%‘):HAZk\kSS’P(%)st 10

[0142] which is computed by applying J parallel one-

dimensional complex Kalman filters to the Fourier trans-
formed data Y,”. In the absence of tapering and the state-
space model, Eq. 1 becomes the periodogram estimate

S top=In P, an

[0143] where YkF:(YkalF, R YkJF)'. By comparing the
SS-MT algorithm (Eqgs. 7-9) with the standard MT (Eq. 10),
the periodogram (Eq. 2), and the SS periodogram (Eq. 1)
algorithms, it is possible to understand the effects on spec-
trogram estimation of combining the multitaper approach
with state-space modeling.

[0144] Given the AZ,,"™, one can estimate the denoised
time-domain signal as

Xi=WAZyy, (12)

[0145] where AZ,,=M7'X _MAZ .. The extracted
signal is a linear combination of the estimated increment
differences across all of the frequencies. Frequency compo-
nents on different stationary intervals are related because all
are estimated by the complex Kalman filter algorithm in Egs.
7a-7d. Hence, elective filtering, such as high-pass, low-pass,
and band-pass filtering can be performed by simply choos-
ing the components of AZ,, in the desired frequency range.
Given a set of L, not necessarily sequential frequencies, o,

for j=s,, . . ., s;, we can obtain the filtered time-domain
signal as
X =WAZyt, (13)

[0146] where the components of AZ,,”, outside the L
frequencies and their conjugate symmetric frequencies, are
all zero. Eq. 4 provides a highly flexible alternative to EMD
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that allows extraction of a time-domain signal comprised of
any specified frequency components. The analytic version of
the filtered time-domain signal can be computed as

1 3L ) (14
R illy, =2072 ) AZE (wpes',

J=sy

[0147] for t=](k-1)+l and 1=1, . . ., J. Here, [(Rk‘kf)2+
(L P17 and tan(-1,, /R, F) are the instantaneous
amplitude and phase of the time-domain signal in the
specified frequency range. This computation obviates the
need to apply a Hilbert-Huang transform to either filtered or
EMD processed data to estimate instantaneous amplitude
and phase.

[0148] To make inferences for functions of the increment
differences at any time points, we compute the joint distri-
bution of the increment differences conditional on all of the
data in the time-series using the fixed-interval smoothing
algorithm, which is

AZy ™ (0)=AZ ™)+

Ay fAZy, \K(m)(mj)‘AZku | k(m)(u)j))

Uk\sz"(m):(’k\kay(m)+Aka (O sz’(m)‘oku \ka’(m))

A O O N (15)

[0149] where the initial conditions are AZ, K(’")(u)j) and
GK‘KJZ’('") for “K-1,K-2,...,1and=1,2,...,]To
compute the covariances between any two states one can use
the covariance smoothing algorithm defined as

Gk,u\K,j(m):Ak,jokﬂ,u\K,/'(m)r (16)

[0150] for 1=k<u<K. Equations 6 and 7 allow computa-
tion of the joint distribution of the increment differences
conditional on all of the data. Therefore, one can compute
the distribution of any function of the increment differences
by Monte Carlo methods. For each Monte Carlo sample one
can draw from the joint distribution and compute the func-
tion of interest. The histogram of the function of interest
provides a Monte Carlo estimate of its posterior probability
density. The estimate is empirical Bayes’ because it is
computed conditional on the maximum likelihood parameter
estimates.

[0151] The Kalman filter (Eqs. 7 and 8), Kalman smoother
(Eq. 15) and covariance smoothing (Eq. 16) algorithms
assume that the initial states AZO('”)(u)j), the initial state
variances o, >, and the model parameters o, > and
0. are known. One can use an EM algorithm to compute
maximum likelihood estimates of the initial conditions and
the model parameters.

[0152] By making standard assumptions regarding joint
local stationarity between two or more time-series, the
SS-MT paradigm can be extended to compute SS-MT cross-
spectrograms. It is assumed that one can compute on interval
k, the Fourier transforms of tapered data series Y,”™- and
Y, from recording locations r and s, respectively. The
corresponding increment difference estimates can be com-
puted from the two locations as AZ,, k”('")(mj) and AZ,, >
(w;), the mth SS-MT eigencross-spectrogram as

fk\kS&MT(T’S)(m)((Dj):AZk\kAL(m)(U’j)'AZk\kz’(m)((l)j) * 17
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[0153] and the SS-MT cross-spectrogram estimate is

M (18)
S5—MT(r. =) SS—MTir,
e (”)(wj) =M Zf""‘ ‘”)(m)(wj).
mel

[0154] The corresponding SS-MT coherogram estimate is
I @)l 19
Ciplop) = i il -
(fl-ijfMT(r,r)(wj)_ﬁjlffMT(x,x)(wj))j
[0155] To demonstrate the power of the present SS-MT

algorithm, an example non-stationary process (F1G. 4A) was
simulated using the following sixth-order autoregressive
model:

% =3.9515x,_; +7.8885x,_, +9.7340 x5 + (20)

161
77435 34 + 380785 +0.9472x,6 + v,

[0156] where T=128,000 s and v, is independent, zero-
mean Gaussian noise with unit variance. Using this model,
the true spectrogram (FIG. 4B), as well as a periodogram
(FIG. 4C), a MT spectrogram (FIG. 4D), a SS periodogram
(FIG. 4E), and a SS-MT spectrogram (FIG. 4F), in accor-
dance with aspects of this disclosure, were computed. Spe-
cifically, the true spectrogram of the model includes three
peaks at 3.5 Hz, 9.5 Hz, and 11.5 Hz that grow linearly in
height and width with time. In performing these computa-
tions, the number of observations per stationary interval was
selected to be J=1024 and the number of non-overlapping
intervals as K=125. In particular, for the MT computations,
the number of tapers was selected to be M=4, which
correspond to a spectral resolution of approximately 0.5 Hz.
Also, model parameters were estimated from the first 50
observations using the EM algorithm. Other parameter
selections may also be possible.

[0157] While the various periodograms and spectrograms
illustrated shown in FIGS. 4C-4F capture the general struc-
ture of the true spectrogram (FIG. 4B), there are clear
differences. Specifically, the MT spectrogram shows a better
resolution of (less variability in estimating) the 3 peaks
compared with the periodogram. However, when comparing
the power in the frequency bands outside the 3 peaks, both
the periodogram and the MT spectrogram overestimate the
noise relative to the true spectrogram by about 10 to 15 dB.
On the other hand, the SS periodogram and the SS-MT
spectrogram estimate the noise outside the 3 peaks to be at
or near the -10 dB value of the true spectrogram.

[0158] As apparent from FIGS. 4D and 4F, the MT spec-
trogram and the SS-MT spectrogram agree closely with the
true spectrogram in their estimates of the power in the 3
peaks (FIG. 4D and 4F, second column). However, a key
difference between appears as the power level increases. In
particular, as shown in FIG. 4B, as the heights of the spectral
peaks at 9.5 and 11.5 Hz in the true spectrogram increase,
the height of the “valley” between them also increases. This
“valley” is at about 5 dB between minutes 24 and 27 (FIG.
4B, second column). The MT spectrogram estimates the
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“valley” to be at about 10 dB (FIG. 4D, second column). By
contrast, the SS-MT spectrogram more accurately estimates
the “valley” to be at about 4 dB (FIG. 4D, second column).
In addition, the mean square error of the SS-MT spectro-
gram is lower at all frequencies compared to the periodo-
grams and MT spectrogram computed.

[0159] The advantages of the presently described SS-MT
algorithm, including enhanced denoising and spectral reso-
lution, may further be appreciated from analysis of real
recordings, such as EEG recordings obtained during general
anesthesia. In particular, anesthetic drugs act in the brain to
create the altered states of general anesthesia by producing
highly structured oscillations that disrupt normal informa-
tion flow between brain regions. Because these oscillations
are readily visible in the EEG, EEG and EEG-derived
measures are commonly used to track in real time the brain
states of patients receiving general anesthesia and sedation.
[0160] By way of example, FIGS. 5A-5F illustrates data
acquired from a patient under general anesthesia maintained
with sevoflurane with oxygen. In particular, FIG. 5A shows
the expired concentration of sevoflurane, FIG. 5B shows raw
EEG recordings, FIG. 5C shows a periodogram, FIG. 5D
shows a MT spectrogram, FIG. SE shows a SS periodogram,
and FIG. 5F shows a SS-MT spectrogram, in accordance
with aspects of the disclosure.

[0161] EEG data was recorded continuously using the
Sedline monitor (Masimo, Irvine, Calif.) and a standard
six-electrode frontal montage at a sampling frequency of
approximately 250 Hz. The electrode array included elec-
trodes located approximately at positions Fpl, Fp2, F7, and
F8. For each channel, the electrode impedance was less than
5 kilo-Ohms. The EEG recordings began approximately 3 to
5 minutes prior to induction of general anesthesia and
continued for approximately 3 to 5 minutes after extubation,
lasting approximately 190 minutes. The EEG data recorded
at Fpl was used for the spectral analyses and EEG data
recorded at Fpl and Fp2 was used for the coherence analy-
ses.

[0162] In performing the spectral analysis, parameters
selected included. T=2,850,000, J=500, K=5,750, and M=3,
which corresponding to a 2 Hz spectral resolution, although
it may be appreciated that other parameter selections could
have been utilized. Unless specified otherwise, the same
choices of M and J values are used in the subsequent
examples. The model parameters and initial conditions were
estimated from the first 5 minutes of data using the EM
algorithm. To estimate the observation noise variance in the
EM algorithm, the analysis was restricted to frequencies in
the electrophysiologically relevant range of 0.1 to 30 Hz.
[0163] Theraw EEG signals (FIG. 5B) show strong modu-
lation with changes in the sevoflurane concentration (FIG.
5A). The periodograms and spectrograms for these data
showed the well-known alpha-beta oscillations (8 to 17 Hz)
and slow-delta oscillations (0.1 to 4 Hz) that are character-
istic of general anesthesia maintained by sevoflurane. When
the sevoflurane concentration increases, the power in the
alpha-beta band shifts to lower frequencies while the power
in the slow-delta band power shifts to higher frequencies.
The opposite changes occur when the sevoflurane concen-
tration decreases. The spectral changes associated with
increases in the sevoflurane concentration appear as
increases in theta oscillation power (4 to 8 Hz).

[0164] The periodogram (FIG. 5C) shows diffuse, grainy
power between 10 to 17 Hz and in the slow-delta range. By
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comparison, the MT spectrogram (FIG. 5D) has higher
spectral resolution relative to the periodogram. Both the
periodogram and the MT spectrogram show diffuse power
ranging from 7 to -2 dB in the theta range and from -5 to
-15 dB in the beta-gamma range (>17 Hz). Compared to the
periodogram and the MT spectrogram, the SS-periodogram
(FIG. 5E) and the SS-MT spectrogram (FIG. 5F) show
substantially greater denoising, which may be defined as a
reduction in power in the frequency bands with low power.
For the latter two spectrograms, the power in the beta-
gamma range lies uniformly at =15 dB, which is a 5 to 15
dB power reduction relative to the MT spectrogram. Both
the SS-periodogram and the SS-MT spectrogram estimate
the power in the theta band to be 10 to 15 dB less than that
for either the periodogram or the MT spectrogram. Like the
periodogram, the prominent, alpha-beta and the slow-delta
power in the SS-periodogram is grainy and diffuse.
[0165] The SS-MT spectrogram of FIG. 5F shows greater
denoising compared to the MT spectrogram of FIG. 5D due
to the stochastic continuity constraint (Eq. 6) and to the
eigenspectrogram averaging. Specifically, the stochastic
continuity constraint has a different independent effect at
each frequency. In fact, in both the theoretical example of
FIG. 4 and the real data example of FIG. 5, the state
variances, ovf’(’”) were small (0.05 to 4 dB) for frequencies
with low power and large (27 to 38 dB) for frequencies with
high power. The Kalman gains, Ckgl(’”), reached steady state
values within 5 to 10 updates, and like the state variances,
the Kalman gains were small (0.1 to 0.4) for frequencies
with low power and large (0.7 to 0.95) for frequencies with
high power. Rewriting FEq. 7c as
AZy ()~ (1=Cof™AZ gy A0+ C Y

F, ey
[0166] shows that the increment difference estimate on
interval k is a weighted average between the increment
difference estimate on interval k-1 and the Fourier trans-
form of the tapered data on interval k, in particular, frequen-
cies with low power weight Z,_,,,_,“(;) more than Y.,
F  Such weighting favors suppressing increases or
fluctuations in the low power or noise frequencies. In
contrast, frequencies with high power provide more weight
to the new information in Y, .
[0167] Differential effects demise the SS-MT spectrogram
by heightening the contrast between frequencies with high
power and those with low power, as illustrated in the
analysis of the simulated EEG data (FIG. 4F) and in the
analysis of the actual EEG recordings (FIG. 5F). MT eigen-
spectrograms (FIGS. 9A-9C) have a variability similar to the
periodogram (FIG. 5C) that can be reduced by averaging to
obtain the MT spectrogram (FIG. 9D, 5D). By contrast, each
SS-MT eigenspectrogram (FIGS. 10A-10C) has a variability
similar to the SS periodogram (FIG. 5E). By averaging the
SS-MT eigenspectrograms, a variability reduction by M™
(Eq. 9) can be achieved at each frequency of the SS-MT
spectrogram (FIG. 10D, FIG. 5F), which provides enhanced
denoising.
[0168] Kalman filter updating (Egs. 7c and 18) enharnces
the spectral resolution of the SS-MT spectrogram relative to
the MT spectrogram by reducing leakage. To appreciate
why, one can assume that f,(w) and f(w,) are the true
spectrograms on time interval k at two frequencies w; and w,
and that f;(w,)>>f,(w,). Let Aw, be the frequency resolution
chosen for the MT analysis. If Iw,-0/|<Ao, (lo~0,/>Aw,)
then, in the m analysis, the narrow (broad) band power at o,
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leaks into the power at w, The extent of the leakage is
governed by the power spectral density of each taper. In the
SS-MT analysis, because , has low power, AZ,,"(w))
weights «Z,_, ,_, "(o;) much more than Y, the term
in Bq. 18 carries the leakage from w,. Hence, broad and
narrow band power leakage from o, into the power at o, are
reduced because the Kalman gain at w, is small.

[0169] For example, at 70 minutes (FIG. 5D, 5F), the MT
and SS-MT spectrograms generally agree in the high power
frequency bands, i.e., 0.1 to 5 Hz and 9.5 to 15.5 Hz, yet
disagree in the low power frequency bands, 5.1 to 9.4 Hz and
15.6 to 30 Hz. The 6 Hz frequency lies just on the border of
the narrow band leakage from 5 Hz for the MT spectrogram.
The 12 dB difference between the MT and the SS-MT
spectrograms at 6 Hz results because the former has leakage
from the power at 5 Hz, whereas the latter has enhanced
denoising and reduced leakage. A 10 to 15 dB power
difference persists between the MT and SS-MT spectro-
grams beyond 15 Hz due to the small values of the Kalman
gain in this frequency band.

[0170] At 80 minutes (FIG. 5D and 5F), the MT and
SS-MT spectrograms also generally agree in the high power
frequency bands, 0.1 to 5 Hz and 10.5 to 15 Hz, yet disagree
in the low power frequency bands, i.e. 5.1 t0 9.4 Hz and 15.1
to 30 Hz. A similar argument explains the 7 dB difference in
power at 16 Hz between the MT and the SS-MT spectro-
grams at minute 80. The same argument also explains in the
analysis of the simulated data example the 7 dB difference
in power at 11 Hz in the MT and SS-MT spectrograms at 25
minutes.

[0171] As described, the present SS-MT approach esti-
mates increment differences. Therefore, Eq. 13 was used to
extract the slow-delta (FIG. 19A), theta (FIG. 19B), alpha
(FIG. 19C), and oscillations. In addition, Eq. 14 was used to
estimate instantaneous amplitudes (F1G. 19C) for 12 sec of
data shown in FIG. 5B beginning at 140 minutes. The
magnitudes of the oscillations are consistent with what is
observed in the SS-MT spectrograms. The alpha and theta
oscillations show substantial slow-delta amplitude modula-
tion consistent with previous reports. A 95% credibility
interval for these signals are shown.

[0172] In a further example that illustrates the full poten-
tial of the SS-MT algorithm introduced herein, EEG data
acquired from a human subject receiving intravenous anes-
thesia. was analyzed (FIG. 6). The infusion was adminis-
tered by computer control at an increasing and then a
decreasing rate. In particular, gradually increasing the
propofol infusion rate allows the subject to transition gradu-
ally from being awake to unconsciousness. On the other
hand, gradually decreasing the propofol infusion rate from
the rate required to achieve the maximum target effect-site
concentration allows the subject to transition from uncon-
sciousness to the awake state.

[0173] In analyzing recorded EEG signals, MT spectro-
grams and SS-MT spectrograms, in accordance with aspects
of the present disclosure, were generated, as shown in FIGS.
6C and 6D, respectively. Also, since EEG frequency content
can change substantially depending upon the target effect-
site concentration, a different set of model parameters was
estimated for each anesthetic state using the EM algorithm
based on the first 5 minutes of EEG data recorded in each
respective state.

[0174] Prior to administering propofol, baseline EEG sig-
nals was recorded using a frontal lead for approximately 20
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minutes while the subject lay supine with eyes closed, After
the baseline period, propofol was administered to achieve 5
different increasing level effect-site concentrations (model-
derived brain concentrations), as shown in FIG. 6A. Once
the 5th level was reached, the infusion rate was systemati-
cally reduced, until the infusion was stopped (not shown), to
achieve a similar sequence of target effect-site concentra-
tions but in reverse, decreasing order. Each target effect-site
concentration was maintained for approximately 14 minutes.
Based on the analyses of the subject’s responses to yes-no
questions administered every 4 seconds, 5 distinct behav-
ioral or anesthetic states were identified, namely a conscious
or awake state, a loss of consciousness (“LC”) state, an
unconscious state, a recovery of consciousness (“RC”) state,
and again a conscious state, as indicated in FIG. 6A.

[0175] The effect of changing the propofol infusion rate
are apparent in the unprocessed time-domain EEG signals
(FIG. 6B, black curve), the extracted, denoised EEG signals
(FIG. 6B, red curve, Eq. 13), and more particularly in the
MT spectrogram (FIG. 6C) and SS-MT spectrogram (FIG.
6D). Specifically, moderate-amplitude slow oscillations
dominate the EEG at baseline. In increasing the infusion
rate, low amplitude, beta-gamma oscillations appear mid-
way through level 2, and transition into narrow-band high-
amplitude alpha oscillations by level 4. At the same time, the
slow oscillations transition to high-amplitude slow- delta
oscillations. By level 5, the alpha oscillations have nearly
dissipated and the EEG is dominated by slow-delta oscilla-
tions. As the propofol infusion rate is decreased, EEG
dynamics are recapitulated in reverse.

[0176] As in the previous examples, the SS-MT spectro-
gram shows substantial spectral denoising and increased
resolution when compared to the MT spectrogram. As such,
the SS-MT spectrogram, generated in accordance with
aspects of the present disclosure, can provide a quantifiably
enhanced representation of the different EEG oscillatory
components present in different anesthetic states.

[0177] To illustrate the ability of the present approach to
formal statistical inferences about relationships between
different anesthetic states and EEG signatures, the power
associated with the different anesthetic states was compared
using the SS-MT spectrogram of FIG. 6D. In particular, the
average power across frequencies approximately between
0.1 to 30 Hz was computed using representative 100-sec
intervals. With reference to FIG. 6A, these representative
intervals included a baseline period between 500 to 600 sec
(Awake 1), the period between 3,100 to 3,200 sec (LOC), the
period between 4,600 to 4,700 sec (UNC), the period
between 6,600 to 6,700 sec (ROC), and the period 9,000 to
9,100 sec (Awake 2). To compare two 100-sec intervals for
each frequency  in a given frequency range, the average
difference spectrogram between two intervals was computed
using:

A 01007 I8, M (w)de] £ (w)d]. @)

[0178] where r and s represent two distinct 100-sec inter-
vals. To determine whether there is an appreciable change in
the spectrogram properties between any two anesthetic
states, a Monte Carlo procedure was used to compute an
approximate 95% empirical Bayes’ credibility interval for A
F,.,(w). By using the Kalman filter (Eqs. 7 and 8), the
Kalman smoothing (Eq. 15) and the covariance smoothing
(Eq. 16) algorithms, the multivariate complex Gaussian joint
posterior density AZ;, for k=1, . . ., K may be defined,
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conditional on the parameter estimates. The quantity A
¥, (w) is a function of the AZ, ., such that for each random
sample of the AZ, ., AT, (w) may be computed. By drawing
a large number of the AZ, ., the associated 95% credibility
intervals for A¥, () may be computed (FIG. 7).

[0179] In FIGS. 7A-7F, 6 of the 10 possible comparisons
of differences in power among the 5 anesthetic states
described with reference to FIG. 6 are shown. In particular,
the LOC and UNC states show significant increases in
power in the slow-delta and alpha bands relative to the
Awakel state (FIGS. 7A and 7B). There is also a significant
increase in power in the upper part of the slow-delta and in
the alpha bands between the ROC and Awakel state (FIG.
7B) and between the LOC and the UNC state (FIG. 7E) In
contrast, there are no appreciable differences in power
between the Awake1 and Awake]1 state (FIG. 7D) or between
the LOC and ROC state (FIG. 7F).

[0180] As appreciated, these findings are in complete
agreement with the structure of the power in the MT-SS
spectrogram shown in FIG. 6D. Therefore, it may be con-
cluded that there are significant quantifiable differences in
EEG power between different anesthetic states and that
those differences can range from 10 to 20 dB (95% cred-
ibility interval). These findings also agree with, and extend
beyond, the original analyses of these data in which hypoth-
esis testing methods using Bonferroni corrections were used
to compare the anesthetized states with just the Awakel
state. Advantageously, inferences obtained as described
obviate the need for multiple comparison corrections
because they were obtained based on the approximate joint
posterior distribution of the power across all of the frequen-
cies and all times in the time series, rather than using tests
of multiple null hypothesis. Also, by reporting the results in
terms of 95% credibility, the effect size can be directly
measured, that is, how much EEG power differs among
different anesthetic states. To date, no time-frequency analy-
sis techniques provide an inference framework applicable to
the entire series.

[0181] As described, in some aspects, a coherence analysis
may also performed. Therefore, 16 minutes of EEG data
recorded from a patient receiving general anesthesia main-
tained by an intravenous propofol infusion were analyzed.
FIG. 8 shows the MT coherogram (FI1G. 8A) and the SS-MT
coherogram (FIG. 8B). Both methods showed high coher-
ence (>0.9) between 10 to 15 Hz during this period that is
characteristic of general anesthesia maintained by propofol.
As appreciated from FIG. 8, the SS-MT coherogram showed
greater denoising outside this frequency band compared to
the MT coherogram.

[0182] The spectral representation of a second-order sta-
tionary Gaussian process (Eq. 2) was used to combine the
multitaper and the state-space approaches into a computa-
tionally efficient, empirical Bayes’ paradigm for frequency-
domain and time-domain analyses of non-stationary time-
series. By the spectral representation theorem, the
orthogonal increment differences are the fundamental pro-
cess that underlie a stationary time-series. Hence, it is
reasonable to define non-stationarity in a time-series by
modeling the temporal continuity in these fundamental
elements.

[0183] An important feature of the present framework is
the formulation of spectrogram estimation for non-station-
ary time-series as the problem of estimating the unobserv-
able Gaussian increment differences. This inverse problem
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was solved by modeling the increment differences as a
Gaussian random walk in the frequency domain (Eq. 6),
taking the observation model to be the Fourier transform of
the tapered time-series (Eq. 5), and then applying a complex
Kalman filter algorithm to recursively compute the incre-
ment differences (Eqs. 7a-7d). The SS-MT spectrogram
(cross-spectrogram) estimates were computed by summing
the M eigenspectrograms (eigencross-spectrograms) in Eq. 9
(Eq. 18).

[0184] The present solution is computationally efficient
because for a given taper, the Fourier transform of the
tapered data are J independent, complex Gaussian observa-
tions in the frequency domain. Hence, to estimate the
increment differences, I independent one-dimensional com-
plex Kalman filters were implemented in parallel. Therefore,
given the M tapers, the M-J algorithms run in parallel, a
feature which makes the SS-MT spectrogram estimation
attractive for real-time applications. Each one-dimensional
complex Kalman filter has an associated, Kalman smoother
(Eq. 15), covariance smoothing (Eq. 16), and an EM algo-
rithm. The EM algorithm uses all three algorithms to esti-
mate the model parameters from an initial data segment.
[0185] Both the state-space and the multitaper compo-
nents of SS-MT analysis contribute significantly to spectro-
gram denoising. The state variances and Kalman gains are
high (low) at frequencies with high (low) power. Therefore,
the Kalman filter updating (Eqs. 7c¢ and 21) denoises the
spectrogram by heightening the contrast between high and
low power spectrogram ordinates (FIGS. 5D and 5F). The
MT component of the SS-MT algorithm further contributes
to the denoising by averaging the eigenspectrograms to
reduce the spectrogram variance at all frequencies by M.
In addition, state-space estimation (Eqs. 7¢ and 21) enhances
the spectral resolution in the SS-MT spectrogram relative to
the MT spectrogram by reducing both narrow band and
broad band leakage. Because the Kalman gains at low power
frequencies are small, leakage from even nearby frequencies
with high power is reduced. In the present simulated and real
data examples, the effect of state-space updating on denois-
ing and spectral resolution was a 10 to 15 dB difference
between the SS-MT and the MT spectrograms in the low
power frequency bands (FIGS. 4D, 4F, 5D, 5F)

[0186] By applying the spectral representation theorem to
the estimated increment differences (Eqs. 13 and 14), the
time-domain signals within specified frequency bands were
extracted as well as instantaneous phase and amplitude
(FIG. 6). This example is important because time-domain
signal extraction is not possible with standard non-paramet-
ric spectral methods which only estimate power as a func-
tion of frequency. With conventional approaches, estimating
instantaneous phase and amplitude requires a second analy-
sis: filtering the data to extract a signal in a particular
frequency band followed by applying the Hilbert-Huang
transform to the filtered data. The SS-MT paradigm con-
ducts spectral analysis, signal extraction and instantaneous
phase and amplitude estimation as parts of a unified frame-
work. Moreover, the SS-MT paradigm is highly flexible
because arbitrary combinations of frequencies can be chosen
to construct the time-domain signal.

[0187] Together the Kalman filter, Kalman smoother and
covariance smoothing algorithms provide an empirical
Bayes’ estimate of the joint distributions of the increment
differences conditional on the entire time-series. Therefore,
the joint distribution of any time-or frequency-domain func-
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tion of the increment differences can be computed or simu-
lated and used to make statistical inferences. This aspect of
the present paradigm was demonstrated by comparing inte-
grated spectral power in two different time intervals in the
isoflurane-ketamine spectrograms (FIG. 7). In contrast, MT
methods rely on the jackknife, bootstrap and asymptotic
theory to estimate confidence statements for individual
frequencies. This is a reasonable approximation to the joint
distribution within a stationary interval because the MT
spectral estimates are approximately independent. Unlike
the SS-MT paradigm, MT spectral analysis does not allow
inferences about the spectrogram between different station-
ary intervals. EMD uses an additive white noise technique to
characterize uncertainty in the modes. Justification of this
approach has yet to be established.

[0188] State-space methods have been applied in non-
stationary time-series analysis. If the time-series is modeled
as a time-dependent order p autoregressive process (AR (p)),
then the order p state model constrains the AR coefficients.
Coeflicient updates are computed using a p-dimensional
Kalman filter or Kalman smoother. After each update, the
spectrum is computed using the standard formula for an AR
(p) spectrum. The AR (p) model is less flexible than the
SS-MT model and care must be taken to insure that each
coeflicient update produces a stationary process. These
models have been used in analyses of speech processing,
cardiovascular control, intracranial pressure and sleep states.
[0189] One group assumed a time-dependent harmonic
regression model and used a time-domain Kalman filter
algorithm to update the model coefficients. They analyzed
spectra instead of spectrograms, emphasizing spectrum esti-
mation in the presence of missing observations. Recently,
spectral pursuit, which is a computationally intensive algo-
rithm to analyze non-stationary time-series by assuming
temporal continuity with sparsity in frequency, was intro-
duced by the inventors. Spectral pursuit fits robust stochastic
continuity models by iterative Gaussian approximations in a
batch analysis, with hyper-parameters estimated by cross-
validation.

[0190] Herein, the complex Gaussian distribution may be
defined as e=¢, +i€,, where the real and imaginary compo-
nents are independent, zero mean Gaussian random vari-
ables with variance o_*/2. The one-dimensional circularly
symmetric complex Gaussian distribution is

ple) = (rog)” exp( ] C N &0

[0191] where e*=¢ i€, is the complex conjugate of e.
[0192] The derivation of the complex Kalman filter algo-
rithm is now described. Specifically, the parallel, one-di-
mensional complex Kalman filter algorithms may be derived
following the standard maximum a posteriori derivation of
the Kalman filter algorithm. To define the recursive estima-
tor of AZ,”™, Bayes’ rule may be used and express the
posterior density of AZ, ™ given all of the data, Y,_,"*, up
through interval k as

AZ |V p v | A7) 24
pF Y

Pz v = -
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[0193] where the first term on the right side of Eq. 2 is the
one-step prediction density defined by the Chapman-Kolm-
ogorov equation as

P(AZk(m)‘ Yl:k—l(m)’p):fp (AZIH(W)‘ T :Ie—l(m)’p)p(AZk(m)
AZy "IN, O, (25

[0194] The AZk(’")(u)) are independent forj=1, . .., Jand
for each j, p(AZ, (’"’(‘*’)IYl ) ds @ one- dimensionsl
circularly symmetric complex Gaussian distribution. Hence,
given the recursion up through interval k-1 and the state
model (Eq. 6), the one-step prediction density has the form

J (26)
pAZ" VD =[] € N @A™ 0 AL (), o ),
=1
where
AZE () £ EQZP () | VI )= AZ" (w)) @n
2,0m) A (28)

Tili-1,j =
‘ 2 F 2, 2,
E(IAZ" @) = AZR @I | YA ) = ey + o0

[0195] Moreover, the YkJ(m)’F are also independent for
=1, ..., T and for each j, p(Y, "F1AZ, () is a
one-dimensional circularly symmetric complex Gaussian
distribution that is defined by Eq. 5. Hence, the observation
model at interval k is

29
pOTIAZI = [ ] £ 0G5 AZ wp, a3
1
[0196] The posterior density at interval k is
PAZNY ) op(AZ 1Y (BT IAZ,

m) 30
) (30)

[0197] and the log posterior density at interval k is
log p&Z™ | Y = 3D

Y 2
Z IAZ™ (w)) A [rk Hen!!
U'Mk 11

J
L F
Z ¥~ AZE o I
— C_g.(m)
—

[0198] The I pairs of one-step prediction densities and
observation models are independent. Therefore, differenti-
ating Eq. 31 with respect to AZk(”’)*(mj) gives

dlog p(AZ{™ | YTy (32)
ﬁAZ}:")*w\wj)
AL ) - ALY ) Y =AW

2,(m) o2 ?
[

[0199] forj=1,....,J. Setting Eq. 32 equal to zero yields
the recursion of estimate AZ,, k(’")(mj)
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2, 2,(m)  y (m),F 3
AZ _ U'E(m)AZ%( 1 wj)"'”'k\kml ka”} (33)
i (@) = T L 20m
U—k\k Lj + 0%

[0200] Setting oy Jz’(’") equal to the negative reciprocal of
the second derivative of Eq. 31 gives

2m)_ 20mny -1y (o 2mny-1y—1
Ot (m)*((ck\kfu YL (o M)

[0201] Eq. 7c (Eq. 7d) follows from Eq. 32 (Eq. 33) by
applying the definition of the Kalman gain in Eq. 8. Egs. 27,
28, 33, and 34 are the one-dimensional complex Kalman
filter algorithm given in Egs. 7a-7d.

[0202] An example EM algorithm for model parameters
and initial state estimation is described below. In particular,
an EM algorithm may be used to find the maximum-
likelihood estimates of ©={c, >0, ™, AZ,""}. The
maximum-likelihood estimates may be computed by maxi-
mizing the expectation of completed data log-likelihood.
The join probability distribution of AZ,; ,(("”(u)) and Y, p
F ot frequency j can be written as:

G4

‘ @5)
1 = ez op1 x| | pezon1 a2 0. i
k=1
K

[Treri 1887 @), o2,

k=1

[0203] where the probability density of the initial state
may be assumed to be given by

(36)

)
AZ{ (wi)) = mrﬁ"")) exp[—w].

"

[0204] In iterating 1 of the E-step, the algorithm may
compute the expectation of the complete data log-likelihood,
given the observed data and the previous estimates of the
parameters from the previous iteration 1-1. For simplicity,
the superscript m may be omitted for the tapered data series.
Taking the log and expectation to the likelihood yields:

Ellog L | Yf ;, 04707 = €0)]
2 K
IAZ§ (@)l F _ 70, P
B Sy
0_12/,(_171) U_g,llflr ; ” > 4
Klog(no'z 0y (K + l)log('ro'f,(j 1))

e 1)2 ”AZ(“ (wj)- AZ;()l ‘”J)” Y, Kol
Tyj =l

[0205]
computed for k=1, .. .,

To evaluate Eq. 37, three quantities need to be
K. These are:

AZy (o EIAZ o)) 1.5, 7],
Wk\KJ(D:E[HAZk(wj)Hz‘Yl Ky > e,
=E[AZ;{o )AZk 1*((0)‘)71 K)/F o 1)]

Wikt \K,/ (38)
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[0206] Quantities in Eq. 38 may be efficiently computed
using a Kalman filter, Kalman smoothing, and covariance
smoothing algorithms.

[0207] To carry out the M-step, one may let T, (Z)*l/o
@and T, 0=/ o, 2 Tn addition, it may be used that each has
a gamma prior den51ty defined as

(39

o B)= ﬁa r)" Lexp(-p7),

[0208] for o>1 and P>0. The expectation of log join
posterior density of T, J(Z) and ‘cg(l) may be defined as

Ellogp(v®, 7, 1Y, ., €771

xlog(p(r.Plo,P))+og(plr, Plop))+E[log L], (40)

[0209] Eq. 40 may be maximized with respectto T, U) and
1. to obtain

o K+a (@41

Tl/j

U] b 0] (D)
(W2, g =R 1) + Wi, + B

Ma

2

-
1

a-1+JK

(P2 ) sty Fliy o AL :
(()k,;)) + WIS\}(,j —2:5§{Yk,j() AZ;(\)K,j})"—ﬂ

(0 _
o=

[0210] respectively. The initial state AZ(®,) can be esti-
mated using the Fourier transform of the original time series
X, as AZy(0,)=FX,. The EM algorithm may iterate between
E-steps and M-steps until |AZ, zP-AZ, " V|PIAZ,
1|*<e where e=(0, 0.001) or I=L,  , where L, may be a
pre-specified number of maximum iterations.

[0211] To assess the accuracy of the empirical Bayes 95%
confidence intervals, a simulation analysis was conducted
using the non-stationary AR(6) process in Eq. 20. Results
are shown in FIG. 20. Specifically, the actual difference in
spectral power at 11.5 Hz between times 27 and 15 minutes
was computed. One thousand time-series from Eq. 20 were
simulated and each fit using the SS-MT model and EM
algorithm. A Monte Carlo algorithm was used to compute
from each SS-MT fit the 95% confidence interval for the
spectral power difference by making 3,000 draws from the
empirical Bayes posterior distribution f(AZIY %), where 2
denotes the maximum likelihood estimates of the noise floor
variance and the state variances at each frequency. The black
horizontal line in FIG. 20 at about 4 dB represents the true
difference in spectral power at 11.5 Hz between times 27 and
15 minutes. The red vertical lines in FIG. 20 represent the
empirical Bayes 95% confidence intervals computed from
the simulations. Analysis revealed the actual frequentist
coverage probability to be about 0.966. The lower and upper
bounds of the Monte Carlo error based on 1000 draws from
a binomial distribution with p=0.95 was [0.947, 0.964]. The
fact that the actual coverage probability was just beyond the
upper Monte Carlo error bound suggests that the SS-MT
95% confidence interval may be slightly conservative. This
observation is reassuring given that the SS-MT model lies
outside the model class that generated the data.

[0212] Using the AR (6) model in Eq. 20, the effect of
stationary interval choice on spectrogram estimation was
analyzed. For this model, no ground truth interval was
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selected because there is no finite interval on which data are
stationary. Moreovet, the SS-MT model is outside the model
class generating the data. In FIG. 4F, the number of data
points per stationary interval was selected to be J=1.024. In
this analysis, the SS-MT model was also fit using J=512 (8
seconds), J=1,024 (16 seconds), J=2.048 (32 seconds), and
J=4,096 (64 seconds). The table below shows the mean-
squared error for seven frequencies computed by averaging
the sum of squared differences between each estimate (peri-
odogram, MT, SS-periodogram, and SS-MT) and the true
spectrogram over all time intervals for the four difference
choices of stationary interval lengths.

Mean-Squared Error as a Function of Stationary Interval Length

Frequency (Hz)  Periodogram MT SS-P SS-MT
T =512 (8 seconds)
1.5 7 7 -17 -18
3.5 34 29 33 28
6.5 8 7 -15 -18
9.5 34 34 34 33
10.5 12 13 5
11.5 28 30 25
12.5 8 8 -15 -20
T =1,024 (16 seconds)
1.5 7 5 -16 =22
3.5 35 27 34 27
6.5 8 5 -15 =21
9.5 34 30 33 29
10.5 16 11 10 5
11.5 32 23 32 23
12.5 8 5 -17 -19
T = 2,048 (32 seconds)
1.5 7 5 -16 =22
3.5 35 25 35 25
6.5 8 5 -13 -18
9.5 33 29 33 29
10.5 16 10 8 2
11.5 34 19 34 19
12.5 6 5 -16 -18
T = 4,096 (64 seconds)
1.5 7 5 -19 =21
3.5 33 26 33 28
6.5 7 4 -11 -18
9.5 34 28 33 28
10.5 17 10 8 -1
11.5 38 17 38 17
12.5 6 4 -13 -17

The MT and S8-MT spectrograms were estimated using 2 tapers (J = 512), 4 tapers (J =
1,024), 8 tapers (T = 2,048), and 10 tapers (J = 4,096) to keep spectral resolution at 0.5 Hz.
Table entries are in decibels, ie., 10logy(MSE).

MT: multitaper spectrogram;

§S-P: state-space periodogram;

SS-MT: state-space multitaper spectrogram.

[0213] Within the SS-MT estimates, the stationary interval
length that minimized the MSE differed in relation to the
magnitude of the spectral power at a given frequency. For
two of the frequencies with high power (9.5 Hz and 11.5
Hz), and the frequency with intermediate power (10 Hz), the
MSE was minimized by choosing a 64-second stationary
interval. The MSE for the third highest frequency With high
power (3.5 Hz) was minimized by a 32-second stationary
interval choice. The spectrogram estimates for the high-
power frequencies using the 64-second stationary interval
resembled most closely the true spectrogram. For the three
frequencies with low power (1.5 Hz, 6.5 Hz and 12.5 Hz),
the minimum MSE stationary interval choice was the
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16-second interval. Although the 16-second stationary inter-
val spectrogram estimate had the smallest MSEs for the
low-power frequencies, the difference between it and the
other spectrograms at these frequencies were not appreciable
discernible.

[0214] In summary, the present disclosure introduces a
new paradigm that provides a computationally efficient
framework for spectrogram estimation, time-domain signal
extraction and statistical inference for non-stationary time-
series, and offers a number of advantages, as described
below.

[0215] First, the SS-MT approach described significantly
reduces background noise. This may be appreciated by
comparing the simulated example in FIGS. 5D (MT) and 2F
(SS-MT) and the real EEG example in FIGS. 6D (MT) and
6F (SS-MT). There is a 10-15 dB decrease in background
noise. This difference is substantial.

[0216] Second, the SS-MT approach described has
enhanced spectral resolution beyond that which is achiev-
able by MT alone. The key idea here is that MT is optimal
in enhancing resolution for a fixed interval. SS-MT takes
that estimate and improves upon it by reducing the leakage
either further by using the information from the previous
estimate. For example, in the MT estimate in FIG. 5D, there
is substantial leakage of power from 16 Hz to 17 Hz. This
does not happen in the SS-MT estimate in FIG. 5F because
the Kalman filter estimate of the spectrum at 17 Hz uses
more information from the previous estimate than it does
from the new estimate, and as a consequence, the leakage
that would come if the new estimate alone were used is
reduced.

[0217] Third, the spectral components are more easily
identified because of the substantial denoising and enhanced
resolution (FIG. 5). This is key for anesthetic state moni-
toring and control. Also, time-domain signals can be
extracted in any frequency band with SS-MT (FIG. 6). This
is not possible at all with traditional MT. In particular,
traditional MT estimates only the spectrum on an interval.
SS-MT estimates the complex-valued Gaussian increments
that make up the spectrum on an interval. In fact, one can
reconstruct any signal within any frequency band desired
from the data: high-pass, band pass. low pass or arbitrary
combinations of any desired frequencies. To do this, cur-
rently the standard practice uses a filtering technique com-
bined with a Hilbert-Huang transform. That is, another
technique must be utilized. By contrast, filtering comes
straight out of the present method. The filtering and Hilbert-
Huang transform cannot select an arbitrary set of frequen-
cies. SS-MT can compute in addition, both instantaneous
phase and amplitude information at all times (Eq. 14). To do
this currently the standard practice is to use a filtering
technique. These types of signal extractions call be per-
formed with the SS-MT algorithm and are key for monitor-
ing and control of anesthetic state.

[0218] Fourth, the SS-MT approach described has is
highly efficient. For any taper the computation is a J-dimen-
sional Kalman filter where J could be 500, such as in the real
data examples in the paper. Herein, this computation is
carried out not with a J-dimensional Kalman filter, but rather
with J one-dimensional, independent Kalman filters run in
parallel. This is because the geometry of the problem is
exploited and carried out in all of the computations in the
frequency domain where the increments differences at dif-
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ferent frequencies are (independent) orthogonal. The com-
putations are substantially fast, making real-time implemen-
tation very straight forward.

[0219] Finally, the present SS-MT framework allows for-
mal statistical comparisons between arbitrary points in the
data. This is not possible for current spectral methods
because estimates on different data segments are assumed to
be unrelated. This is an important advance for comparing the
properties of the spectrogram (anesthetic state) at one point
with the spectrogram (anesthetic state) at another and being
able to say precisely how much the spectrograms (anesthetic
states) differ.

[0220] It is important to appreciate that the state-space
analysis alone (modeling the relationship between the inter-
vals) would not give the improvements described herein.
This may be appreciated by comparing FIG. 5E (State-space
alone) with FIG. 5F (SS-MT). Averaging across eigenspec-
trograms produces denoising that the state-space alone can-
not give. The variance of the noise decreases by 1 over the
number of tapers due to eigenspectogram averaging. Hence,
the combination of SS and MT represents an important, and
non-obvious step that provides the present SS-MT approach
its unique advantages. In other words, for the first time,
spectrogram estimation, along with spectral characteriza-
tion, has been explicitly achieved across entire time-series
data sets. By contrast, up to now, all investigations using
traditional MT methods have only considered spectrum
estimation within an interval.

[0221] The presently described SS-MT paradigm facili-
tates several new lines of investigation. The state variances
are the key algorithm parameters because a different state
variance independently controls stochastic continuity at
each frequency. Alternatives to EM estimates such as the
method-of-moments and adaptive estimates should be stud-
ied. Adaptive parameters estimation is important when
power at a frequency abruptly changes by several decibels.
Subject matter constraints may be used to reduce the number
of parameters. In the real data examples, state variance
estimation was limited to frequencies below 30 Hz based on
knowledge of the frequency range relevant to tracking
anesthetic states. The SS-MT paradigm may be extended by
using higher-order state models and/or observation noise
models. Finally, the SS-MT theoretical framework may
connect more closely with non-stationary time-seties and
multitaper spectral estimation theory.

[0222] There are several important commercial applica-
tions that are envisioned including monitoring reliably and
accurately the brain states of patients receiving general
anesthesia and sedation. In particular, the SS-MT approach
described would allow build a far more principled approach
to anesthetic state monitoring and control systems than use
traditional MT. SS-MT is a substantial non-obvious techno-
logical advance that helps both scientific understand and
product design. It will give a clearer picture of the individual
anesthetic signatures and the anesthetics signatures for
patients as a function age. All of this greatly facilitates
clearer, cleaner monitoring and anesthetic state control
design strategies.

[0223] The present invention has been described in terms
of one or more preferred embodiments, and it should be
appreciated that many equivalents, alternatives, variations,
and modifications, aside from those expressly stated, are
possible and within the scope of the invention.
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1. A system for analyzing electrophysiological signals
acquired from a subject, the system comprising:

an input configured to receive electrophysiological sig-

nals acquired from a subject; and

at least one processor, in communication with the input,

configured to:

assemble a set of time-series data using the electro-
physiological signals received by the input;

analyze the set of time-series data using a state-space
multi-taper framework to generate spectral informa-
tion describing the electrophysiological signals;

determine a brain state of the subject using the spectral
information;

generate a report indicative of the brain state deter-
mined; and

an output configured to provide the report.

2. The system of claim I, wherein the system further
comprises a sensor assembly in communication with the
input that is configured to acquire the electrophysiological
signals.

3. The system of claim 2, wherein the sensor assembly is
configured to acquire at least one of electroencephalogram
(“EEG”) signals, electromyography (“EMG”) signals, elec-
trocorticography (“ECoG”) signals, local field potentials
(“UP”) signals, electrocardiography (“ECG”) signals, elec-
trooculography (“EOG”) signals, galvanic skin response
(“GSR”) signals, oxygen saturation (“SAQO,”) signals, and
ocular microtremor (“OMT”) signals.

4. The system of claim 1, wherein the at least one
processor is further configured to generate a time-frequency
representation using the spectral information.

5. The system of claim 1, wherein the at least one
processor is further configured to generate at least one
spectrogram.

6. The system of claim 1, wherein the at least one
processor is further configured to apply a Kalman filter in
analyzing the set of time-series data.

7. The system of claim 1, wherein the at least one
processor is further configured to apply an expectation
maximization (“EM”) algorithm in analyzing the set of
time-series data.

8. The system of claim 1, wherein the at least one
processor is further configured to determine a depth of
anesthesia, a level of sedation, or a change thereof, using the
spectral information.

9. The system of claim 1, wherein the at least one
processor is further configured to determine a sleep state of
the subject using the spectral information.

10. The system of claim 1, wherein the at least one
processor is further configured identify and provide, based
on the brain state determined, feedback for controlling the
subject to reach a predetermined brain state.

11. A method for analyzing electrophysiological signals
acquired from a subject, the method comprising:

receiving electrophysiological signals acquired from a

subject using one or more sensors;

assembling a set of time-series data using the acquired

electrophysiological signals;
analyzing the set of time-series data using a state-space
multi-taper framework to generate spectral information
describing the electrophysiological signals;

determining a brain state of the subject using the spectral
information; and
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generating a report indicative of the determined brain

state.

12. The method of claim 11, wherein the method further
comprises acquiring at least one of electroencephalogram
(“EEG”) signals, electromyography (“EMG”) signals, elec-
trocorticography (“ECoG™) signals, local field potentials
(“UP”) signals, electrocardiography (“ECG”) signals, elec-
trooculography (“EOG”) signals, galvanic skin response
(“GSR”) signals, oxygen saturation (“S AQ,”) signals, and
ocular microtremor (“OMT”) signals.

13. The method of claim 11, wherein the method further
comprises generating a time-frequency representation using
the determined spectral information.

14. The method of claim 11, wherein the method further
comprises generating at least one spectrogram.

15. The method of claim 11, wherein the method further
comprises applying a Kalman filter in analyzing the set of
time-series data.
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16. The method of claim 11, wherein the method further
comprises applying an expectation maximization (“EM”)
algorithm in analyzing the set of time-series data.

17. The method of claim 11, wherein the method further
comprises determining a depth of anesthesia, a level of
sedation, or a change thereof.

18. The method of claim 11, wherein the method further
comprises determining a sleep state of the subject using the
spectral information.

19. The method of claim 11, wherein le method further
comprises controlling the subject based on the determined
brain state.

20. The method of claim 11, wherein the method further
comprises identifying and providing, based on the brain
state determined, feedback for controlling the subject to
reach a predetermined brain state.
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