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(57) ABSTRACT

Systems and methods for tracking EEG data and providing
enhanced seizure detection and prediction are disclosed. The
systems and methods use input sensors for receiving and
collecting data from a plurality of EEG channels in asso-
ciation with a subject and processing said data to calculate
and average Lyapunov exponents for a composite EEG data
set. The systems and methods convert the average Lyapunov
exponents into graphical representations that are displayed
against a time axis. The graphical output adjusts in real-time
according to the input data obtained from EEG channels.
The systems and methods utilize pattern recognition to
output alarms based upon input data and recommend diag-
noses related to seizures.
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RELIABLE SEIZURE DETECTION WITH A
PARALLELIZABLE, MULTT-TRAJECTORY
ESTIMATE OF LYAPUNOV EXPONENTS

CROSS-REFERENCE TO RELATED
APPLICATION

[0001] This application claims priority to U.S. Provisional
Patent Application 62/376,330 entitled “RELIABLE SEI-
ZURE DETECTION WITH A PARALLELIZABLE,
MULTI-TRAJECTORY ESTIMATE OF LYAPUNOV
EXPONENTS” and filed on Aug. 17, 2016.

FIELD OF THE INVENTION

[0002] This disclosure relates to systems, methods, and
devices that utilize data associated with an individual or
subject’s EEG recordings to track and detect seizures.

STATEMENT REGARDING FEDERALLY
SPONSORED RESEARCH

[0003] This invention was made with government support
under ECCS-1102390 awarded by the National Science
Foundation. The government has certain rights in the inven-
tion.

BACKGROUND OF THE INVENTION

[0004] Epilepsy is a neurological disorder characterized
by seizures, which are recurrent perturbations of normal
brain function. It is the third most common neurological
disorder after stroke and Alzheimer’s disease, and affects at
least 65 million people world-wide with an incidence rate of
200,000 people per year. Of the 2.2 million troops returning
from Iraq and Afghanistan, 100,000 are estimated to develop
post-traumatic epilepsy (PTE). The Center for Disease Con-
trol estimates 5.1 million adults and children combined in
the US have been diagnosed with epilepsy as of 2016
(1.6%). The total indirect and direct cost of epilepsy in the
United States is estimated to be $15.5 billion annually. This
estimate is based on a reported cost of $12.5 billion in 1995
converted to 2004 dollar value using Bureau of Labor
Statistics data. Approximately 60% of new onset epilepsy
cases respond to existing antiepileptic drugs (AEDs) but
40% are pharmaco-resistant, having seizures that cannot be
fully controlled with available medical therapy or without
unacceptable side effects. Thus, there are at least 25 million
people world-wide for whom the development of more
effective epilepsy treatment paradigms would be greatly
beneficial.

[0005] One challenge in the field of epilepsy management
is the process of detecting seizures. Electroencephalograms
(EEGs) detect the brain’s electrical activity, and have tra-
ditionally been used in the detection and classification of
seizures in epilepsy patients. The flowing currents, or
impulses, sent between activated brain cells are captured by
EEG machines over a period of hours or days and docu-
mented in a variety of formats. When using EEG data for the
detection and classification of epileptic seizures, the estab-
lished practice has been to admit patients into long-term
epilepsy monitoring units. During this time, epileptologists
and trained technicians review EEG recordings over the
course of many hours or days. By manually reviewing the
patterns of activity in an EEG recording across many hours,
or even days, epileptologists mark time points where a
seizure is thought to have occurred.
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[0006] As computational capability has increased, new
signal processing methodologies have been developed in an
attempt to analyze EEG data for the purpose of seizure
detection. However, electrical noise and neuro-muscular
artifacts introduced during the recording of EEGs can con-
taminate the true signal. This frequently has a negative
influence in EEG signal processing, resulting in a decrease
in the accuracy of seizure detection and classification, such
as not detecting a seizure or indicating a false positive, and
detection rate of seizure events widely inconsistent across
different methods.

[0007] Inconsistencies in detection reporting also compli-
cate the ability of successful real-time signal analysis,
requiring a patient to sit for long periods, often without
movement to avoid introducing artifacts, in order to suc-
cessfully detect seizure events.

[0008] While numerous seizure detection methods exist,
none are believed to show the detection of seizures with
100% sensitivity and 100% specificity. Other methods of
seizure detection that do not involve neural measurements
have been proposed, though they often have severe defi-
ciencies.

[0009] One such method implemented uses patient move-
ment data collected by accelerometers during a seizure
event; however, this method is ineffective since not all
seizures manifest themselves clinically in outward behav-
ioral changes. The consequences of poor seizure detection
methods include a reduction in quality of life for the patient,
longer hospital stays resulting in increased costs, other
health complications, or mortality.

SUMMARY OF THE INVENTION

[0010] A system for detecting a seizure associated with a
subject comprises a cap with a plurality of electroencepha-
logram electrodes that can be connected to a subject. An
electroencephalogram machine is connected to the cap that
records electroencephalogram data and a display device. A
computer system in communication with the electroen-
cephalogram recording machine is configured to receive
electroencephalogram data. The system generates a set of
Kantz algorithm parameters and process the electroencepha-
logram data associated with a subject. The set of Kantz
algorithm parameters identify a series of Lyapunov expo-
nents. The system determines the electroencephalogram data
is associated with an epileptic seizure based upon the series
of Lyapunov exponents. The system may cause the display
device to display a representation of the series of Lyapunov
exponents.

[0011] A computer-implemented method detects a seizure
associated with a subject. The method is executed by one or
more computer systems and comprises receiving electroen-
cephalogram data associated with a subject, generating a set
of Kantz algorithm parameters, and processing the electro-
encephalogram data associated with a subject. The set of
Kantz algorithm parameters is used to identify a series of
Lyapunov exponents. The method includes determining the
electroencephalogram data is associated with an epileptic
seizure based upon the series of Lyapunov exponents.
[0012] A computer-implemented method detects a seizure
associated with a subject. The method is executed by one or
more computer systems and comprises receiving electroen-
cephalogram data derived from a subject who has been
administered an electroencephalogram exam by way of
electroencephalogram input devices attached to the subject.
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The method identifies an optimal set of Kantz algorithm
parameters by iteratively evaluating possible values for each
parameter using historical EEG data. The method processes
the electroencephalogram data associated with a subject
using the set of Kantz algorithm parameters to identify a
series of Lyapunov exponents. The Lyapunov exponents are
identified by plotting a log distance versus evolution time of
the electroencephalogram data and determining a gradient of
the plot of log distance versus evolution time. The method
determines the electroencephalogram data is associated with
an epileptic seizure based upon the series of Lyapunov
exponents.

BRIEF DESCRIPTION OF THE DRAWINGS

[0013] FIG. 1 is a diagram of a single evolution of a
perturbed fiducial trajectory in time At.

[0014] FIG. 2A depicts a data trace showing time on the
horizontal axis vs log distance curves on the vertical axis of
data depicting a Lorenz attractor sampled at 100 Hz pro-
cessed using a Rosenstein algorithm.

[0015] FIG. 2B depicts a data trace showing time on the
horizontal axis vs log distance curves on the vertical axis of
data depicting a Lorenz attractor sampled at 100 Hz pro-
cessed using a Kantz algorithm.

[0016] FIG. 3 depicts an environment in which the present
system may be implemented including an EEG machine
coupled to input sensor electrodes located in an EEG cap for
subject monitoring in which the EEG machine is also
connected to a computer system for output display of
graphical representations of data obtained via the EEG cap.
[0017] FIG. 4 is a flow chart depicting an example method
for detecting a seizure event in accordance with the present
disclosure.

[0018] FIG. 5 shows a number of data traces depicting
comparisons of [ __ values computed from data analyzed
using Kantz, Rosenstein, and Wolf methods.

[0019] FIG. 6 shows a data trace depicting L. values
computed using an optimized Kantz algorithm on EEG data
of a subject.

[0020] FIG. 7 shows a data trace depicting L, values
computed using an optimized Kantz algorithm on FEG data
of a subject.

[0021] FIG. 8 shows a receiver-operator-characteristic
(ROC) curve for a subject.

[0022] FIG. 9 shows how the detection threshold affects
the ROC curve.

[0023] FIG. 10 shows a comparison of ROC curves for
three detection methods.

DETAILED DESCRIPTION OF THE
INVENTION

[0024] The following claims are not meant to be limited to
the particular embodiments and examples herein. The dis-
closed invention will be described by referencing the
included figures illustrating preferred embodiments.

[0025] Intypical EEG machines, signals are collected with
electroencephalogram electrodes placed along the scalp, the
number of which can vary. These electrodes measure voltage
fluctuations of the neural tissue of the brain, comprising
billions of individual neurons. Communication between
neurons is facilitated through the exchange of ions through
the cell membranes and the generation of action potentials,
where a sudden release of ions can cause measurable
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changes in the electric potential between the inside of a
neuron and the surrounding interstial space.

[0026] Rapid changes in electrical potential can propagate
throughout the brain, interacting with other changes induced
by ion movement in other cells. The brain can thus be
thought of as a dynamic non-linear system of interacting ion
currents and electric potentials without a steady state. The
broad range of complex cognitive and neural processes that
underlie everyday human activity creates difficulties in
characterizing the non-linear dynamics for identifying func-
tionally related features and system attractors. It has been
shown that EEG data recorded in humans and animals are
not just random stochastic signals as they were thought of in
the past, rather they can be described as electrical activity
generated by a chaotic oscillator that is a fundamental part
of the brain’s operating mechanism.

[0027] The chaoticity of a nonlinear oscillator, such as that
characterized by captured EEG data, can be quantified by
means of the oscillator's maximum Lyapunov exponent
(L,.)- Once calculated, the Lyapunov exponents, which
may be used to characterize rates of separation in the EEG
data, may be utilized, as described herein, by an EEG
machine to more efficiently and accurately detect seizure
events within an individual being monitored.

[0028] In the absence of state equations that describe a
dynamical model of the brain, computing the Lyapunov
exponent means relying on an established embedding theo-
rem which allows a single observed variable to be expanded
into a higher dimensional state-space. The Lyapunov expo-
nent can then be computed as a mean logarithmic deviation
of the trajectories in the higher dimensional space over time.
[0029] A first step in computing the Lyapunov exponent is
to create a delayed vector of observed values from a time
series. It has been shown that this delayed signal contains all
the state variables of the system being observed. In the case
of EEG data, this method can be used to reconstruct the
multidimensional state space of the brain’s electrical activity
from each EEG channel. For example, if x(t) is a 1xn
dimensional vector of duration T recorded from an EEG
channel sampled every T, seconds, then X,(t) is the p
dimension of embedded signal within x(t) such that

D=z, ¥(e0), - ., K(eHp-1) )]

[0030] where, T is the delay between successive compo-
nents of X,(t) and it rarely, if ever, is the same as T,. If a
phase space plot of the pxn dimensional vector X (t) were to
be created, then it would look like that of a strange chaotic
attractor.

[0031] An attractor is defined as chaotic if the largest of all
its Lyapunov exponents (L,,,.) is positive. The complexity
of this attractor is measured by its dimension D, a quanti-
tative characterization of complex geometrical phase-space
of a system. It has been shown that for a sinusoidal attractor
the value of D=1, and for that of a chaotic attractor such as
those found in EEGs of epileptic patients, D is typically
found to be between 2.5-2.7. A description of how D can be
estimated from time series data via its state space correlation
dimension v has been recorded. The measure of chaoticity of
these attractors can be defined via either their Kolmogorov
Entropy or their Lyapunov exponents.

[0032] The method for choosing p, the embedding dimen-
sion of the state space of the signal x(t), may be p=(2*D+1).
Although the dimension of an attractor can be fractal, that of
the embedded signal p, cannot. The brain is a non-stationary
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system and as such may not reach steady state; so its value
for D is never constant. This is why, in some embodiments,
a time window of T=10 seconds (or other values, such as 7
seconds or 12 seconds, or durations lasting less than 30
seconds) may be chosen so as to better satisfy the assump-
tion of stationarity for the signal. An example value of p=7
may not be changed for signal analysis in the epoch before,
during, or after (pre-ictal, inter-ictal. and post-ictal stages,
respectively) a seizure is suspected. The justification is that
the existence of irrelevant information in dimensions higher
than 7 might not greatly influence the estimated dynamical
measure. Furthermore, reconstruction of the state space with
high p suffers more from the short length of moving win-
dows that are used to handle non-stationary data.

[0033] L, may be estimated from stationary data using
a Wolf algorithm that has been modified to compute the
average short-term maximum Lyapuonv exponent (STL,,,..)
for non-stationary EEG data on short time windows. STL,,
can be calculated using the Wolf algorithm as follows:

Na _
STL, 1 ) [6X; j(An)]
o= —— ) log—
Namz & 16X 00

i=1

[0034]  where X, (0)=X(1,)-X(t,) is the displacement vec-
tor at time t,, i.e., a perturbation of the fiducial orbit at t,, and
OX, (0)=X(t,+At)-X(t+At) is the evolution of this perturba-
tion after time At. This is illustrated in FIG. 1. At 109
(represented along a horizontal axis of FIG. 1) is the
evolution time for X(t,) 101 and X(t,) 103 i.e. the time over
which measured values evolve in the state space to X(t,+At)
105 and X(i+At) 107. FIG. 1 therefore depicts a single
evolution of perturbed fiducial trajectory in time wherein the
final fiducial trajectory is associated with time t,.

[0035] When the evolution time At is given in seconds,
STL,, .., has units in bits/second. N, is the number of local
Lyapunov exponents that are estimated within a duration
time T of a data segment. This gives the following relation
between T, the length of a segment of data, and At the evolve
time:

T=(N-1)A=N, At(p- 1)t

[0036] Other methods may be utilized to estimate the
Lyapunov exponent. Wolf’s algorithm, for example, in the
reselection process after every evolution time At, selects a
new candidate for the nearest neighbor to the fiducial
trajectory. This process can, in some circumstances, lend
itself to increased error in the presence of even the slightest
amount of noise in the data, rendering the Wolf method less
effective in cases with highly noisy data such as EEG data.
One relatively new method for calculating Lyapunov expo-
nents, the Rosenstein algorithm, is based upon the selection
of an initial fiducial trajectory after the application of a prior
embedding theorem. To reconstruct the state-space in higher
dimensions, the average divergence between two points in
the fiducial and its nearest neighbor trajectory d(t), at time
t, is computed using the following equation, where C is a
constant that normalizes the initial separation:

d(t=Cetm
[0037] In order to compute L, numerically, trajectories

are allowed to evolve over the finite data set and a plot oflog
distance versus evolution time is generated. Then, the gra-

Jul. 11,2019

dient of the initial part of the plotted log distance curve is
L, for one trajectory pair. In this way for the rest of the
data set, the process is repeated by moving forward one step
at a time in the phase-space and computing an estimate for
L,..- The average of all such L, . values is the final result
from the Rosenstein algorithm.

[0038] Another method for calculating Lyapunov expo-
nents involves the Kantz algorithm. The Kantz algorithm
also starts from computing the expanded phase-space tra-
jectory. However, unlike the Rosenstein algorithm described
above, instead of selecting a single nearest neighbor to track,
the Kantz algorithm chooses a radius around the fiducial and
computes the average of how all the trajectories within the
radius separates from the fiducial. The log distance versus
evolve time is plotted and like the Rosenstein algorithm, the
gradient at the beginning of the plot is the value for L, .
This uses an exponentially greater number of trajectories
and thus is more robust to perturbations in the signal, though
inefficient implementations of the algorithm will make it too
slow for any practical use in analyzing EEG data. It may be
noted that in some embodiments the first few points in the
evolution may be discarded if the maximal Lyapunov expo-
nent at that time has not overtaken the other stable Lyapunov
exponents.

[0039] These approaches, though each demonstrating dif-
ferent benefits and disadvantages can each be utilized to
calculate Lyapunov exponents in complex data sets, such as
those gathered when collected EEG data of a subject. To
illustrate, FIGS. 2A and 2B show how these two methods are
employed in computing L, .. for an example Lorenz attrac-
tor data set. In both FIGS. 2A and 2B the algorithms are
applied to data sampled at 100 hz. FIG. 2A depicts appli-
cation of the Rosenstein algorithm and FIG. 2B depicts the
Kantz algorithm being applied to the same data set. The log
distance curve in both cases was allowed to evolve for 500
samples. The straight line depicted in each of FIGS, 2A and
2B has a gradient that is the estimate of L, . The Kantz
algorithm (FIG. 2B) correctly estimates the value for L, at
1.487. The table below summarizes the values computed by
all three methods for the Lorentz attractor using the same
data.

Method Value Error %
Kantz 1487 0.867
Rosenstein 1.387 7.53
Wolf 1.3318 11.21
Theoretical 1.50 N/A

[0040] The Kantz algorithm can be implemented in this
invention for improved detection of seizure activity and
subsequent seizure classification using EEG recordings, as
described herein.

[0041] FIG. 3 depicts an example embodiment a system
configured in accordance with the present disclosure to
detect seizure events in an individual. In this example
embodiment, an EEG cap 301 is placed on the scalp of a
patient. One skilled in the arts will recognize that typically
the number of electrodes that record data may vary depend-
ing on the specific configuration of the EEG cap, and the
invention described herein is not limited by, or contingent
upon a specific number of electrodes.

[0042] The EEG electrodes of EEG cap 301 may be placed
on the scalp in locations at the discretion of the physician or
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EEG specialist such that they are able to record the electric
potential fluctuations in the brain as a continuous analog
signal from each electrode channel.

[0043] Neural data from each electrode channel (e.g., each
sensor or electrode of EEG cap 301) is transmitted through
electrode wires 306 to EEG machine 302 where the data is
recorded as a data stream for each channel and stored in a
memory array. The EEG machine may be any clinical unit
or other device with sufficient processing power and a means
to record electrical potential. In some embodiments the
continuous analog signal from each electrode channel may
be recorded and transmitted as individual temporal data
segments; for example, the full duration of a recording
session may be recorded and transmitted in 10 second
epochs, though other epoch lengths may be used as well. In
some embodiments, external sensors 311 connected to the
electrode wires may separate the data epoch transmissions
by a finite amount of time, for example, 2 seconds, in order
to record a non-continuous set of EEG data epochs. EEG
machine 302 may include a controller 310 configured con-
trol the temporal parameters of data collection from EEG
cap 301, such as the length of data epochs and the sensors
311 controlling time between epochs.

[0044] In some embodiments, the EEG machine 302 may
be connected to a computer system 3035 or other processor
configured to process the recorded signal data. Computer
system 305 can combine individual data epochs from a
plurality of EEG electrode channels to generate a composite
data set for EEG data for a given window in time.

[0045] In various embodiments, computer system 305
may utilize an operational data processing pathway config-
ured to calculate the individual Lyapunov exponents for
each composite EEG data set using an optimized Kantz
algorithm, as described above.

[0046] In some embodiments, to facilitate data processing
a controller in the computer system 305 may increase the
signal-to-noise ratio of the [, ,, data set to some degree by
averaging the individual Lyapunov exponents for a compos-
ite data set. In some embodiments, there may be additional
data processing such as filtering. For example, a Butterworth
linear filter of sufficiently high order may be used to reduce
noise without distorting the data itself. Other similar linear
or nonlinear measures may also be implemented. In some
embodiments, the computer system 305 may be configured
to display the averaged Lyapunov exponents calculated over
a time window on an EEG display screen 303 in real-time.
This may enable real-time monitoring of the EEG neural
activity by a physician or other specialist for seizure related
activity.

[0047] In still other cases, computer system 305 may be
configured to use pattern recognition to assist in epileptic
seizure detection. In some embodiments this may include
autonomous, semi-autonomous, or passive assistance. A
database 307 of EEG data patterns that correspond to
pre-ictal, inter-ictal, or post-ictal seizure events may be
stored in computer system 305 or other memory array 304.
The computer system 305 may be configured to compare
EEG activity pattern profiles stored in the database in to the
real-time EEG data streams to detect an epileptic seizure in
the ongoing composite EEG data stream.

[0048] In some embodiments, the computer system 305
may use the Kantz algorithm to allow for better estimation
of the Lyapunov exponent and provide more accurate and
time-efficient detection of seizure events. The Kantz algo-
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rithm has many more tunable parameters than prior existing
methods, providing a better method of detection. Extensive
research has produced an optimization scheme for Kantz
algorithm parameter values to show the maximum separa-
tion between the L, values for this method. Typically, a
computer or other machine with sufficient computational
power may analyze EEG data recorded from a subject to
optimize the parameter selection that provides maximum
detection capability. A plurality of Kantz algorithm param-
eters are systematically tested for optimization. Using an
EEG data set known to contain seizure activity, one param-
eter is systematically tested with a range of values while
other parameter values are kept static. Each parameter in the
algorithm is then tested until an optimum Lyapunov profile
for the known seizure data is achieved. For example, a
typical parameter search may entail computing Lyapunov
profiles with 1000 or more different permutations of param-
eter values until an optimal parameter set is found that shows
the clear changes in preictal, ictal, and postictal L, values
typical of a seizure. In some embodiments, parameter sets
may be used for multiple subjects or seizure types. In other
embodiments, the parameters may be retuned for more
accurate seizure detection.

[0049] Typically, the use of 100 or 1000 times more
information in the Kantz algorithm could lead to processing
becoming computationally expensive. However, with a
proper selection of parameters and efficient utilization of
computer system 305 as described herein, the computations
can be performed in real-time.

[0050] The use of the optimized Kantz algorithm offers
distinct advantages over the use of existing detection para-
digms. The Lyapunov profile in an epileptic patient shows a
very distinct pattern during seizure that becomes apparent
over time utilizing the system and methods as described
herein. This pattern may not be discernible, and at times
absent, while using existing methods. The presence of a
distinct Lyapunov profile pattern during seizure enables the
computer system 305 or other processing component to
implement a pattern recognition protocol. This pattern rec-
ognition protocol uses a threshold to detect a seizure by
using an average of the L values from all channels of
BEG for each data epoch. In other embodiments, pattern
recognition may be accomplished by analyzing features
using artificial neural network computing systems.

[0051] Thus seizure detection may be fully automated in
some embodiments, removing the possibility of human error
and reducing the need for extended time periods of data
collection. In the past it had been standard for EEG data to
be recorded and manually monitored for hours or days to
detect the occurrence of a seizure. The present system and
method provide a means to more efficiently and accurately

detect seizure activity patterns than conventional
approaches.
[0052] In some cases, it may be important for physicians

or other specialists to conduct a post-hoc review of the
recorded EEG data. Accordingly, some embodiments of the
present system may enable offline computation and analysis
of the Lyapunov exponents of EEG data. In that case, EEG
cap 301 may transmit data to EEG machine 302 during
real-time recording. EEG machine 302 may collect, for
example, 10 second epochs (though epochs may have other
durations such as 8 or 12 seconds) of EEG data from a
subject via a plurality of electrode channels in EEG cap 301.
For typical human subjects, EEG data may be recorded on
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16-128 EEG channels. In general, a higher number of
channels may have greater spatial specificity of the location
of seizure activity within the brain. In some embodiments, a
greater number of channels may improve the ability to
reduce noise in the signal and improve the clarity of the T, .
values. Epochs of neural data from each EEG channel may
be transmitted by the EEG machine 302 to a memory array
on computer system 305 or another component with suitable
data storage capabilities. The systems and methods of sei-
zures detection may then be used for analysis of the data at
a later time. In this example, the optimized Kantz algorithm
may be applied to each previously recorded 10 second epoch
of data across all electrode channels for a specific window
of time. This process may be repeated for all recorded data
by moving the analysis window forward in time by a certain
amount of time, e.g.: 2 seconds, until a computationof L,
for the entire EEG data set is completed. Seizure related
events may then be detected and classified post-hoc.
[0053] FIG. 4 is an example flow chart describing the steps
of detecting a seizure using the methods described herein.
The method depicted in FIG. 4, for example, may be
implemented by the system depicted in FIG. 3 and, specifi-
cally, steps of the method may be performed by EEG
machine 302 and computer system 305.

[0054] In step 401 EEG data is recorded from neural
activity as an analog signal, using, for example, the EEG cap
301 as depicted in the FIG. 3. In step 402 of the method, an
EEG machine (e.g., EEG machine 302) samples the data at
a specified rate and interval to create data epochs, each
epoch consisting of an EEG signal for each channel recorded
over discrete time periods separated by a discrete length of
time. The sampled data from an EEG machine is then
transferred to a computer, processor, or memory array, as
illustrated in step 403, where it can be further processed.
[0055] Using the parameter optimization scheme
described, in step 404 the optimal parameters of the Kantz
algorithm are computed for each channel of EEG data. In
step 405, with the algorithm parameters optimized, the
optimized Kantz algorithm is used to compute the Lyapunov
exponents for each data epoch, creating measure of the
chaoticity of the EEG activity for different electrodes at each
data epoch. As described above, in some embodiments, this
may involve plotting a log distance versus evolution time of
the captured EEG data and determining a gradient of the plot
of log distance versus evolution time.

[0056] In some embodiments, in optional step 406 the
computer or processor may display the Lyapunov exponents
on a display device, providing healthcare or research pro-
fessionals with visual feedback of the chaoticity of ongoing
neural activity.

[0057] In step 407, the computer compares the Lyapunov
exponents of the ongoing activity to known patterns of
seizure activity using a pattern recognition paradigm. This
may involve, for example, the computer retrieving from a
database, a plurality of historical Lyapunov exponents asso-
ciated with seizure activity.

[0058] 1In step 408 a seizure may be detected when the
Lyapunov exponents profiles of the ongoing EEG activity
matches the profile of historical Lyapunov exponents asso-
ciated with known seizure activity.

[0059] FIG. 5 shows a number of traces depicted the
comparison of L, computed from the system and method
described herein 501, as well as two existing methods 503
and 505. In this example, a seizure starts at the 80th time
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point represented by line 507. For the L, values of 501, the
seizure can be clearly seen by the slight drop 508 and
subsequent sharp increase 509 in magnitude of the L, plot.
The Rosen method of 503, by comparison, is noticeably
noisier and provides less robust detection. The Wolf method
of 505 has very low magnitude values and an ambiguous
response around the seizure event at the 80th time point 507.
In some cases, the Wolf and Rosenstein algorithms may
show a drop in the Lyapunov exponent values, but this is not
consistent from seizure to seizure and thus will produce false
negatives. In addition to real-time implementation capabili-
ties, using the Kantz algorithm 501 with specific tuning
parameters for system components provides the best pos-
sible feature for detection.

- values on

[0060] FIG. 6 is a graph 601 showing the L,

the y-axis and time on the x-axis. Compared to the Kantz
graph 501 of FIG. 5, graph 601 is on a much smaller
timescale, and therefore has greater temporal resolution
which more clearly shows how L, values change around
a seizure event. Here, graph 601 shows the L, values that
were computed by the optimized Kantz algorithm from EEG
data recorded in an animal subject around the time of a
seizure. As illustrated in FIG. 6, a seizure starts at approxi-
mately 16:52:52 as indicated by vertical line 603. As can be
seen, the magnitude of the Lyapunov exponents abruptly
drops below the mean value in the time period 605 occurring
just before the seizure. When the seizure occurs at time 603,
the Lyapunov exponents rise to peak 607 much higher value
than its mean value, before eventually dropping back to the
level before the seizure started during time period 609. To
detect a seizure, the Lyapunov exponents profile of rising
and falling L, . values during ongoing EEG activity
depicted in FIG. 6 may be matched to a profile of historical
Lyapunov exponents associated with known seizure activity.
Looking at FIG. 6, the Lyapunov exponents profile is
comprised of the [, values a few moments before and
after the seizure occurred, indicated by line 603. When the
pattern of [, values matches a similar pattern in a his-
torical database, a seizure is detected. In some embodiments
a threshold based detection method may be used. In this
method, the criteria for seizure detection is the rate at which
the L, values change as they decrease from the mean value
to a lower value 605 and increase to peak 607 before
returning to the mean value as in 609. Each threshold can be
adjusted from subject to subject to improved detection
according to receiver-operator characteristics, explained fur-
ther below. Typically threshold values allow the changes in
values to be detected before, during, and after a seizure.

[0061] FIG. 7 shows the same method on human data,
with a seizure being detected by the increase in Lyapunov
exponents depicted at point 701.

[0062] In all seizures studied, including thousands of
hours of EEG recorded from multiple different animals and
a human patient, the activity pattern (such as the patterns
depicted in FIGS. 6 and 7) is distinctly visible and detectable
by the optimized parameter system and method described
here. In some embodiments, the detection process may be
automated using a thresholding algorithm based on an
average of the L, - computed for EEG neural data recorded
and transmitted from all electrode channels used to record a
subject. The threshold for detection may be manipulated to
achieve 100% sensitivity and 100% specificity. Referring to
FIG. 3, in one embodiment, a controller on the computer
system 305 may be used to change the setting of the
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threshold, though in alternative embodiments this controller
may be included in EEG machine 302 or EEG machine
controller 310 or other suitable device. The threshold may be
manipulated to compensate for such things as high noise
levels in the signal or movement-related artifacts. For one
example, there may be EEG recordings from an animal
where the signal contains too much noise. In this example,
the threshold can be manipulated to allow the sensitivity and
specificity levels drop to compensate for the poor signal
quality. FIG. 8 illustrates these results through the use of
Receiver-Operator-Characteristics (ROC) curves. The true
positive rate (TPR) is plotted on the y-axis, and the false
positive rate (FPR) is plotted on the x-axis. In this example,
the area under the curve (AUC) is 1.00, implying 100%
sensitivity and specificity. FIG. 9 illustrates the relationship
between the threshold and ROC curves. The figure shows
how the (TPR) and (FPR) varies as the threshold is changed.
As can be seen in the figure, there is an optimized value for
the threshold where FPR=0.00 and TPR=1.00. When fully
optimized in any classification algorithm, the algorithm will
have 100% sensitivity and 100% specificity. However, the
presence of noise and artifacts in the data can cause the area
under the curve be less than 1.00 despite optimizing thresh-
old value. Detection paradigms used in prior art, specifically
the Rosenstein and Wolf algorithms, will always yield a
worse AUC than the Kantz algorithm. For example, FIG. 10
is a figure illustrating the AUC for three different detection
algorithms for a noisy EEG data set. Here the ROC curve
and their AUC are presented for the Kantz, Rosenstein, and
Wolf detection methods.

[0063] InFIG. 10 the TPR/FPR vs Threshold curve for the
all three methods on the same noisy EEG data set. As can be
seen all algorithms can have TPR=1.00 for certain thresh-
olds, but the Kantz has lower FPR than the others at all
points, demonstrating that the modified algorithm described
herein performs better than other existing ones in identifying
seizures. The automated detection algorithm can compare
pattern profiles of known seizure events stored in a database
such as database 307 of FIG. 3 to the pattern of Lyapunov
exponents in an ongoing real-time data or previous record-
ings. The algorithm is also capable of distinguishing
Lyapunov profiles from non-seizure epochs, preventing false
positives.

[0064] In one example, the Wolf algorithm of a previous
method indicated the occurrence of a seizure via a charac-
teristic drop and rise in the Lyapunov exponents. When the
system and methods described herein that employ the opti-
mized Kantz algorithm were applied to the same data no sign
of a seizure was detected. Additionally, a data set that was
marked as a seizure by a technician was examined. Upon
application of the invention of the current disclosure, no
seizure was observed. Upon further professional review of
that EEG signal by a trained specialist, the conclusion was
that a seizure did not manifest itself, confirming the result of
the present automated detection device.

[0065] Although the subject matter has been described in
language specific to structural features and/or methodologi-
cal acts, it is to be understood that the subject matter defined
in the appended claims is not necessarily limited to the
specific features or acts described. Rather, the specific
features and acts are disclosed as illustrative forms of
implementing the claims.

[0066] One skilled in the art will realize that a virtually
unlimited number of variations to the above descriptions are
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possible, and that the examples and the accompanying
figures are merely to illustrate one or more examples of
implementations.

[0067] It will be understood by those skilled in the art that
various other modifications may be made, and equivalents
may be substituted, without departing from claimed subject
matter. Additionally, many modifications may be made to
adapt a particular situation to the teachings of claimed
subject matter without departing from the central concept
described herein. Therefore, it is intended that claimed
subject matter not be limited to the particular embodiments
disclosed, but that such claimed subject matter may also
include all embodiments falling within the scope of the
appended claims, and equivalents thereof.

[0068] In the detailed description above, numerous spe-
cific details are set forth to provide a thorough understanding
of claimed subject matter. However, it will be understood by
those skilled in the art that claimed subject matter may be
practiced without these specific details. In other instances,
methods, apparatuses, or systems that would be known by
one of ordinary skill have not been described in detail so as
not to obscure claimed subject matter.

[0069] Reference throughout this specification to “one
embodiment” or “an embodiment” may mean that a particu-
lar feature, structure, or characteristic described in connec-
tion with a particular embodiment may be included in at
least one embodiment of claimed subject matter. Thus,
appearances of the phrase “in one embodiment™ or “an
embodiment” in various places throughout this specification
is not necessarily intended to refer to the same embodiment
or to any one particular embodiment described. Further-
more, it is to be understood that particular features, struc-
tures, or characteristics described may be combined in
various ways in one or more embodiments. In general, of
course, these and other issues may vary with the particular
context of usage. Therefore, the particular context of the
description or the usage of these terms may provide helpful
guidance regarding inferences to be drawn for that context.

What is claimed is:

1. A system for detecting a seizure associated with a
subject, the system comprising:

a cap with a plurality of electroencephalogram electrodes

that can be connected to a subject;

an electroencephalogram machine connected to the cap

that records electroencephalogram data;

a display device; and

a computer system in communication with the electroen-

cephalogram recording machine, the computer system

being configured to:

receive electroencephalogram data;

generate a set of Kantz algorithm parameters;

process the electroencephalogram data associated with
a subject using the set of Kantz algorithm parameters
to identify a series of Lyapunov exponents;

determine the electroencephalogram data is associated
with an epileptic seizure based upon the series of
Lyapunov exponents; and

cause the display device to display a representation of
the series of Lyapunov exponents.

2. The system of claim 1, wherein the electroencephalo-
gram data includes a data sample acquired over a time period
of 12 seconds or less.

3. The system of claim 1, further comprising a database
that stores a plurality of historical Lyapunov exponents
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associated with seizure activity and wherein the computer
system determines the electroencephalogram data is associ-
ated with an epileptic seizure based upon a series of
Lyapunov exponents by comparing the series of Lyapunov
exponents generated from the electroencephalogram data to
the plurality of historical Lyapunov exponents associated
with seizure activity stored in the database.

4. The system of claim 1, wherein the computer processes
the electroencephalogram data associated with a subject
using the set of Kantz algorithm parameters to identify a
series of Lyapunov exponents by:

plotting a log distance versus evolution time of the

electroencephalogram data; and

determining a gradient of the plot of log distance versus

evolution time.

5. The system of claim 1, wherein the electroencephalo-
gram data is derived from the cap with a plurality of
electroencephalogram electrodes connected a subject who
has been administered an electroencephalogram exam.

6. The system of claim 1, wherein the computer generates
the set of Kantz algorithm parameters by identifying an
optimal set of Kantz algorithm parameters determined by
iteratively evaluating possible values for each parameter
using historical EEG data.

7. The system of claim 1, wherein the computer deter-
mines the electroencephalogram data is associated with an
epileptic seizure by:

computing a rate of change of the series of Lyapunov

exponents; and

comparing the rate of change of the series of Lyapunov

exponents to a predetermined threshold; and
detecting the epileptic seizure when the rate of change
exceeds the threshold.

8. The system of claim 1, further comprising a display
device and wherein the computer system is configured to
generate a rendering of the series of Lyapunov exponents
identified from electroencephalogram data associated with a
subject using the set of Kantz algorithm parameters.

9. A computer-implemented method for detecting a sei-
zure associated with a subject, the method executed by one
or more computer systems and comprising:

receiving electroencephalogram data associated with a

subject;
generating a set of Kantz algorithm parameters;
processing the electroencephalogram data associated with
a subject using the set of Kantz algorithm parameters to
identify a series of Lyapunov exponents; and

determining the electroencephalogram data is associated
with an epileptic seizure based upon the series of
Lyapunov exponents.

10. The computer-implemented method of claim 9,
wherein the electroencephalogram data includes a data
sample acquired over a time period of 12 seconds or less.

11. The computer-implemented method of claim 9,
wherein determining the electroencephalogram data is asso-
ciated with an epileptic seizure based upon a series of
Lyapunov exponents includes comparing the series of
Lyapunov exponents generated from the electroencephalo-
gram data to a plurality of historical Lyapunov exponents
associated with seizure activity stored in a database.

12. The computer-implemented method of claim 9,
wherein processing the electroencephalogram data associ-
ated with a subject using the set of Kantz algorithm param-
eters to identify a series of Lyapunov exponents includes:
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plotting a log distance versus evolution time of the

electroencephalogram data; and

determining a gradient of the plot of log distance versus

evolution time.

13. The computer-implemented method of claim 9,
wherein the electroencephalogram data is derived from a
subject who has been administered an electroencephalogram
exam by way of electroencephalogram input devices
attached to the subject.

14. The computer-implemented method of claim 9,
wherein generating the set of Kantz algorithm parameters
comprises identifying an optimal set of Kantz algorithm
parameters by iteratively evaluating possible values for each
parameter using historical EEG data.

15. The computer-implemented method of claim 9,
wherein determining the

electroencephalogram data is associated with an epileptic

seizure further comprises computing a rate of change of
the series of Lyapunov exponents; and

comparing the rate of change of the series of Lyapunov

exponents to a predetermined threshold; and
detecting the epileptic seizure when the rate of change
exceeds the threshold.

16. The computer-implemented method of claim 9,
wherein the computer generates a rendering of the series of
Lyapunov exponents identified from electroencephalogram
data associated with a subject using the set of Kantz algo-
rithm parameters.

17. A computer-implemented method for detecting a
seizure associated with a subject, the method executed by
one or more computer systems and comprising:

receiving electroencephalogram data derived from a sub-

ject who has been administered an electroencephalo-
gram exam by way of electroencephalogram input
devices attached to the subject;

identifying an optimal set of Kantz algorithm parameters

by iteratively evaluating possible values for each
parameter using historical EEG data;

processing the electroencephalogram data associated with

a subject using the set of Kantz algorithm parameters to

identify a series of Lyapunov exponents by:

plotting a log distance versus evolution time of the
electroencephalogram data; and

determining a gradient of the plot of log distance versus
evolution time; and

determining the electroencephalogram data is associated

with an epileptic seizure based upon the series of
Lyapunov exponents.

18. The computer-implemented method of claim 17,
wherein the electroencephalogram data includes a data
sample acquired over a time period of 12 seconds or less.

19. The computer-implemented method of claim 17,
wherein determining the electroencephalogram data is asso-
ciated with an epileptic seizure based upon a series of
Lyapunov exponents includes comparing the series of
Lyapunov exponents generated from the electroencephalo-
gram data to a plurality of historical Lyapunov exponents
associated with seizure activity stored in a database.

20. The computer-implemented method of claim 17,
wherein determining the

electroencephalogram data is associated with an epileptic

seizure further comprises computing a rate of change of
the series of Lyapunov exponents; and
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comparing the rate of change of the series of Lyapunov
exponents to a predetermined threshold; and

detecting the epileptic seizure when the rate of change
exceeds the threshold.
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