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ABSTRACT

A method for functional analysis of neurophysiological data
by decomposing neurophysiological data and EEG signal to
form a plurality of signal features. The signal features may
then optionally be analyzed to determined one or more pat-
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FUNCTIONAL ANALYSIS OF
NEUROPHYSIOLOGICAL DATA

FIELD OF THE INVENTION

[0001] The present invention relates to methods of func-
tional analysis of neurophysiological data and, more particu-
larly, to methods for detecting one or more patterns in such
data.

BACKGROUND OF THE INVENTION

[0002] Neurophysiological data includes any type of sig-
nals obtained from the brain. Such signals may be measured
through such tools as EEG (electroencephalogram), which is
produced using electroencephalography. Electroencephalog-
raphy is the neurophysiologic measurement of the electrical
activity of the brain (actually voltage differences between
different parts of the brain), performed by recording from
electrodes placed on the scalp or sometimes in or on brain
tissue. As used herein, the term “neurophysiological data”
also refers to brain imaging tools, including but not limited to
CAT (computer-aided tomography) scans (otherwise known
as CT or computed tomography) scans, PET (positron emis-
sion tomography) scans, magnetic resonance imaging (MRI)
and functional magnetic resonance imaging (fMRI), ultra-
sound and single photon emission computed tomography
(SPECT).

[0003] Although such data is extremely valuable, to date
analysis of the data has suffered from lack of suitable auto-
matic tools. Although various analytical tools are available,
they require extensive human interaction and are also prone to
artifacts.

SUMMARY OF THE INVENTION

[0004] The background art does not teach or suggest a
method for analyzing neurophysiological data which is
highly automated. The background art also does not teach or
suggest such a method which decomposes the data to a plu-
rality of signal features, which may then be analyzed to deter-
mine one or more patterns.

[0005] The present invention overcomes these drawbacks
of the background art by providing a method for decomposing
neurophysiological data to form a plurality of signal features.
The signal features may then optionally be analyzed to detet-
mine one or more patterns. The patterns themselves may
optionally be combined to form more comprehensive pat-
terns. Searches may optionally be performed through a plu-
rality of different patterns in order to determine which pat-
terns may be combined, for example.

[0006] According to some embodiments of the present
invention, the neurophysiological data comprises EEG data.
The EEG data is preferably decomposed to form a plurality of
signal features. Such signal features preferably represent
important features of the data. Signal feature definition is
preferably provided for each response to a stimulus. The
resultant patterns determined from signal feature analysis
may optionally be source localization patterns, or alterna-
tively may optionally be patterns of the signal features them-
selves, or a combination thereof.

[0007] Optionally and more preferably, the EEG data is
collected at least before and after the subject has performed a
task and/or action (also conceptual task/action), which then
forms the stimulus or stimuli for signal feature definition.
Typically an on-going EEG is used, such that data is collected
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continuously before, during and after performance of the task
and/or action. Signal features are then preferably used to
indicate or mark any difference(s) in the EEG signal(s)
before, during and after performance (see for example FIG.
1).

[0008] Various types of tasks may optionally be used,
including but not limited to an on-going task/action, such as
watching a movie for example. A single task and/or action
may optionally beused, such as providing an audible signal to
the user, such as a simple sound. The sound may optionally be
played once or may be played repeatedly (it may also be
on-going). For a repeated sound, the subject will eventually
be conditioned and will pay less attention (a process known as
habituation), but there still will be a response from the brain.
All of these different aspects of task and/or action perfor-
mance, including habituation, may optionally and preferably
be used for the determination and indication of signal fea-
tures.

[0009] The previous example of providing an audible
sound relates to a lower-level cognitive task. A higher level
cognitive task may also optionally be performed, in which
case the brain of the subject focuses on such a higher level
task. Although other brain activities still occur, the degree of
focus also increases the ease of determining signal features
for the different EEG signal(s) measured during such a task,
as a large portion of the EEG signals are related to the higher
level cognitive task. A non limiting example of a higher level
cognitive task is one in which the subject is requested to push
a button if a high pitch sound is heard; if a low pitch sound is
heard then the subject is not to push the button. These types of
stimuli are used during surgery, even with an unconscious/
sedated patient.

[0010] More preferably, the stimuli are structured so as to
provide the maximum possibility of signal feature definition.
Repetitions increase the ease of signal feature definition
because it becomes easier to locate true signal(s) due to the
stimuli. However, as a task and/or action is repeated, the
subject will react to varying degrees for subsequent repeti-
tions. Multiple trials are preferred for simple stimuli, but may
be less suitable for more complicated tests; however this
could easily be determined by one of ordinary skill in the art.
In addition, measurement of spontaneous brain activity may
also optionally be performed, additionally or alternatively to
measuring brain activity during one or more specific tasks
and/or actions.

[0011] The EEG data is optionally and preferably first fil-
tered according to one or more filters. However, optionally no
filters are use to eliminate noise, as no anti-noise filters are
required. Non-limiting examples of filters which may option-
ally be used include bandpass filter, bandwidth filter and the
like.

[0012] Abandwidth filter, as its name suggest, permits only
acertain range of frequencies to pass. Such filters may option-
ally and preferably be used in order to isolate important
signal(s). Optionally particular bandwidth filter(s) may be
selected in advance according to the desired type of data to be
collected. For example some bandwidths are known to be
related to cognitive tasks. Delta waves are known to be asso-
ciated with sleep, while alpha waves are associated with
relaxation. Other non-limiting examples of known types of
waves for which particular bandwidth filters may be selected
include mu, beta, gamma, and theta waves. The selection of a
particular bandwidth filter forms part of the description of a
signal feature and may be quite useful for signal feature
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definitions, as they assist to remove signals from non-related
tasks or activities, and to focus on specific thought actions in
the brain. Other types of filters may also optionally be used in
a similar manner.

[0013] Another type of “filter” is the practice of averaging
EEG data from multiple trials of a single subject to look for
significant signals and/or patterns. Averaging however is a
type of lowpass filter. According to some embodiments of the
present invention, EEG data from a single trial of a single
subject 1s used for pattern construction as described herein
such that averaging from multiple trials is not used, in which
case another type of filter or filters may optionally be selected.
[0014] Optionally, the data may be processed to remove
noise. Such noise may optionally be removed through the use
of heuristic filters or other processing, to remove expected
interference with the desired signals. Also, processing for
noise may optionally be “tuned” for a particular subject.
[0015] A filter (or acombination thereof) may optionally be
used as a template for expected results and/or an expected
diagnosis, such that the filter(s) may be a type of signal
feature. A non-limiting example of such a filter, in addition to
the above described types of filters, is to provide a template
such as an expected sinus form for example.

[0016] Signal features may also optionally and preferably
be defined after filtering, for example by assignment of signal
features through the location of peaks. The use of filters
enables particular peaks to be more easily identified. Peaks
may optionally be identified according to their height and
frequency for example. Peak assignment may also optionally
be used even if no stimulus has been provided; however, in
this case, preferably such an assignment is performed in
comparison to a predetermined pattern, in order (for example)
to more easily remove noise and/or to identify signal features
within other brain activities. Additionally or alternatively,
according to some embodiments, optionally signal features
are assigned to non-peak waveforms with biologically rel-
evant shapes and/or temporal properties.

[0017] Optionally and preferably, the decomposition to sig-
nal features includes the determination of timing (latency),
amplitude and frequency for each peak.

[0018] A non-limiting example of decomposition to signal
features comprises the use of clustering to locate one or more
important features. Clustering is preferably performed after
the above filtering process; the identity of the filter preferably
forms part of the clustering, such that data having at least
similar peaks and/or other identifiable features after filtering
may be clustered.

[0019] Optionally and more preferably, a cluster is identi-
fied which has a sufficiently large number of peaks at the same
time, frequency and amplitude, thereby defining the same
event in many electrodes and/or patients. The number of
peaks required is preferably determined according to a statis-
tical threshold or cut-off. The permitted variance within the
cluster is preferably determined according to the size of a
sliding window; the greater size of the window, the greater
variance permitted for the cluster. The permitted variance is
optionally a fixed parameter and/or a flexible variable. Also
optionally clusters are compared according to an amount of
permitted variance between clusters.

[0020] A collection of clusters may optionally form an
activity network, as described in greater detail with regard to
FIG. 13. Once the data have been analyzed to form clusters,
such clusters are preferably used to search through existing
patterns. However, it should be noted that optionally the sig-
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nal features themselves are used to search for patterns, with-
out necessarily relying on first clustering the signal features.
Preferably, an exhaustive search of all patterns is performed
even though such a search is NP hard. To assist in more to
rapid searching, optionally one or more heuristics may be
used, for example in terms of expected clusters and/or other
features of the data, and/or by applying one or more templates
for example. Hierarchical clustering may also optionally be
used. The activity network, as well as pattern analysis, also
provides greater sensitivity and specificity for comparing
groups of subjects.

[0021] Patterns are preferably also analyzed to determine
whether a plurality of such patterns should be combined, such
that for example the combination “pattern A and B” could
itself form a new pattern. A combination of patterns may
optionally also include the absence of a particular pattern; for
example the combination “pattern A but not C” relates to the
presence of pattern A but the absence of pattern C.

[0022] The significance of the combination is more prefer-
ably determined according to one or more statistical analyses.
As described in greater detail below, one or more statistical
tests are preferably performed, to determine whether such a
combination should be accepted.

[0023] According to some embodiments of the present
invention, the localization of a particular signal within the
brain is preferably determined through analysis of the
obtained pattern(s) or alternatively through analysis of the
clusters themselves. The problem of localization, or spatial
resolution, of the electrode signals cannot be solved by add-
ing more electrodes as they will be mutually dependent. One
non-limiting example of a method for such localization fea-
tures the use of low resolution electromagnetic tomography
(LORETA), as described for example in PCT Application
NO. PCT/IL.2007/000639. LORETA provides a true three
dimensional localization of the EEG signals. However,
LORETA does not always present a completely correct solu-
tion, as the location may be incorrectly determined and/or the
resolution may be insufficient to detect an area shift.

[0024] Surprisingly, the present inventors have found that
an incorrect location for EEG data may be overcome by
determining the likelihood for each potential solution to the
problem of localization. The to likelihood of a particular
location being the correct source localization for an EEG
signal may optionally and preferably be based on electro-
physiological information.

[0025] Functional information may also optionally be used
for localization, by determining which area of the brain is
likely to be involved in generating a particular signal. Such
functional information may also optionally include behav-
ioral information, effect of any type of pharmaceutical intet-
vention and also any other effect of an external agent therapy,
or Brain Machine Interface (BCI) on the brain. As used
herein, the term “therapy” may optionally include the appli-
cation or use of any type of device, including but not limited
to neural stimulators and neuroprostheses at the neural net-
work level.

[0026] Optionally and preferably, cortical estimation is
used for source localization (from the electrical signal map),
whether by using many single trials, many trials on the same
person or both. Once cortical estimation has been performed,
then the functional meaning may be ascertained, for example
including with regard to which part of the brain is involved
and also whether there is synchronization, or lack thereof,
between areas of the brain.
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[0027] Once source localization has been determined, then
optionally the patterns of such localized sources may option-
ally be analyzed.

[0028] Although the present description centers around the
use of EEG data, it should be noted that this is for the purpose
of illustration only and is not meant to be limiting in any way.
Any type of brain imaging data may optionally be used,
including but not limited to CAT (computer-aided tomogra-
phy) scans, PET (positron emission tomography) scans, mag-
netic resonance imaging (MRI) and functional magnetic reso-
nance imaging (fMRI), ultrasound, MEG
(magnetoencephalography) and single photon emission com-
puted tomography (SPECT), invasive Brain Machine Inter-
face (BCI) and neuroprostheses at the neural level, or any
other noninvasive or invasive method and/or combinations
thereof. Optionally, a plurality of different types of data may
be combined for determining one or more patterns as
described herein. A stimulus or stimuli may also optionally be
applied as described above for EEG data.

[0029] However, the use of EEG or event related potential
(ERP) for sampling as it relates to flow patterning has the
advantage of high temporal resolution (in the millisecond
range) (as does MEG, but which is significantly more expen-
sive). While the tradeoff is in spatial resolution, from a neu-
rophysioclogical perspective, while looking for temporal pat-
terns, the temporal resolution is more critical. Spatial
resolution of several cm? may be very informative in neurop-
sychological terms. Furthermore, neighboring regions in the
brain generally tend to actin a relatively synchronous manner
and therefore compromise in spatial resolution is often satis-
factory for experimental or clinical purposes.

[0030] According to some embodiments of the present
invention, preferably one or more of the following methods
may be applied for processing EEG data. For example, heu-
ristic thresholds for clustering in different band passes may
optionally be applied. Optionally and preferably, data from
fragments of trials may be incorporated into patterns.

[0031] According to some embodiments of the present
invention, there is provided a method for analyzing neuro-
physiological data, the method comprising: obtaining EEG
signals from multiple subjects for a particular behavioral
process; analyzing the EEG signals, wherein the analyzing
comprises at least one or both of bandwidth or bandpass
filtering; and identifying patterns of brain activity for the
behavioral process for the research groups according to the
analyzed signals.

[0032] Optionally, the bandwidth or bandpass filtering
comprises applying a plurality of overlapping filters. Also
optionally, the analyzing the EEG signals further comprises
applying a threshold to the signals. Preferably, the threshold
provides a cut-off for noise filtration.

[0033] Optionally, the obtaining the EEG signals com-
prises obtaining EEG signals from spontaneous brain activity.
Preferably, the spontaneous brain activity occurs through
interaction of each subject with a surrounding environment.

[0034] Optionally, the obtaining the EEG signals com-
prises obtaining EEG signals before, during or after perform-
ing a task, or a combination thereof. Preferably, the obtaining
the EEG signals is performed with a continuous EEG for at
least a plurality of minutes. More preferably, the task com-
prises a plurality of tasks. Most preferably, the task is selected
from the group consisting of lower level cognitive tasks and
higher level cognitive tasks.
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[0035] Optionally, the analyzing the EEG signals further
comprises discretizing the EEG signals according to latency,
amplitude and frequency to form a plurality of events. Pref-
erably, the analyzing the EEG signals further comprises clus-
tering the events to form a plurality of clusters. More prefer-
ably, the clustering further comprises determining a
minimum number of events required to form a cluster; and
accepting a cluster only if the cluster contains the minimum
number of events. Most preferably, the clustering further
comprises determining a causality between the clusters.
[0036] Also most preferably, the clustering the events is
determined according to an amount of permitted variance
within each cluster. Optionally and most preferably, the clus-
tering the events is determined according to an amount of
permitted variance between clusters.

[0037] Optionally and most preferably, the clustering the
events further comprises comparing clustered events to a
previously determined pattern. Optionally, the comparing the
clustered events comprises searching through a plurality of
previously determined patterns and selecting a closest pat-
tern.

[0038] Preferably, the analyzing the EEG signals further
comprises determining a distance from an EEG electrode
providing each signal; and weighting each event according to
the distance.

[0039] Optionally and preferably, the analyzing the EEG
signals further comprises combining a collection of a plural-
ity of clusters to form an activity network. More preferably,
the identifying the patterns comprises identifying source
localization for the activity network. Most preferably, the
identifying the source localization is performed according to
LORETA (low resolution electromagnetic tomography).
[0040] Most preferably, the identifying the patterns further
comprises analyzing source localizations for the activity net-
work to identify at least one pattern or to compare the source
localizations to a known pattern, or a combination thereof.
[0041] Optionally and most preferably, the identifying the
patterns further comprises determining a functional brain
activity correlation to the source localization. Also most pref-
erably, the functional brain activity correlation comprises
determining synchronization, or lack thereof, between a plu-
rality of areas of the brain.

[0042] Optionally, the identifying the patterns further com-
prises eliminating at least one pattern. Preferably, the at least
one pattern is eliminated according to complementarity to at
least one other pattern.

[0043] Optionally, the EEG signals are obtained from a
single trial on each of the multiple subjects.

[0044] Optionally and alternatively, the EEG signals are
obtained from a plurality of trials on each of the multiple
subjects.

[0045] According to other embodiments of the present
invention, there is provided a method for decomposing an
EEG, comprising: Obtaining signals for the EEG; Decom-
posing each EEG signal according to wavelet analysis to
identify a waveform; and Extracting a waveform essence of
the EEG.

[0046] According to still other embodiments of the present
invention, there is provided a method for analyzing neuro-
physiological data, the method comprising: obtaining EEG
signals from multiple subjects from one or more research
group for a particular behavioral process; identifying sets of
patterns of brain activity for the behavioral process for the
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research groups; and localizing sources of activity participat-
ing in the particular behavioral process for the research
groups.

[0047] Unless otherwise defined, all technical and scien-
tific terms used herein have the same meaning as commonly
understood by one of ordinary skill in the art to which this
invention belongs. Although methods and materials similar or
equivalent to those described herein can be used in the prac-
tice or testing of the present invention, suitable methods and
materials are described below. In case of conflict, the patent
specification, including definitions, will control. In addition,
the materials, methods, and examples are illustrative only and
not intended to be limiting.

BRIEF DESCRIPTION OF THE DRAWINGS

[0048] The above and further advantages of the present
invention may be better understood by referring to the fol-
lowing description in conjunction with the accompanying
drawings in which:

[0049] FIG. 1 is a flow chart diagram illustration of an
overview of a method of functional analysis of neurophysi-
ological data, in accordance with embodiments of the present
invention;

[0050] FIG. 2 is a flow chart diagram illustration of a
method of pattern analysis, in accordance with an embodi-
ment of the present invention wherein pattern analysis is
performed prior to source localization;

[0051] FIG. 3 is a graphical illustration of a raster plot,
which serves as a basis of the pattern analysis of FIG. 2;
[0052] FIG. 4 is a flow chart diagram illustration of a
method of identifying signal features, in accordance with an
embodiment of the present invention,;

[0053] FIGS. 5A-5C show signal feature identification for
an actual EEG signal,

[0054] FIG. 6 is a flow chart diagram illustration of a
method of analyzing one or more patterns, in accordance with
an embodiment of the present invention;

[0055] FIG.7A shows hypothetical data obtained from four
elements, while FIG. 7B shows patterns obtained from analy-
sis of actual experimental data;

[0056] FIG. 8 shows an exemplary method for likelihood
analysis for a single trial according to the present invention;
and

[0057] FIGS. 9A-D relate to determining a relative order
for a plurality of patterns.

[0058] FIG. 10: the top figure presents the activity in elec-
trode P8 in relation to face stimuli (viewing the image of a
face, which is a standard type of brain stimulus), while the
bottom figures present the filtration of this activity into 8 band
(5-8 Hz)—left and high p band (17-23 Hz)—right.

[0059] FIG. 11 shows the activity in a single electrode Ol in
frequency band 5-8 Hz for two different subjects after face
stimulus is presented—one epoch for each subject (one sub-
jectis presented in green and the other in blue).

[0060] FIG. 12 shows time and amplitude of two waveform
peaks.

[0061] FIG. 13 shows results in three dimensions for two
subjects.

[0062] FIG. 14 shows events that have been combined as
pairs.

[0063] FIG. 15 shows the result of further combinations

between pairs of events.
[0064] FIG. 16 shows the localized activity of region BA20
right (5-8 Hz) for two subjects after face stimulus.
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[0065] FIG. 17 shows regions of network found significant
in 9 subjects at ~N170 timing following face stimulus.
[0066] Tt will be appreciated that for simplicity and clarity
of illustration, elements shown in the drawings have not nec-
essarily been drawn accurately or to scale. For example, the
dimensions of some of the elements may be exaggerated
relative to other elements for clarity or several physical com-
ponents may be included in one functional block or element.
Further, where considered appropriate, reference numerals
may be repeated among the drawings to indicate correspond-
ing or analogous elements. Moreover, some of the blocks
depicted in the drawings may be combined into a single
function.

DETAILED DESCRIPTION

[0067] Inthe followingdetailed description, numerous spe-
cific details are set forth in order to provide a thorough under-
standing of the present invention. It will be understood by
those of ordinary skill in the art that the present invention may
be practiced without these specific details. In other instances,
well-known methods, procedures, components and structures
may not have been described in detail so as not to obscure the
present invention.

[0068] The method of the present invention features
decomposing neurophysiological data to form a plurality of
signal features. As described herein as a non-limiting, illus-
trative example only, the method of the present invention is
described with regard to EEG data.

[0069] EEG data is preferably collected in response to a
stimulus or stimuli, such that signals are obtained from the
subject before and after the application of the stimulus or
stimuli. The stimulus or stimuli may optionally comprise any
type of task and/or action, including conceptual tasks and/or
actions (the latter may optionally be used with any subject but
are preferred when the subject is suffering from some type of
physical and/or cognitive deficit that may prevent actual
execution of a task and/or action, as for example may be seen
in response to various brain injuries such as stroke). The EEG
data is then decomposed to form a plurality of signal features,
which relate to the brain activity or activities generating the
signal(s).

[0070] Decomposition of EEG data preferably includes
waveform analysis. Conventional waveform analysis is per-
formed by examining the pattern of peaks; however, this
method is flawed, because the true generator (i.e., brain and/
or external neural location which produced the wave) is not
known. According to preferred embodiments, the method of
the present invention uses wavelet analysis and bandpass/
bandwidth filtering to locate underlying aspects of the wave,
such that the wave is decomposed to a plurality of overlapping
sets of signal peaks which together make up the waveform.
The filters themselves may optionally be overlapping. Even if
the bandpass cutoff is not defined correctly, the preferred
examination of data from a plurality of subjects results in
identification only of repetitive peaks that make up the wave-
form. Such analysis may optionally be performed after the
subject has been subjected to a stimulus or stimuli; if no such
stimulus/stimuli are provided, then optionally a predeter-
mined template may be provided and applied to the signals as
described herein.

[0071] These methods overcome drawbacks of the back-
ground art for decomposition of EEG data, which include
poor characterization of the elementary waveforms which
span the sampled recording. A discrete set of such elementary
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waveforms, which is both orthogonal and well established in
neurophysiology, is not attainable. Furthermore, according to
background art methods, the waveforms are not characterized
in a sufficiently effective discrete manner with sufficiently
simple identifiers through which complex repetitions over
subjects could be identified.

[0072] The use of multiple trials (i.e., repeated testing a
single subject) preferably overcomes these drawbacks of the
background art, although such multiple trials are not required
in all instances.

[0073] Next, the decomposition of the EEG data preferably
continues through extraction of waveform essences. Once the
correct set of one or more bandpass filters is selected, if the
EEG signal peak is symmetric, only the time required for the
peak to be reached (“time to peak”) and its height/amplitude
are needed for further analysis. For non-symmetric peaks, an
additional one or more bandpass filters are required to find
symmetric peaks. These are waveform essences, and feature
three vectors (time, amplitude and the identity of the band-
pass filter itself) for each electrode. These three vectors are
used to select or form the signal features, and/or are the signal
features themselves.

[0074] Thesignal features are preferably arranged as a time
series, showing how the output of each electrode changes
over time. Such a change over time is also preferably ana-
lyzed as part of the signal feature analysis, described in
greater detail below.

[0075] The signal features may then optionally be analyzed
to determine one or more patterns, which may then in turn
optionally be combined to form more comprehensive pat-
terns.

[0076] The patterns may optionally be identified through a
raster plot, featuring results from a plurality of subjects, for
example for a particular electrode or combination of elec-
trodes, with the application of a particular bandpass and/or
bandwidth filter. For example, the bandpass could optionally
feature a threshold cut-off. Other methods for pattern identi-
fication include but are not limited to clustering, use of a
template and/or application of one or more heuristic methods.
[0077] Once the one or more patterns have been deter-
mined, preferably localization for the EEG signals is deter-
mined. Such localization is preferably determined according
to a likelihood method.

[0078] The principles and operation of methods according
to the present invention may be better understood with refer-
ence to the drawings and accompanying descriptions.
[0079] Before explaining at least one embodiment of the
present invention in detail, it is to be understood that the
invention is not limited in its application to the details of
construction and the arrangement of the components set forth
in the following description or illustrated in the drawings. The
invention is capable of other embodiments or of being prac-
ticed or carried out in various ways. Also, it is to be under-
stood that the phraseology and to terminology employed
herein are for the purpose of description and should not be
regarded as limiting.

[0080] Reference is now made to FIG. 1, which is a flow
chart diagram illustration ofan overview for functional analy-
sis of neurophysiological data, in accordance with embodi-
ments of the present invention.

[0081] Instage |, EEG data is obtained as is known in the
art. For obtaining such data, a subject has an array of elec-
trodes placed on his or her head. The electrodes may option-
ally feature nanostructures such as carbon nanotubes (or other
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such suitable material(s)), or any type of MEMS (Micro-
Electro-Mechanical Systems) electrodes as is known in the
art, for contacting or being inserted into the scalp, for a more
sensitive reading. Non-contact electrodes may also optionally
be used. Each electrode is connected to one input of a differ-
ential amplifier (one amplifier per pair of electrodes); a com-
mon system reference electrode is connected to the other
input of each differential amplifier. These amplifiers amplify
the voltage between the active electrode and the reference.
For the purpose of the present invention, the EEG signal is
assumed to be collected through digital EEG, such that the
amplified signal passes through an analog-to-digital con-
verter. Different sampling rates are possible for the converter.
As is known in the art, the correct (or at least a suitable)
sampling rate and voltage amplification should be selected
according to the task. For example, for a rapidly performed
task, then preferably a quick sampling rate and high amplifi-
cation are selected. Also the number and spacing of electrodes
are selected as appropriate for the task.

[0082] The electrical communication between the elec-
trodes and the amplifier may optionally be performed through
wires, but can also be wireless. The placement of the elec-
trodes on the scalp may optionally be determined according
to known methods. For example, a 10-20 EEG system may
optionally be used, with activity recording from multiple
locations, with a reference electrode and a ground. In some
embodiments, eye movements to (EOG) and muscle move-
ments, and/or subthreshold activity (myopotential measure-
ments instead of actual movements), are recorded as well.
[0083] Optionally and preferably, the subject is presented
with a stimulus or a set of stimuli, and activity is recorded
during a response to the stimulus or stimuli. As noted above,
the stimulus or stimuli are optionally simple (for example
provision of a single audible sound) or complex (a cognitively
demanding task). Also the stimulus or stimuli may optionally
require performance of an actual action and/or task or alter-
natively may be conceptual in nature.

[0084] In alternative embodiments, the subject is not pre-
sented with particular stimuli and responses, and activity is
recorded during “spontaneous activity” or during particular
activities. Many such protocols of stimuli, stimuli-responses,
action-related and “spontaneous” activity are known in the
art, and may include any stimulus-response neuropsychologi-
cal tests such as the Stoop task, the Wisconsin card sorting
test, etc; tests may include stimulus-only based tests such as
mismatch negativity, BERA (brain-stem-evoked response
audiometry), etc; they may include response-only based tests,
such as saccade analysis, MRP (movement related poten-
tials), N-back memory tasks and other working memory
tasks, the “serial seven” test (counting back from 100 in
Jumps of seven), and Posner attention tasks etc; and they may
optionally include “spontaneous” activity.

[0085] Additionally or alternatively, the subject is tested in
anon-laboratory or “natural” environment. Also additionally
or alternatively, the subject is ambulatory during testing. The
type(s) of tests performed may optionally comprise “sponta-
neous activity”, particular stimuli and responses, particular
actions and/or tasks, or a combination thereof.

[0086] The EEG digitized signals are optionally filtered
before decomposition. Non-limiting examples of suitable fil-
ters include but are not limited to a high pass filter, a low pass
filter and a “notch” filter, to account for the effect of power
lines. Preferably, no filters are required to eliminate “noise”
because multiple repetitions are averaged, such that true
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“noise” is eliminated as it is random. However, such filters
may optionally be used and are preferably used for single
trials in a single subject.

[0087] Insomeembodiments, only single trials areused. In
some embodiments, continuous input (i.e. a continuous
stimulus or stimuli) may be used. For continuous input,
optionally data may be acquired as a continuous stream where
signal properties and/or event codes are used to identify
stimulus onset.

[0088] In stage 2, the EEG data is decomposed to form a
plurality of signal features. The elementary events for the
time-series could be filtered waveforms, wavelets, markers of
wave amplitudes, etc.

[0089] In stage 3, the signal features are analyzed to form
oneormore patterns. Such an analysis may optionally include
arranging the signal features as a time-series for each subject,
although preferably this process is performed only for signal
features obtained as the result of provision of a stimulus or
stimuli to the subject.

[0090] In stage 4, the patterns are analyzed to determine
source localization. It should be noted that in this embodi-
ment the focus upon regions which repetitively participate in
patterns over many subjects in research groups enables cor-
rection of inaccurate source localizations. For example, if an
activity is “smeared” in one subject from region A to a neigh-
boring region B, but consistently occurs in region A on many
subjects of the research group, only region A will occur in a
pattern.

[0091] Optionally improved source localization and analy-
sis of spatiotemporal patterns are performed, by posing con-
straints regarding possible signaling in particular areas
according to other types of data, such as data obtained
through other types of brain imaging and so forth.

[0092] Reference is now made to FIG. 2 and FIG. 3 taken
together, where FIG. 2 is a flow chart diagram illustration of
amethod of pattern analysis 200", in accordance with another
embodiment of the present invention wherein pattern analysis
is performed prior to source localization, and is performed on
waveforms directly obtained from the electrodes, (or any
other chosen characteristic of the sampled activity), and FIG.
3is a graphical illustration of a raster plot, which serves as the
basis of pattern analysis 200", as will be described hereinbe-
low.

[0093] First, one or more conditions (such as thresholds)
for waveforms obtained from the electrodes (stage 203). In
one embodiment, a binary type of threshold is used, wherein
peak values above the threshold are included and values
below the threshold are excluded. In another embodiment, a
gradual scale may be included. As stated, not only peaks, but
also wavelets, or other discrete identifiable elements for each
electrode for the particular subject could be utilized. In one
embodiment, waveforms which are of varying frequencies
are separated out, and peaks are identified (stage 205) for each
frequency at each electrode for each subject. This stage is
repeated for all electrodes per subject.

[0094] Next in stage 207, a raster plot for the full set of
electrodes showing peaks over time. An example of a raster
plotis depicted in FIG. 3. It should be noted that tolerances for
time may be included as well, such that if the peak occurred
within the determined tolerance it will be counted. It should
further be noted that patterns may be identified from com-
bined activities at different peaks. Furthermore, the combi-
nations of synchronous activities at different frequencies may
enable more precise description of the waveform, and may
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more closely relate to the actual neural pattern. These stages
are preferably repeated over multiple subjects and the results
of the peak identification of multiple subjects over various
frequencies over time are input into a processor which is
configured to identify (stage 209) a pattern of peaks over time
for multiple subjects for a particular research group. Specifi-
cally, a search is performed for repetitive patterns among
subjects of the same research group.

[0095] The patterns involve the timed activation of sets of
electrodes, with temporal, spatial and strength tolerance. This
1s based upon counting the number of times a particular signal
strength is obtained at a particular time period, pairs of such
events, and so on to larger and larger groups of such events.
Thus, a simple counting method is used to determine a pattern
wherein patterns of activation of a set of electrodes, each with
its strength/temporal/spatial characteristics that are repetitive
among subjects of a certain research group, are identified—
all within their dynamic tolerances. It should be readily
apparent that the greater the number of inputs (i.e., the num-
ber of experimental subjects or trials per subject used), the
more robust the pattern analysis will be. Those patterns are
later used for comparison, as will be described further here-
inbelow. The identified patterns are then sent to source local-
izer 20 for source localization.

[0096] Reference is now made to FIG. 4 which is a flow
chart diagram illustration of a possible method foridentifying
one or more signal features, in accordance with an embodi-
ment of the present invention. Waveforms arecollected (stage
1) as described above. Each of electrodes E, . . . E; has its own
signal each of which may be at a different strength. The
waveform of each signal for each electrode is preferably
analyzed separately.

[0097] In stage 2, wavelet analysis is preferably used to
separate superpositioned activity. Also any other wave char-
acteristic could be used instead of peaks, such as wave enve-
lope shape, etc. Other types of analyses may also optionally
be used, such as application of a template (such as an expected
form of a sinus wave) to the signals for example.

[0098] In stage 3, decomposition of the EEG data prefer-
ably continues through extraction of waveform essences.
Once the correct set of one or more bandpass filters is
selected, if the EEG signal peak is symmetric, only the time
required for the peak to be reached (“time to peak™) and its
height/amplitude may optionally be used. For non-symmetric
peaks, an additional one or more bandpass filters are required
to find symmetric peaks. These are waveform essences, and
feature three vectors (time, amplitude and the identity of the
bandpass filter itself) for each electrode. These three vectors
are used to select or form the signal features, and/or are the
signal features themselves.

[0099] In stage 4, the signal features are preferably
arranged as a time series, showing how the output of each
electrode changes over time. Such a change over time is also
preferably analyzed as part of the signal feature analysis,
described in greater detail below.

[0100] FIGS. 5A-5C show signal feature identification for
an actual EEG signal. FIG. 5A shows raw data obtained from
a specific electrode during an EEG test, illustrating the elec-
trical potential over time. For this example, the subject
received periodic stimulation with a stimulus (although as
described above, it is also possible to obtain such data without
stimulation). Stimulus presentation times are presented in
red.
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[0101] FIG. 5B shows that activity is then divided into
frequency bands—presented are 9 (right) and p (left). Ampli-
tude is also divided (horizontal blue line).

[0102] FIG. 5C then shows the results. The top row shows
the subject identifier (as multiple subjects were tested), epoch
(or trial) and type of stimulus. The next row shows the fre-
quency band which was examined, in Hz, showing the mini-
mum and maximum permitted frequencies that were consid-
ered. The third row shows time (in milliseconds); the fourth
row shows the electrode number (to identify the electrode
from which the signal was obtained); and the fifth row shows
the amplitude of the signal.

[0103] These results collectively form a time series. The
time series includes different subjects, trials (epochs) and
stimulus types (here left vs. right) as identifiers. The values
for the time series are electrode number, frequency, time and
amplitude (direction is given by +/-, strength by number of
such signs). Such data may also optionally be plotted as a
three dimensional chart for each epoch, patient and electrode,
with regard to amplitude, frequency and latency (time).

[0104] FIG. 6 is a flow chart diagram illustration of a
method of analyzing one or more patterns, in accordance with
an embodiment of the present invention.

[0105] As shown, in stage 1, a plurality of the previously
described time series is provided. In stage 2, at least one
comparison parameter is optionally and preferably adjusted.
The comparison parameter determines the tolerance for a
difference between two time series, which would still permit
the two (or more) time series to be determined to be a match.
The tolerance may optionally be provided in one or more of
time, frequency and/or amplitude. Tolerance for timing is
preferably continuous, while timing for amplitude is prefer-
ably based on the division of amplitude values to discrete
ranges.

[0106] In stage 3, a plurality of time series is preferably
compared according to the comparison parameter. Optionally
such comparison could include grouping the time series
according to various parameters, including but not limited to
one or more of statistical significance, group prevalence, pat-
tern size in terms of participating elements, and so forth.

[0107] A non-limiting illustrative method for determining
the statistical relevance of a plurality of patterns may option-
ally be performed as described herein, with regard to a com-
binatorial test for evaluation of significance of the number of
discriminatory patterns. The example for this test relates to an
experiment in which two groups are being compared.

[0108] Let the discriminatory level be defined as the differ-
ence in the number of individuals positive for a certain pattern
between the two groups. Let ‘d” denote this number. Let the
number of individuals tested be ‘nl’ for the first group and
‘n2’ for the second group. Let ‘Sum’ denote the number of
individuals (from both groups) for which a certain pattern was
positive. Suppose, that d=7 is chosen, for an experiment in
which nl1=n2=10.

[0109] The combinatorial number of possible bit vectors
for which d=7 is possible for this experiment is calculated. In
this case the number is 2702. {The calculation sums the
values of (nl over A)*(n2 over B)*2—which stands for all the
permutation in which A individuals are positive from nl, and
B from n2. In addition—this value is multiplied by 2 from
symmetrical reasons—i.e. it does not matter whether group A
has 7 positive signals and group B has 0 or vice versa. In case
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it is important (e.g. a comparisons of Experimental or Treat-
ment vs. Control groups) this value should not be multiplied
by 2}.

[0110] Let Q denote the space of bit vectors options for
which ‘Sum’ can produceresults of d>=7. In this specific case
Q={7sSums13}. Now, the expected frequency of bit vectors
for which d=7 out of the space Q is estimated. Let this fre-
quency be denoted as P7. Accordingly p7=N({d=7})/N().
[0111] Let ‘k’ denote the actual number of patterns for
which {7<Sums=13}. Let ‘Xk’ be the number of actual pat-
terns for which d=7. The distribution of Xk is assumed to be
binomial: Xk~Bin(k, p7). The p value is measured as
Pr(Xk=bin(k, p7)). This test will produce the cumulative
probability of getting a number between 0 and Xk, whereas
we need the cumulative probability of getting Xk or more.
Hence the p value will be 1-(probability given by the test).
The test has certain assumptions. For example, all the pos-
sible patterns are assumed to have been given by the algo-
rithm without filtering. Also it is assumed that there is inde-
pendence between patterns and bit vector division between
the two groups under the null distribution.

[0112] Instage 4, optionally one or more patterns are elimi-
nated (such an elimination process could optionally also be
performed between stages 1 and 2 for example, and/or before
stage 3, for example). Non-limiting examples of patterns
which are preferably include patterns that distinguish
between research groups and/or combinations of patterns
which complement one another.

[0113] In stage 5, causality among pattern components is
optionally and preferably analyzed. For example, optionally a
statistical analysis is performed to determine whether the
pattern components are likely to be linked in some manner.
Automatic evaluation of group thresholds for time, frequency
and amplitude is performed by searching for patterns, which
occur in some members of the experimental groups, in the
data of the other members. For example, if some members of
a group exhibit a particular pattern, then preferably data from
other members of the group is re-examined in order to deter-
mine whether in fact such a pattern exists, even in a more
muted form.

[0114] Optionally such searching may be performed by
placing the portions of patterns (for example source localiza-
tions) in a tree and then searching the tree for the best differ-
entiator as cluster criterion.

[0115] FIG. 7A shows hypothetical data obtained from four
elements. These elements are particular electrodes with data
analyzed at a particular frequency range at a specific time in
aspecific strength, presented with four different colors in two
different subjects. The activities could be grouped into the
same pattern with the relevant tolerance (in this case temporal
tolerance).

[0116] FIG. 7B shows patterns obtained from analysis of
actual experimental data. The analysis results of the dataset
identified three patterns, A in green, B in blue and C in red.
The elements of the patterns are presented at the Y axis; for
each element, temporal tolerance is presented at the X axis (in
milliseconds). The numbers near the pattern headers repre-
sent their number of occurrences in two experimental groups.
Note that while each pattern discriminates between the
groups by a given degree, their combination as A OR (B and
NOT C) discriminates between the groups completely (each
group contains 19 experiments).

[0117] FIG. 8 shows an exemplary method for likelihood
analysis for asingle trial according to the present invention. In
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stage 1, the frequencies are split, for example according to
spectral Fourier analysis or wavelet transformations.

[0118] In stage 2, the minimum and maximum (min max)
points are calculated. In stage 3, all min max points that are
over a threshold are saved. The threshold preferably depends
on the standard deviation.

[0119] In stage 4, each point is characterized based on the
voltage range where it falls. For example, the simplest char-
acterization is binary such that there are two voltage groups,
positive or negative.

[0120] Instage 5, preferably a characteristic/representative
temporary template that contains the electrode and that has
the maximum value of all the electrodes for each sample point
is located. Such a temporary template may then optionally be
used to characterize the data from a single trial.

[0121] FIGS. 9A-D relate to determining a relative order
for a plurality of patterns. As described herein, the final output
of the pattern-lookup algorithm is a large set of expressions
sorted by their score. The score is defined as the difference
between the expression’s appearance in the first group and the
expression’s appearance in the second group. However, a
plurality of expressions may obtain the maximal score, such
that the end-user doesn’t know which expressions are most
relevant. The illustrative method described herein presents an
order over of the set of expressions which will allow the user
to efficiently analyze the results presented.

[0122] The expressions are ordered and presented by their
ability to explain the variance of the entire set of expressions.
This is modeled by the similarity index (SI). The similarity
index is computed for a specific set of clusters (or single
cluster) over the entire set of expressions. For each cluster, a
representative expression is found, and the worst distance of
that expression to the expressions within its cluster is com-
puted. The representative or typical expression is preferably
defined for a cluster of the entire set of expressions. The
expression with the shortest distance (the minimal sum of
distances) to the rest of the cluster is defined as the represen-
tative or typical expression.

[0123] From all the worst distances of the clusters in the set,
a single average distance is computed. This is the average
distance. The similarity index is defined as one minus this
distance. This index can vary between 0 (complete identity)
and 1 (maximal distance). There is a tradeoff between the
number of expressions in a subset of the entire set and the SI.
Preferably, the user is able to choose where to draw this line,
according to the user’s specific needs.

[0124] As shown with regard to FIG. 94, in stage one the
output of the pattern searching or “look-up” process is pro-
vided. Non-limiting examples of such a pattern searching
method are described above. Optionally, the output is con-
verted to another data structure, such as (for example) Matlab
data structures (The Mathworks, USA). Note that each
expression is comprised of several patterns. These are not
specific patterns; rather, they represent a group of bitvector-
identical patterns.

[0125] For each such group, the collapsed pattern is com-
puted in stage two. The collapsed pattern is the common
denominator of all the patterns in the group of bitvector-
identical patterns. In order to form this pattern, initially all
patterns in the group are transformed from relative to abso-
lute: In a pattern, only the anchor appears in absolute time.
The rest of the regions appear in a time relative to the anchor.
Each relative time segment is transformed to an absolute time
segment in the following manner. Suppose the anchor’s time
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segment is [t1 t2] and the region’s time segment is [d1 d2].
The ‘absolute’ time segment of the region will therefore be
[t1+d1 t2+d2]. After this conversion, the absolute-time pat-
terns are then collapsed into a single pattern, such that for
each region that appears in any pattern, the common time
denominator is computed (the time segment which will
include all times of appearance of this region in all patterns).
The collapsed pattern is preferably the pattern which is com-
posed of all these regions and time segments.

[0126] In stage 3, for N expressions, an <NxN> distance
matrix between expressions is calculated. The distance
between two expressions is preferably calculated as follows:
remove all identical minterms from the two expressions. On
the minterms that remain, for all possible permutations of
minterms, find the sum of distances between the correspond-
ing collapsed patterns. The minimal sum of all possible sums
of the permutations normalized by the number of minterms in
the longer expression is the distance between the expressions.

[0127] Thedistance between two collapsed patterns is pref-
erably calculated as follows. Assume there are two patterns, A
and B. Because the distance function is directional, it com-
putes the distance from the long pattern (assume A) to the
short pattern. For each region in A, the function searches for
the identical region in B. If found, the function computes the
overlap index—the absolute overlapping time divided by the
time the region operated in the long pattern. This is a number
between zero and one. This number is added to the overall
distance between two patterns. The same process is repeated
for every region in the long pattern. The total sum is normal-
ized by the total number of unique regions in both patterns.
Again, a number between zero and one is achieved. Zero
would mean no overlap and one would mean complete iden-
tity. Therefore, to achieve a distance function, the final num-
ber is 1 minus the number we have reached. This is the
distance between two patterns.

[0128] In stage 4, a hierarchical clustering is generated
according to the distances calculated above. In stage 5, the
hierarchical clustering is preferably analyzed according to a
similarity index (SI) calculation, which is more preferably
performed as follows. First, create a cluster set of k clusters
(starting from one and incrementing until k equals the number
of expressions). The criterion for generation the clusters is the
distance. Next, for each cluster formed, find the expression
with the shortest average distance to the rest of the expres-
sions in the cluster. This expression is defined as the typical or
representative expression of the cluster. For the set of clusters
and their corresponding typical expressions, calculate the
similarity index (described above).

[0129] Instage 6, the results are preferably output. Various
output displays are possible, as shown for example in FIGS.
9B-D. FIG. 9B shows a dendrogram of the hierarchical clus-
tering with the typical expression on top of each cluster. FIG.
9C presents the Sl as a function of the number of clusters (and
corresponding typical expressions) in the set. F1IG. 9D shows
ato graphic presentation of the collapsed patterns composing
each unique expression in all expression sets.

[0130] Of course non-graphic representations are also pos-
sible, for example by presenting a data set with the sets of
expressions sorted by size. For each set, all expressions are
presented. For each expression, all patterns are presented. For
each pattern, the collapsed pattern and the best pattern in the
BV group are presented. The best pattern is preferably
defined over a group of bitvector-identical patterns. It is the
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longest pattern (region-wise) with the minimal sum of time
segments (and therefore can be seen as the most specific).
[0131] As previously described, EEG is optionally and
preferably filtered before further analysis is performed. Such
filtering may also optionally include temporal filtering and
discretization, as described in greater detail below.

[0132] Briefly, each electrode in each single epoch is fil-
tered into overlapping frequency bands in order to separate
the EEG activity into basic well known brain processes. In the
example shown in F1G. 10, the top figure presents the activity
in electrode P8 in relation to face stimuli (viewing the image
of a face, which is a standard type of brain stimulus). The
bottom figures present the filtration of this activity into 8 band
(5-8 Hz)—left and high p band (17-23 Hz)—right. The fre-
quency bands of filtration are defined parametrically and
overlaps are allowed. All overlap frequencies bands are used
in the next stages of the analysis so no loss of information is
considered.

[0133] Ithas been previously demonstrated that the activity
measured and the data obtained from individual electrodes
may vary significantly between individuals; furthermore,
measurements may also vary between electrodes for a single
individual. Optionally and preferably, another type of filter-
ing or signal adjustment therefore includes one or more
adjustments to overcome this type of variation. Therefore the
activity in each electrode is z-score normalized to standardize
across subjects. FIG. 11 shows the activity in a single elec-
trode Ol in frequency band 5-8 Hz for two different subjects
after face stimulus is presented—one epoch for each subject
(one subject is presented in green and the other in blue). At the
left, the raw activity 1s presented for both subjects, while at the
right, the Z-score normalized activity is presented. The nor-
malization serves as an equalizer beyond conductivity differ-
ences. Also such normalization can increase noisy activity in
active electrodes; however, as previously described, it is pos-
sible to statistically assume that this noise will be cancelled
later in the pattern analysis stage.

[0134] In the next stage all the local positive and negative
peaks ofall the filtered signals are found and their latency and
amplitude are saved. The activity of a single electrode (e.g.
O1 below) for a single epoch in a given frequency band can be
then reduced into the times and sizes of the amplitudes of the
various waveforms. The activity presented is evoked by face
stimulus. The time and amplitude of two waveform peaks are
presented in orange (top) and green (bottom) in FIG. 12. Due
to the near-symmetry of the waveforms, each waveform is
reducible to a pair of numbers denoting the time and ampli-
tude of the waveform peak.

[0135] Events can then be described per each electrode and
each subject in a 3D space of frequency, latency and ampli-
tude. For example, such results for two subjects are presented
in FIG. 13 (bottom). Noise reduction can be done in this stage
by using only event with amplitude above some relative
threshold for this representation, also as shown in FIG. 13
(top).

[0136] EEG signals are then preferably analyzed to deter-
mine the relationship between functional events. As previ-
ously described, after filtering, clustering is preferably used
to determine the relationship between such events. The above
time-amplitude-frequency space can be clustered into syn-
chronized events and the relationship between thus combined
events can be found. One way to do this is by defined a
parametrically moving window over relative time between
subjects (and possibly epochs) to scan the delta between pairs
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of electrode activities to gain repetitive patterns of relative
timing. There is preferably some tolerance around the limits
of both moving windows to enable the joining or union of
similar patterns.

[0137] For the purpose of description and without wishing
to be limited in any way, the below example centers around
combination of events as pairs; however it is also possible to
combine events in larger groups (triples, quads, quints and so
forth) for larger network relationships.

[0138] Turning now to the drawing, as shown in FIG. 14, a
pair pattern includes: (1) Pair of brain regions; (2) An absolute
time range: A range of the absolute activation times of the first
region in the pair; (3) A relative time range: A range of the
delta times of the second region in the pair; (4) A bit vector,
which indicates for each group which subjects in the group
had the specified pair pattern; (5) For each group the total
number of subjects that had the specified pair pattern.

[0139] After finding such pairs of synchronized events,
preferably one or more pairs are combined into trios etc. by
merging pairs that share an overlapping event, optionally
until no larger event networks can be found. For example,
event times of 4 electrodes P7 (blue), P8 (green), in frequency
range 17-23 Hz and Ol (orange), O2 (vellow), in frequency
range 5-8 Hz after face stimulus for 9 different subjects. There
1s variability with regard to precise time delta between pairs of
events. FIG. 15 shows the result of further combinations
between pairs of events. These combinations enable an acti-
vated network to be constructed from the data.

[0140] After finding the activated network for each task in
the previous stage, the timing of each event in each network is
extracted from the raw ERP’s of each subject. The raw activi-
ties of all electrodes at those times are then utilized for stan-
dard source localization (LORETA, described previously).
The voxels activities are summarized over Talairach-defined
Brodmann areas, although it should be noted that any other
type of functional or neuropsychological area division or
categorization could optionally be used. The activity of each
region is normalized with z-score so as to overcome inter-
subject structural differences which cause different electrode
readings between subjects due to different conductivity. The
z-scores of activity for each region in each subject are ordered
and the rank of at the activity timing is computed. A uniform
rank threshold is computed. If sufficient subjects show activ-
ity above this threshold, the region is preferably considered
significantly active for this network activity. Regardless of the
exact cortical region categorization that is used, the output of
this stage is a set of cortical regions (for example and without
limitation, Brodmann areas) with the greatest likelihood to
form a functional network involved in a given task.

[0141] Furthermore, it is also possible to use the Talairach
Distance to estimate the location of the subset of electrodes
that would be expected to provide the most useful information
regarding a particular pattern, determined as described above.
The coordinates of the N regions in the target network activity
pattern are marked by Ti(x,y,z), i=1, .. ., N, and the coordi-
nates of the M regions in the observed network activity pat-
tern are marked by Oj(x,y,z), =1, ..., M.

[0142] For each Oj(x,y.z), j=1, . . ., M, the distance is
computed to the nearest Ti(x,y,z), i=1, . . ., N, and mark it by
Dj.
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[0143] The Talairach Distance is then computed by Eq. 1:
M
2.0
="
M
[0144] Based onapplication of spatio-temporal pattern rec-

ognition methods to the EEG electrodes data as described
herein, or any other method, one can find a reduced set of
electrodes that are sufficient for separating between different
normal or abnormal responses to a specific set of stimuli. The
electrodes can be directed in the optimal way for the specific
task being performed by the subject.

Optionally and preferably, the above localization may be
adjusted according to a weighting parameter. This weighting
parameter determines the extent to which preference is given
to activity near the electrode. Such preference may optionally
be made due the possibility that activity in two or more
neighboring areas, may actually be occurring underneath the
external tissue. If the parameter is given a weight of zero, then
the resultant localization is identical to that obtained through
LORETA.

[0145] FIG. 16 shows the localized activity of region BA20
right (5-8 Hz) for two subjects after face stimulus. Times of
one network activity are marked with arrow as well as thresh-
old of significance (85%) for each subject. The region crosses
the threshold 9/9 which is statistically significant. FIG. 17
shows regions of network found significant in 9 subjects at
~N170 timing following face stimulus. The same network did
not occur at all after the chair stimulus (ie viewing a chair,
which is an inanimate object, as opposed to a face).

[0146] The above processes support analysis by single tri-
als. For such an analysis to be performed, first a plurality of
single trials is performed on different individuals, preferably
a large number of such individuals (for example and without
limitation, hundreds, thousands and so forth), rather than
performing multiple trials on a single individual (and then
repeating for a plurality of individuals). Statistical strength is
obtained by performing single trials with multiple individu-
als, as each such trialis therefore not related to any other trial;
also, it is not necessary to compare two groups in order to
obtain statistical strength, even though the Z-score is much
lower in single trials because of a greater amount of noise.
Single trials also provide additional detection sensitivity as
averaging may result in loss of the actual signal, as the brain
activity or activities may not be identical between trials in a
single person. Therefore, single trials may also provide more
data than multiple trials performed on a single subject.
[0147] Once a pattern has been determined by performing
such single trials on multiple individuals, it is possible to
analyze a single trial from a single individual according to the
pattern of signals obtained from multiple electrodes with
specific timing, which is then compared to the previously
obtained pattern.

[0148] Although the invention has been described in con-
Junction with specific embodiments thereof, it is evident that
many alternatives, modifications and variations will be appar-
ent to those skilled in the art. Accordingly, it is intended to
embrace all such alternatives, modifications and variations
that fall within the spirit and broad scope of the appended
claims. All publications, patents and patent applications men-
tioned in this specification are herein incorporated in their
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entirety by reference into the specification, to the same extent
as if each individual publication, patent or patent application
was specifically and individually indicated to be incorporated
herein by reference. In addition, citation or identification of
any reference in this application shall not be construed as an
admission that such reference is available as prior art to the
present invention.

[0149] While certain features of the present invention have
been illustrated and described herein, many modifications,
substitutions, changes, and equivalents may occur to those of
ordinary skill in the art. It is, therefore, to be understood that
the appended claims are intended to cover all such modifica-
tions and changes as fall within the true spirit of the present
invention.

1-31. (canceled)

32. A method of analyzing neurophysiological data, the
method comprising:

using a data processor for:

decomposing the data into a plurality of waveforms;

identifying within said waveforms three-dimensional data

patterns according to location, latency and amplitude of
said waveforms; and

determining brain activity patterns based on said data pat-

terns.

33. The method according to claim 32, further comprising
decomposing the data into a plurality of peaks.

34. The method according to claim 32, wherein the data are
decomposed to a plurality of overlapping sets of waveforms.

35. The method according to claim 32, further comprising
comparing said data patterns to a previously determined pat-
tern.

36. The method according to claim 32, further comprising
searching through a database of previously determined data
patterns and selecting from said database a pattern closest to
at least one of said identified data patterns.

37. The method according to claim 32, wherein said neu-
rophysiological data comprise data acquired from multiple
subjects for a particular behavioral process, and wherein said
brain activity patterns are associated with said behavioral
process.

38. The method according to claim 32, wherein said neu-
rophysiological data comprise data pertaining to a spontane-
ous brain activity.

39. The method according to claim 32, wherein said neu-
rophysiological data comprise data acquired before perform-
ing a task and data acquired during or after performing said
task.

40. The method according to claim 32, further comprising
clustering said waveforms according to at least one of said
location, said latency and said amplitude, to provide a plural-
ity of clusters.

41. The method according to claim 32, further comprising
determining a causality relation among data pattern compo-
nents, and utilizing said relation to determine an activity
network among said data patterns.

42. The method according to claim 41, further comprising
determining a brain network activity (BNA) correlation to
said activity network.

43. The method according to claim 42, wherein said deter-
mination of said BNA correlation comprises determining
synchronization, or lack thereof, between a plurality of areas
of the brain.
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44. The method according to claim 42, wherein said iden-
tifying said data patterns comprises identifying source local-
izations for said BNA.

45. The method according to claim 44, further comprising
comparing said data patterns to a previously determined pat-
tern and correcting said source localizations based on said
comparison.

46. The method according to claim 32, wherein said neu-
rophysiological data comprises EEG signals.

47. The method according to claim 32, wherein said
decomposing the data is effected by a wavelet transform.

48. A method of determining a brain activity pattern, the
method comprising performing the following steps on a data
processor:

() receiving electronic neurophysiological data;

(b) decomposing the data into a plurality of waveforms;

(¢) identifying within said waveforms a three-dimensional

data pattern according to location, latency and amplitude
of said waveforms; and

(d) displaying said three dimensional data pattern;

wherein said three dimensional data pattern is correlated

with a brain activity pattern.

49. The method according to claim 48, further comprising
decomposing the data into a plurality of peaks.

50. The method according to claim 48, wherein the data are
decomposed to a plurality of overlapping sets of waveforms.

51. The method according to claim 48, further comprising
comparing said data pattern to a previously determined pat-
tern.

52. The method according to claim 48, further comprising
searching through a database of previously determined data
patterns and selecting from said database a pattern closest to
said identified data pattern.

53. The method according to claim 48, wherein said neu-
rophysiological data comprise data acquired from multiple
subjects for a particular behavioral process, and wherein said
brain activity pattern is associated with said behavioral pro-
cess.

54. The method according to claim 48, wherein said neu-
rophysiological data comprise data pertaining to a spontane-
ous brain activity.
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55. The method according to claim 48, wherein said neu-
rophysiological data comprise data acquired before perform-
ing a task and data acquired during or after performing said
task.

56. The method according to claim 48, further comprising
clustering said waveforms according to at least one of said
location, said latency and said amplitude, to provide a plural-
ity of clusters.

57. The method according to claim 48, further comprising
identifying within said waveforms at least one additional
three-dimensional data pattern, determining a causality rela-
tion among data pattern components, and utilizing said rela-
tion to determine an activity network among said data pat-
terns.

58. The method according to claim 57, further comprising
determining a brain network activity (BNA) correlation to
said activity network.

59. The method according to claim 58, wherein said deter-
mination of said BNA correlation comprises determining
synchronization, or lack thereof, between a plurality of areas
of the brain.

60. The method according to claim 58, wherein said iden-
tifying said data patterns comprises identifying source local-
izations for said BNA.

61. The method according to claim 60, further comprising
comparing said data patterns to a previously determined pat-
tern and correcting said source localizations based on said
comparison.

62. The method according to claim 48, wherein said neu-
rophysiological data comprises EEG signals.

63. The method according to claim 48, wherein said
decomposing the data is effected by a wavelet transform.

64. A method of determining a brain activity pattern, the
method comprising performing the following operations ona
data processor:

receiving electronic neurophysiological data;

decomposing the data into a plurality of waveforms;

identifying within said waveforms a three-dimensional
data pattern according to latency, amplitude and fre-
quency of said waveforms;

determining brain activity patterns based on said data pat-

terns; and

displaying said activity patterns.
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