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(57) ABSTRACT

Exemplary method, computer-readable medium and system
can be provided for generating at least one information asso-
ciated with at least one signal and/or data received from at
least one structure. For example, it is possible to determine at
least one basis based on a combination of a plurality of por-
tions of the signal(s) and/or the data. It is also possible to
generate the information(s) as a function of the basis.
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APPARATUS, METHOD, AND
COMPUTER-ACCESSIBLE MEDIUM FOR
TRANSFORM ANALYSIS OF BIOMEDICAL
DATA

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims priority from U.S. Patent
Application Ser. No. 61/479,168 filed Apr. 26, 2011, the
entire disclosure of which is hereby incorporated herein by
reference

FIELD OF THE DISCLOSURE

[0002] The present disclosure relates generally to the
analysis of biomedical data, and more specifically, relates to
exemplary embodiments of apparatus, method, and com-
puter-readable medium for performing an ensemble trans-
form analysis of biomedical signals.

BACKGROUND INFORMATION

[0003] Representation of independent biophysical sources
using Fourier analysis can be inefficient because the basis is
typically sinusoidal and general. When complex fractionated
atrial electrograms (CFAE) are acquired during atrial fibril-
lation (AF), the electrogram morphology typically can
depend on a mix of distinct non-sinusoidal generators.

[0004] Transforms that use a general basis, like Fourier
analysis, can be inefficient for representation of independent
biophysical sources, or drivers, unless these happen to be
generated by sinusoidal functions. In contrast, transforms that
use data-driven bases can be efficacious for distinguishing
uncorrelated signal components generated by independent
drivers, if the morphology is reproduced in the basis. For
example, the Fukunaga-Koontz transform can be useful to
discern two independent sources in cardiac electrogram data
by separating correlated versus uncorrelated components of
the variance (e.g., second central moment). (See, e.g., Refer-
ence [1]). Development of a data-driven basis and transform
that can utilize the ensemble average (e.g., first central
moment) may be desirable to detect the actual signal morpho-
logic components originating from distinct sources. This can
be useful, for example, in the analysis of complex fraction-
ated atrial electrograms (CFAE), (see, e.g., Reference [2]),
which are likely formed by multiple independent generators
(e.g., focal areas of high frequency and/or reentrant circuits).
(See, e.g., References [3-6]). It is also possible that the
ensemble averaging can be done by correlating portions of
signals rather than by combining portions of signals by aver-
aging, weighted averaging, or some other statistical function.

[0005] Currently, CFAE can be quantified using the domi-
nant frequency (DF), which can be defined as the largest
spectral component over the physiologic range of electrical
activation rate (e.g., ~2-10 Hz). (See, e.g., Reference [7]). A
calculation of the DF of CFAE using ensemble averaging has
typically been done (see, e.g., References [17, 18]). The
dominant frequency is typically calculated by bandpass fil-
tering the CFAE, rectification, and low pass filtering of the
result, followed by Fourier power spectral analysis. (See, e.g.,
References [8-9]). However, the filtering process can distort
important signal components and the method is typically not
robust to phase noise. (See, e.g., References [10-13]). More-
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over, signal morphologic components arising from each gen-
erator are typically not readily apparent in the sinusoidal
basis.

[0006] Accordingly, the identification of these generators
using efficient methods of representation and comparison
may be useful for targeting catheter ablation sites to prevent
arrhythmia reinduction. For example, a development of an
improved estimate of independent generator frequency and
morphologic characteristics may potentially be useful, for
example, to target abnormal atrial tissue for catheter ablation
(see, e.g., Reference [14]), particularly for persistent AF
cases. (See, e.g., References [15, 16]).

[0007] Further, certain exemplary embodiments of the
present disclosure can be adapted to quantitatively estimate
the dominant period (DP, =1/DF) of small intestinal motility
from videocapsule image series (see, e.g., Reference [8A]).
Celiac disease is typically an autoimmune disease which can
manifest as villous atrophy in the small intestinal lining or
mucosa (see, e.g., Reference [9A, 10A]). The result can be
fissuring of the mucosal surface, as well as a scalloped
appearance of the small intestinal mucosal folds, both of
which result in an abnormality that is often observable by eye
in the acquired videocapsule images. Upon quantitative
analysis, it can be shown that the DP of a sequential series of
videocapsule images can be significantly longer in celiac
disease as compared to control patients, possibly indicating
decreased small intestinal motility (see, e.g., Reference
[8A]). Furthermore, the relationship between DP and small
intestinal transit time can be approximately linear for both
celiacs and controls (see, e.g., Reference [8A]). Thus, fre-
quency analysis using videocapsule image frames can be
potentially useful for clinical diagnostics.

[0008] Accordingly, there can be a need to address and/or
overcome at least some of the above described deficiencies
and issues.

SUMMARY OF EXEMPLARY EMBODIMENTS

[0009] These and other deficiencies can be addressed with
the exemplary embodiments of the present disclosure.
[0010] For example, according to certain exemplary
embodiments of the present disclosure, apparatus, methods,
and computer-readable medium can be provided for analyz-
ing biomedical data using a new transform which does not
distort analyzed signals and can be robust to phase noise, for
calculation of the DF, and identification of independent gen-
erator frequency and morphology in CFAE. Exemplary deri-
vations of the exemplary transform procedure according to
certain exemplary embodiments of the present disclosure can
also be implemented. Exemplary embodiments of the present
disclosure can also provide comparisons of the exemplary
transform to Fourier analysis to measure the DF of CFAE, and
the robustness of each method of DF measurement when
random noiseis added to the signal. Additionally, the frequen-
cies of simulated drivers embedded in CFAE in the presence
of phase noise and interference can be detected with each
exemplary procedure. Further, correspondence(s) can be
shown between basis vectors of highest power derived from
the new transform, versus actual CFAE morphology and syn-
thesized drivers.

[0011] According to further exemplary embodiments of the
present disclosure, apparatus, method, and computer-read-
able medium can be provided for an evaluation of CFAE
signals. For example, the ensemble average of signal seg-
ments can be used to construct a data-driven basis, and it can
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be shown to have significant advantages over Fourier analysis
for correct prediction of the DF of independent drivers in
presence of phase noise and interference, as well as for rep-
resentation of CFAE signals in general, and the distinctive
morphologic components associated with each independent
synthetic driver that can be tested. The exemplary transform
can have possible applications for targeting drivers of atrial
fibrillation during clinical catheter ablation to prevent rein-
duction of the arrhythmia, as well as for improved under-
standing of the mechanisms by which paroxysmal and per-
sistent AF can be initiated and maintained.

[0012] According to additional exemplary embodiments of
the present disclosure, synthetic image sequences can be gen-
erated with spatiotemporal phase noise, random noise, and air
bubbles imposed, to validate the measurement of the DP in
videocapsule image series. Instead of using average image
brightness level for spectral analysis, the image frames can be
analyzed pixel-by-pixel, which can increase robustness to
presence of extraneous features and noise. Because of the
smoothing effect of analyzing the spectra from many pixels
and taking the mean, the repetition rate of a synthesized
sequence of images can be detectable even at high noise level.
[0013] According to yet further exemplary embodiments of
the present disclosure, apparatus, methods, and computer
readable medium can be provided for a robust spectral analy-
sis of videocapsule images of celiac diseases. For example,
videocapsule endoscopy can be useful to detect mechanical
rhythms of the small intestinal lumen via the dominant period
(DP) spectral calculation. However, noise and air bubbles
obscure image features and can mask rhythms. Fourier versus
ensemble averaging spectral analysis can be used to detect
simulated periodicity in small intestinal images. According to
certain exemplary embodiments, for example, ten-to-twenty
sequential image frames sampled at, for example, 2 frames/
second can be extracted from each of 10 videoclips obtained
from 10 celiac disease patients (e.g., 576x576 pixel resolu-
tion). These frames can be repeated to create a synthesized
sequence about 200 frames in length, typical for quantitative
analysis of videoclips. Random noise, spatiotemporal phase
shift, and imposition of air bubble frames can be used for
sequence degradation. Power spectra can be then computed
pixel-by-pixel from the brightness levels over 200 image
frames.

[0014] The tallest peak in the mean power spectrum calcu-
lated from the 576x576 pixel-level spectra can be taken as the
DP. The absolute difference between the actual DP based on
repetition of the frames sequence, versus the estimated value
from spectral analysis, can be tabulated, as can the speed of
computation for Fourier versus ensemble averaging methods.
For the additive noise levels, e.g., the mean absolute differ-
ence between estimated versus actual DP can be, for example,
0.0547+0.0688 Hz for Fourier versus 0.0031+0.0127 Hz for
ensemble (e.g., p<0.001 in mean and standard deviation). The
mean time for computing 331,776 pixel spectra per videoclip
can be, for example, 12.31+0.01 s for Fourier versus 4.86=0.
01 s for ensemble (p<0.001). Ensemble spectral analysis
according to certain exemplary embodiments of the present
disclosure can be robust to additive noise and spatiotemporal
jitter, and useful for rapid DP calculation in videocapsule
image series.

[0015] According to further exemplary embodiments of the
present disclosure, method, computer-readable medium and
system can be provided for generating at least one informa-
tion associated with at least one signal and/or data received
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from at least one structure. For example, it is possible to
determine at least one basis based on a combination of a
plurality of portions of the signal(s) and/or the data. It is also
possible to generate the information(s) as a function of the
basis.

[0016] Inoneexemplary embodiment, the combination can
include a summation, an average, a weighted average and/or
a statistical representation. The summation can include a
summation of a plurality of segments of the signal(s) or the
data. The generation of the information can include an appli-
cation of a transform relating the combination to at least one
frequency of the signal(s) so as to generate a power spectrum.
The signal(s) or the data can include a video-capsule image
associated with one of a celiac disease or a cardiac signal as
obtained during atrial fibrillation. The information can
include a dominant frequency, a dominant period, a mean,
and/or a standard deviation in a power spectral profile.
[0017] It is possible to qualify at least one characteristic
associated with the signal(s) or the data based on the trans-
form, a noise, an interference and/or an artifact in generating
a reconstruction of the signal(s) based on the transform. It is
also possible to increase a frequency resolution for a given
time period of the signal(s) or the data based on the transform.
Further, it is possible to cause a recognition of a source pattern
of the signal(s) or the data based on the transform. The signal
(s) or the data can be an image.

[0018] These and other objects, features and advantages of
the present disclosure will become apparent upon reading the
following detailed description of exemplary embodiments of
the present disclosure, when taken in conjunction with the
appended drawings and claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[0019] Further objects, features and advantages of the
present disclosure will become apparent from the following
detailed description taken in conjunction with the accompa-
nying Figures showing illustrative embodiments of the
present disclosure, in which:

[0020] FIGS. 1A-1D are graphs of exemplary power spec-
trum constructions according to certain exemplary embodi-
ments of the present disclosure;

[0021] FIGS. 2A-2D are graphs of exemplary synthetic
drivers used for an exemplary spectral analysis and recon-
struction according to certain exemplary embodiments of the
present disclosure;

[0022] FIGS.3A-3D are graphs of exemplary average spec-
tra for the exemplary simulated drivers according to certain
exemplary embodiments of the present invention;

[0023] FIGS. 4A-4D are graphs of exemplary normalized
inner product for 481 basis vectors with magnitude 0 at the
bottom right and magnitude 1 at top according to certain
exemplary embodiments of the present disclosure;

[0024] FIG. 5A is a graph of an exemplary Fourier spec-
trum;
[0025] FIG. 5B is a graph of an exemplary ensemble spec-

trum according to certain exemplary embodiments of the
present disclosure;

[0026] FIGS. 6A-6D are graphs of exemplary ensemble
basis vectors constructed from a synthesized signal according
to certain exemplary embodiments of the present disclosure;
[0027] FIG. 7A is a graph of exemplary CFAE from a
paroxysmal AF patient;

[0028] FIG. 7B is a graph of exemplary CFAE with random
noise;
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[0029] FIGS.7C and 7D are graphs of Fourier power spec-
trums for the signals shown in FIGS. 7A and 7B, respectively;
[0030] FIGS.7E and 7F are graphs of exemplary ensemble
power spectrums for the signals shown in FIGS. 7A and 7B,
respectively, according to certain exemplary embodiments of
the present disclosure;

[0031] FIGS. 5A and 8B are graphs showing exemplary
CFAE reconstructions with 1 and with 10 basis vectors using
Fourier analysis;

[0032] FIGS. 8C and 8D are graphs showing exemplary
CFAE reconstructions with 1 and with 10 basis vectors using
ensemble analysis according to certain exemplary embodi-
ments of the present disclosure;

[0033] FIGS.9A-9C are graphs showing exemplary statis-
tics of Fourier and ensemble average reconstruction error for
real CFAE signals;

[0034] FIG. 10A is a graph of an exemplary effect of a
transient on a CFAE signal;

[0035] FIG.10B isa graph of an exemplary CFAE from left
inferior pulmonary vein of a persistent AF patient;

[0036] FIG.10C is a graph of an exemplary Fourier power
spectrum of the signal shown in FIG. 10B;

[0037] FIG.10D is a graph of an exemplary ensemble aver-
age power spectrum of the signal shown in FIG. 10B accord-
ing to certain exemplary embodiments of the present disclo-
sure;

[0038] FIGS. 11A-11C are graphs of additional exemplary
Fourier versus ensemble averaging power spectra with the
transient added to CFAE signals;

[0039] FIGS. 12A-12F are exemplary videocapsule series
images;

[0040] FIGS. 13A-13F are exemplary videocapsule series
images;

[0041] FIGS. 14A-14D are graphs of exemplary Fourier
power spectra;

[0042] FIGS. 15A-15D are graphs of exemplary ensemble

power spectra according to certain exemplary embodiments
of the present disclosure;

[0043] FIGS. 16A-16D are graphs of exemplary Fourier
power spectra;
[0044] FIGS. 17A-17D are graphs of exemplary ensemble

power spectra according to certain exemplary embodiments
of the present disclosure;

[0045] FIG. 18 is an illustration of an exemplary block
diagram of an exemplary system in accordance with certain
exemplary embodiments of the present disclosure;

[0046] FIGS.19A-19D are exemplary graphs of frequency
spectra used for analysis for CFAE with two closely spaced
frequency components at the low end of range A;

[0047] FIGS.20A-20D are exemplary graphs of frequency
spectra used for analysis of CFAE with synthetic frequency
components spaced further apart than that of FIG. 19;
[0048] FIGS.21A-21F are exemplary graphs of atrial elec-
trograms used as patterns A and B to be detected in the set of
216 initial recording sequences;

[0049] FIGS. 22A-22D are exemplary graphs of transform
coefficients when two patterns A and B are embedded in
interference;

[0050] FIGS. 23A-23D are exemplary graphs of spectral
signatures of pattern A and B computed from the basis vectors
derived from the mean signal;

[0051] FIGS. 24A-24D are exemplary graphs of a Euclid-
ean distance between the power spectrum of the mean from
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216 recordings, and the spectral signatures of 214 individual
recordings with interference added; and

[0052] FIG. 25 is aflow chart illustrating a method in accor-
dance with an exemplary embodiment of the present applica-
tion.

[0053] Throughout the drawings, the same reference
numerals and characters, unless otherwise stated, are used to
denote like features, elements, components, or portions ofthe
illustrated embodiments. Moreover, while the present disclo-
sure will now be described in detail with reference to the
figures, it is done so in connection with the illustrative
embodiments and is not limited by the particular embodi-
ments illustrated in the figures.

DETAILED DESCRIPTION OF EXEMPLARY
EMBODIMENTS

Exemplary Methods

[0054] FIG. 25 shows a flow chart illustrating use of a
method in accordance with an exemplary embodiment of the
present application.

[0055] AsshowninFIG. 25, in procedure 2501, a signal can
be received. The signal may be (i) a CFAE signal, (ii) an
image received from a video capsule camera, (iii) a biomedi-
cal signal, and/or (iv) any form of data. In procedure 2502, a
combination of a plurality of portions of the signal can be
taken. The combination may be a summation, an average, a
weighted average, and/or any other statistical measurement.
In procedure 2503, data driven basis vectors can be deter-
mined from the combination of the plurality of portions of the
signal. In procedure 2504, information can be generated as a
function of, or based on, the basis vectors determined from
procedure 2503. Further, in procedure 2505, the information
generated can be analyzed and may be used in biomedical
procedures, although not limited thereto. Any of the exem-
plary procedures set forth above can be performed by the
exemplary system of FIG. 18 described herein.

Exemplary Transform Equations

[0056] The autocorrelation coefficient r,, at lag ¢ can be
given by the inner product of two mean-zero signal vectors,

eg.
r¢:1/N§0T Xy 1
where x0 and x,, can be of length N and can be given by, e.g.:

Xo=fx()x(k+1) . . x(k+N-1)]F (2a)
Sy = )le-g1) . . - gN-1) (2b)

and the vectors can be normalized a priori by scaling to unity
variance. Suppose that lag ¢ represents a segment of x0 that is
w sample points long. Exemplary Eq. (1) can then be rewrit-
ten as, e.2..

rWZI/nWEl\EW-T-QM-H i=ln 3)
[0057] wheres,, can be segments of signal x,, having length
W, e.8.

Sy= [FOwi+ D) x(wi2), . . x(wirw)]T (4a)

Syt =AO-GHDFD X+ 1D42), . x(w(E+1+w)] T (4b)

and the number of signal segments can be, e.g.:

n=int(N/w) (5
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Based on these exemplary equations, the autocorrelation
function for w can be described as a graph of the mean
autocorrelation between successive signal segment pairs swi,
swi+1 as given by exemplary Eq. (3), versus segment length
w. The segment length can be converted to a frequency, e.g.:

fesample rate/w (6)

which can reduce to 1/w when the sample rate is, for example,
1 kHz and the time units are milliseconds. The peak in the
autocorrelation function over, for example, a frequency range
fl to £2 (1/wl to 1/w2) that is physiologic for electrical
activation rate has been used to estimate the DF in atrial
electrograms. (See, ¢.g., References [19-21]).

[0058] A more robust alternative for adapting the autocor-
relation function to spectral analysis can use ensemble aver-
aging. (See, e.g., References [17, 18]). The ensemble average
vector e,, can be obtained by averaging the n successive mean
zero segments of signal x, each segment being, for example,
of length w, e.g.:

e, ~lmU,x (7a)

U,=[.I,...1,] (7b)

where [, can be wxw identity submatrices used to form the
signal segments that can be extracted from x and summed.
Thus, e.g.:

e, /nZs, . i=1n (8)

wheres, , canbe as given in exemplary Eq. (4a). The power in

Zwi

the ensemble average can be described by, e.g.:

P, = 1/wg£ e, (9a)

=1/nPwa’ U; Uyx (9b)

=1/ ”ZWZ Z éer—‘wj (9¢)

where exemplary Eq. (9b) and (9¢) can be formed by substi-
tuting exemplary Eq.’s (7) and (8) into exemplary Eq. (9a),
and 1 and j can be segment numbers from 1 to n. Exemplary
Eq. (9¢) can be similar to exemplary Eq. (3), except that
instead of computing the autocorrelation between successive
signal segment pairs s, ,, s,,,,; only (lag w), it can be com-
puted between signal segments s,,;, 8,,.. P,, can be therefore
equivalent to computing the mean autocorrelation coefficient
from n points in the autocorrelation function separated by lag
w, e.g., to averaging the autocorrelation coefficients at lags w,
2w, 3w, nw. However, to generate P, in this way rather than
by using exemplary Eq. (9¢) would typically require a
sequence length 2N to convolve the signal with itselfalong its
entire length, halving the time resolution and doubling the
sequence length generally needed for analysis.

[0059] To generate an ensemble power spectrum, the root
mean square (RMS) power has been used (see, e.g., Refer-
ences [17, 18]), e.g.:

Propas™V(P,) (10)

where sqrt can be the square root function and the units can be
millivolts. The power spectrum can be displayed by plotting
sqrt(n) Py, versus frequency fas computed from exemplary
Eq. (6). The sqrt(n) term can level the spectral baseline, which
would otherwise decrease by 1/sqrt(n), the amount of noise
falloff per number of summations n used for ensemble aver-
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aging. From exemplary Eq.’s 5, 9¢, and 10, the displayed
RMS power can be written as, e.g.:

VP, gassiovi VNZ 2 s, Ts 11
VRMS]=v[

i wi Swy

[0060] An example of ensemble average power spectrum
construction is shown, for example, in graphs of FIGS.
1A-1D. A typical CFAE from the left inferior pulmonary vein
ostia during longstanding persistent AF is shown in panel A.
The summing of the first four segments of width w=130 is
shown in panel B, represented as 1002, 1010, 1008, and 1006,
respectively. Some corresponding features between the
CFAE trace in panel A and the first segment in panel B are
noted (labeled #, %, &). The segmented traces often have
peaks at similar locations (panel B). The ensemble average
for the segments of width w=130 is shown as a dashed trace
1004 (panel B). It has similarities to segments 1-4 shown, and
to many other CFAE segments having width w=130 (from Eq.
(5),1nt(8192/130)=63 segments in total). For perspective, the
x-axis scale can be marked in intervals of 130 (panel A) with
each scale mark representing the start of a new segment
number. In panel C, segments with width w=165 sample
points are shown. The peaks may not be well-aligned, and the
ensemble average, again shown as a dashed blue line, is of a
lower amplitude than in panel B. Thus segments with width
w=165 may not be well correlated.

[0061] The ensemble average calculation can be repeated
for all segments w in the frequency range of interest, as given
by exemplary Eq. (6) with a sampling rate of 977 Hz. The
RMS power in the ensemble average was then plotted using
exemplary Eq. (11) (F1IG. 1D). The DF occurs, for example, at
7.52 Hz, corresponding to w=130 sample points (panel B). In
contrast, the noise floor marked at ‘NF’, with £=5.92 Hz,
occurs, for example, at w=165 sample points (panel C). The
ensemble averaging spectrum thus can display correlated
components as higher power, and can have more detail at the
lower spectral range due to the w=1/f relationship (exemplary
Eq. (6)). In addition, DF subharmonics can be pronounced.
[0062] The relation between the ensemble power spectrum
and the Fourier power spectrum can be described as follows.
Based upon the Wiener-Khinchin theorem, the Fourier trans-
form of the autocorrelation function of a signal can be the
power spectrum of that signal, e.g.:

S(f)= )" raig)e ¥H%dg (122)
4
= 1/mwy" xbx e (12b)
¢
=N DY (sl s ) (12¢)

where S can be the power spectral density, d$ can be the phase
lag w, 1 can be the segment number, and substitution using
exemplary Eq.”s (1) and (3) can be utilized to form exemplary
Eq.’s (12b) and (12c¢). The Fourier power spectral density
calculation can decompose the autocorrelation function into
its native sinusoids. Therefore, in contrast to autocorrelation
spectral analysis Eq. (3), both ensemble and Fourier spectral
analyses can account for periodicity at lags—ensemble by
averaging Eq. (9¢) and Fourier by fitting sinusoids Eq. (12¢).
[0063] The ensemble average of segments having length w
canbe a representation of correlated signal components at the
corresponding frequency (e.g., =sample rate/w), and can be
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potentially useful for signal reconstruction. From exemplary
Eq.’s (7b) and (9b), an ensemble average transformation
matrix can be described as, e.g.:

T,,= UL, (132)
IW [W IW
L b, ... I,

= (13b)
L, 1, 1,

Signal x can then be decomposed using the linear transfor-
mation, e.g.:

a,~1nTx 14)

where a,, can be basis vectors, n can be as given in exemplary
Eq. (5), and a,, and w are Nx1 in dimension. Column-wise,
each identity submatrix in exemplary Eq. (13b) can serve to
extract and sum one segment of w sample points in x (e.g.,
exemplary Eq. (14)), with the sum total being projected, for
example onto the canonical basis. Row-wise the identity
matrices can serve to repeat the ensemble average of length w
over a total length N during construction of a,,. Thus, the
transformation matrix of exemplary Eq. (13) can act to
decompose signals into periodic ensemble averages. Using
the resulting basis vectors, signal x can be projected into
ensemble space, e.g.:

iha,~1mwa" I, x=P, (15)

where the middle and RHS in exemplary Eq. (15) can be
obtained by substitution and rearrangement using, for
example, exemplary Eq.”s (9), (13) and (14). Exemplary Eq.
(15) states, for example, that if each signal segment of length
w is correlated with the ensemble average at w (LHS), the
resulting correlation coefficient equals the ensemble average
power (RHS).

[0064] In the case when N=n-w above, the transformation
matrix T,, (e.g., exemplary Eq. (13b)) is preferably padded by
N-(n'w) rows and columns, for example, by adding 0’s as
elements at the matrix’s right edge, and adding clipped iden-
tity matrices as elements at bottom edge so the overall dimen-
sion is NxN. T,, can be singular for all w, since two or more
rows and two or more columns are typically identical, e.g., it
typically has no inverse. Thus, it is generally not possible to
transform any particular basis vector a,, back to x, as can be
intuitively obvious—an ensemble average, for example, can-
not be transformed back into its original signal. Suppose now
that multiple transformation equations i=1, y are summed, for
example, e.g.:

Gy tota, =1/mTa-x+.. + /Ty x (16a)
= {Z (l/nsTW;)] x (16b)
[0065] This can be rewritten, e.g.:
2a, =Tz (172)
T =2(1/n,1,;) (17b)

where v can be the estimate of x and 77 can be the total
transform matrix. Any two basis vectors a, and a; i=j, used for
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construction of v, will typically be orthogonal since they can
be formed from vectors in Ti versus Tj that can be orthogonal,
except when 1/j is reducible to a small integer ratio. An
example of a total transform matrix constructed from Ti and
Tj, with dimension N=6, can be, for example:

= 1/3T;+1/27; (18)

83 0 33 5 33 0

0 8 0 33 .5 .33
330 8 0 33 .5
15 3 0 8 0 .33

33 5 33 0 83 0
0 33 5 33 0 .83

The magnitudes are typically greatest along the main diago-
nal and equal 21/n,, where n can be given by exemplary Eq.
(5). This matrix is typically not invertible (e.g., Matlab ver.
7.7, R2008b). In general, as with the individual transform
matrices, the total transform matrix will typically not be
invertible.

[0066] Consider how T acts to transform signal x. Let a
subset y of highest basis vectors, when ranked in descending
order of power, be formed from T (see, e.g., exemplary Eq.
(17)). Inthis case T can transfer the most correlated periodic
components of the signal to form estimate v. The relative
amplitude relationships of these correlated components, each
extracted by a different 1 embedded in 7, can be main-
tained by scale factor 1/n; during transformation (see, e.g.,
exemplary Eq. (16)). However, as each correlated component
is typically independent (e.g., no harmonic relationships),
their combination can cause the ‘noise’ power in v to increase
by vy. To maintain the same power for best match with x, the
estimate can, for example, either be scaled by 1#y, or alter-
natively, v and x can be scaled to the same power. Any unique
signal structure that is not periodic can also be transformed by
T, but it is typically via the main diagonal, for example, and
not the off-diagonal elements (e.g., which sum and reinforce
correlated content only). As y is increased, the magnitude of
the main diagonal elements can increase so that T can act in
part as an NxN identity matrix I, to directly transfer the
unique uncorrelated detail during formation of v. So long as ai
and aj are approximately orthogonal, the unique detail, as
well as correlated components, can maintain their correct
amplitude relationships in v, since they can be added in tan-
dem and scaled by 1/n,.

Bxemplary Atrial Electrogram Clinical Data

[0067] Exemplary clinical data was collected implement-
ing/utilizing certain exemplary embodiments of the present
disclosure. For example, atrial electrograms can be recorded
in a series of 20 patients, 10 with paroxysmal and 10 with
longstanding persistent type, referred to the Columbia Uni-
versity Medical Center cardiac electrophysiology (EP) labo-
ratory for catheter ablation. Two bipolar recordings of at least
10-second duration can be obtained from six anatomical
regions: the ostia of the left superior and inferior pulmonary
veins (LSPV, LIPV), the ostia of the right superior and infe-
rior pulmonary veins (RSPV, RIPV), and the anterior and
posterior left atrial free wall (ANT, POS). The recordings can
be obtained from these regions via the distal bipolar catheter
ablation electrode during sustained AF prior to any ablation.
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Using standard settings, the signals can be filtered in hard-
ware at acquisition to remove baseline drift and high fre-
quency noise (first order filter pass band: 30-500 Hz). In each
patient, for example, a CFAE sequence 8192 sample points
long (e.g., ~0.8 seconds) as determined visually by two clini-
cal electrophysiologists can be retrospectively selected for
analysis from two sites at each of the six locations. CFAE can
be defined, for example, as atrial electrograms with three or
more deflections on both sides of the isoelectric line, or con-
tinuous electrical activity with no well-defined isoelectric
line (see, e.g., Reference [2]). In all, for example, 216 of 240
recordings met these criteria, as determined by two cardiac
electrophysiologists, and can be used for the exemplary fur-
ther analysis. For example, no ventricular component, corre-
sponding to the QRS deflection of the electrocardiogram, was
visually evident in the CFAE. In these bipolar recordings it is
typically uncommon for QRS artifact to be evident in CFAE
obtained from the pulmonary veins and free wall. The signals
were sampled, for example, at 0.98 kHz, and stored in both
raw form, and after normalization to mean zero and unity
variance.

Exemplary Tests of Fourier Versus Exemplary Ensemble
Procedures

[0068] The following exemplary tests can illustrate the effi-
cacy of the new exemplary transform versus Fourier analysis
for representation of frequency and morphologic components
of, for example, CFAE. The Fourier DF method can be opti-
mized, for example, when CFAE recordings are bipolar and
approximately 8 s in length (see, e.g., References [11,
22-23]). Accordingly, these can be used in the exemplary
tests. The 8 s sequences were readily available from retro-
spective data, since, for example, during electroanatomic
mapping, recordings with short sequence length are com-
monly acquired from each site to minimize the procedure
time.

Exemplary Orthogonality of the Ensemble Basis

[0069] The inner product of ensemble basis vectors can be
determined (e.g., using a computer arrangement) as, e.g.:

_, T
dpij’ﬂwi A,y 19

for all pairs i, j from w=500 to w=20 (f=2-50 Hz) for one
paroxysmal and one persistent CFAE signal. The dp’s can be
graphediversus j. The ensemble basis can be considered to be
orthogonal if dp=1.0, i5j, and dp=0, 1], except for small
integer relationships in i/j. For comparison, dp can also be
calculated with the Fourier basis using the same paroxysmal
CFAE signal.

Exemplary Spectral Analysis of Synthetic Drivers with Phase
Noise and Interference

[0070] A number of, e.g., three simulated independent driv-
ers with unrelated fundamental, or dominant frequencies
(DF), can be constructed, for example, from distinct CFAE
deflections extracted from a single recording in one paroxys-
mal AF patient. The sequence lengths can be, for example,
229 ms, 177 ms, and 123 ms to simulate independent drivers
D1, D2, and D3 with DF of 4.37 Hz, 5.65 Hz, and 8.13 Hz,
respectively. The simulated independent generator frequen-
cies were within the typical range of DFs that are observed in
CFAE. (See, e.g., References [2,4,7]). These can be normal-
ized to mean zero and repeated to, for example, 8192 sample
points. As shown in FIG. 2, D1 can include primarily down-
ward deflections, D2 can include upward deflections, and D3
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can be biphasic. Their combination is shown, for example, in
FIG. 2D. The ensemble average spectra for these simulated
drivers and for their sum is shown, for example, in corre-
sponding panels of FIG. 3, with DFs marked by asterisks. The
harmonics of each simulated generator may not overlap. Tt is
also possible that averaging segments of the ensemble aver-
age can be used to remove harmonic interaction and reduce
spectral cross terms.

[0071] Phase noise can then be added by randomly and
independently shifting the timing of each driver pulse (each
229, 177, or 123 ms interval) using a mean zero random
number generator with standard deviation of +16 ms. Inter-
ference can be added by summing the resulting synthetic
signal D1+D2+D3 with one 0216 scaled CFAE signals (e.g,,
the CFAE signals themselves acted as interference for mea-
surement of the synthetic driver characteristics). The follow-
ing combinations of gains for the phase noise random vector
(p) and interference (i) can be used for assessment, for
example: (p=1x, i=1x), (p=0.5x. i=2x), (p=0.3x, i=3x), and
(p=0x%, i=x1x. .. 210x). Fourier and ensemble power spectra
can be constructed in the range 2-10 Hz from the resulting
signals. The spectral peaks can be ranked by amplitude, and
the sum of ranks for peaks having frequencies of 4.26 Hz,
5.52 Hz, and 7.94 Hz, with a tolerance of +0.2 Hz, can be
tabulated. The best (e.g., minimum) sum of ranks is, for
example, 6 which can occur when the driver frequencies at
4.26 Hz, 5.52 Hz, and 7.94 Hz are ranked, for example, 1%,
2"?, and 3" in amplitude, in certain combination, among all
spectral peaks.

Exemplary Identification of Synthetic Driver Morphology

[0072] As the exemplary ensemble procedure, but aside
from the Fourier transform, typically has a data-driven basis,
only ensemble was used in this exemplary test. The synthetic
drivers with additive phase noise and interference described
in exemplary Test 2 can be corrupted using two noise gain
sets, for example: p=0.3x, i=3x, and p=0x, i=5x, where the
interferences 1 can include the 216 CFAE signals (e.g., 216
comparisons for each of the two noise gain sets). The mean
squared error difference between each original synthetic
driver without noise (FIG. 2), versus the corresponding
ensemble basis vector of the corrupted signal at 123 ms, 177
ms, and 229 ms, the periods of the drivers, when both were
normalized to unity power, can be tabulated in mV*ms.
Exemplary Degradation of DF in CFAE with Additive Ran-
dom Noise

[0073] This exemplary test can be used to determined the
efficacy of each transform to detect the DF of CFAE in pres-
ence of random noise (no added synthetic drivers). For each
of 20 selected CFAE with a prominent DF (sharp peak and
low noise floor), random white noise can be added, for
example, with a standard deviation of 0.16 mV, approxi-
mately half that of the raw CFAE signals. The DF of the
resulting CFAE signal with additive random noise can be
determined. The absolute difference in DF before versus after
random noise addition can be tabulated. This exemplary pro-
cedure can be repeated, for example, for 10 different addi-
tions of random noise. The mean and standard deviation in the
absolute difference in DF before versus after addition of
random noise can be calculated for ensemble versus Fourier
spectral analysis. The entire process can be repeated for ran-
dom white noise with a standard deviation of 0.32 mV,
approximately equal to the standard deviation of the raw
CFAE signals.
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Exemplary CFAE Reconstruction

[0074] The exemplary 216 CFAE recordings (e.g., no
added synthetic drivers) can be each decomposed and then
reconstructed using 1-12 Fourier or ensemble basis vectors.
The mean squared error difference between each CFAE and
its reconstruction from the ordered bases can be determined.
The reconstructions used can be, for example, e.g.:

Yy =4y, Yy (19)
= iy + 4y
Vip =8y Tyt Ly,

wherea,,, toa,,,, canbe, for example, the top 12 basis vectors
in descending order of power. The average error can be deter-
mined for Fourier versus ensemble reconstruction.

Exemplary Single Driver Test

[0075] TheCFAE signals can be then altered or modified by
adding a low-power transient component at, for example, 200
sample point intervals (e.g., 977 samples per second/200
samples ~5 Hz). The transient itself can include a 42 sample
point long biphasic component extracted from a CFAE
acquired from the LSPV ostia during persistent AF. This
transient can have properties of mean=0.13 mV, standard
deviation=0.54 mV, and peak-peak values of ~+1 mV. CFAEs
after addition of the low-power transient can be analyzed
using ensemble and Fourier spectral analysis to determine
whether the component can be readily identified. Identifica-
tion can be defined to be presence of a distinct power spectral
peak, with the base of the peak reaching the surrounding noise
floor.

[0076] For the exemplary tests described above, the
ensemble averaging power spectrum was generated as
described by exemplary Eq.’s 9-11 and the accompanying
text. Exemplary Fortran code used for ensemble spectra cal-
culation is provided in the Appendix and it can be written, for
example, to approximately halve the computation time by
calculating:

e n(l:w/2)=e, (1:w/2)+e, (w/2+1:w) (21

[0077] The Fourier power spectrum can be computed/de-
termined (e.g., with the computer arrangement) using MAT-
LAB (e.g., ver. 5.1, 1997, Mathworks) by applying, for
example, a Hanning window to the exemplary 8192 discrete
point signal. Note that to prevent signal distortion, the tradi-
tional Fourier preprocessing method of bandpass filtering,
rectification and low pass filtering may not be used (see
Background). A fast Fourier transform (FFT) can be then
computed from the windowed signal and the power spectrum
can be graphed. The t-test and f-test can be used for statistical
comparison of means and variances, with significance con-
sidered to be, for example, p<0.05 (SigmaPlot ver. 9.0, Systat
Software, 2004, and MedCalc ver. 9.5, MedCalc Statistical
Software 2008).

Exemplary  Improved  Frequency Resolution for
Characterization of CFAE
[0078] Atrial electrograms were recorded in a series of 20

patients referred to the Columbia University Medical Center
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cardiac electrophysiology (EP) laboratory for catheter abla-
tion of AF. Ten patients had documented clinical paroxysmal
AF, and all 10 had normal sinus rhythm as their baseline
rhythm in the EP laboratory. AF was induced by burst atrial
pacing from the coronary sinus or right atrial lateral wall, and
persisted for at least 10 minutes for those signals included in
the retrospective analysis of this study. Ten other patients had
longstanding persistent AF, and had been in AF without intet-
ruption for 1-3 years prior to the catheter mapping and abla-
tion procedure. The surface electro gram signals were
acquired in analog form using the GE CardioLab system (GE
Healthcare, Waukesha, Wis.) and filtered from 30-500 Hz
with a single-pole band pass filter to remove baseline drift and
high frequency noise. The filtered signals were digitally
sampled by the system at 0.977 KHz and stored. Although the
band pass high end was slightly above the Nyquist frequency,
negligible signal energy is expected to reside in this frequency
range.

[0079] Only signals identified as CFAEs by two cardiac
electro physiologists were included in the retrospective
analysis. Candidate CFAE recordings of at least 10 seconds in
duration were obtained from two sites outside the ostia of
each of the four pulmonary veins (PV). Similar recordings
were obtained at two sites on the endocardial surface of the
left atrial free wall, one in the mid-posterior wall, and another
on the anterior ridge at the base of the left atrial appendage.
From each of these recordings, 8.4-second sequences (8192
sample points) were analyzed. A total of 240 such sequences
were acquired during electrophysiologic analysis—120 from
paroxysmal and 120 from longstanding AF patients. Subse-
quently, only 216 of the recordings were determined to be
CFAE, and only these were used for subsequent analysis. As
in previous studies, all CFAE signals were normalized to
mean zero and unity variance prior to further processing.

Exemplary Identification of Recurring Patterns in
Fractionated Atrial Electrograms

[0080] Exemplary electrograms were recorded in a series
of twenty patients referred to the Columbia University Medi-
cal Center cardiac electrophysiology (EP) laboratory for
catheter ablation of AF. Ten patients had documented clinical
paroxysmal (acute) AF, with a normal sinus rhythm as their
baseline rhythm in the electrophysiology laboratory. Atrial
fibrillation was induced by burst pacing from the coronary
sinus or the lateral right atrial wall, and the arrhythmia per-
sisted for at least 10 minutes for those signals to be included
in the retrospective analysis. Ten other patients had persistent
(longstanding) AF, and had been in AF without interruption
for 1-6 years prior to the catheter mapping a. Only digitized
signals identified as CFAE by two cardiac electrophysiolo-
gists were included in the retrospective analysis. The CFAE
recordings were obtained from two sites outside the ostia of
each of the four PVs. Similar recordings were obtained at two
sites on the endocardial surface of the left atrial free wall, one
in the mid-posterior wall, and another on the anterior ridge at
the base of the left atrial appendage. From each of these
recordings, 8.4-second sequences (8192 sample points) were
extracted and analyzed. A total of 240 such sequences were
acquired—120 from paroxysmal and 120 from longstanding
AF patients. Subsequently, only 216 of the recordings were
confirmed as CFAE, and only these were used for subsequent
analysis. All CFAE signals were normalized to mean zero and
unity variance prior to further processing and ablation proce-
dure. Bipolar electrograms of at least 10 seconds in duration,
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recorded from the distal ablation electrode during arrhyth-
mia, were bandpass filtered by the system at acquisition to
remove baseline drift and high frequency noise (30-500 Hz),
sampled at 977 Hz, and stored. Although the bandpass high
corner was slightly greater than the Nyquist frequency, neg-
ligible signal energy resides in the region.

[0081] Only digitized signals identified as CFAE by two
cardiac electrophysiologists were included in the retrospec-
tive analysis. The CFAE recordings were obtained from two
sites outside the ostia of each of the four PVs. Similar record-
ings were obtained at two sites on the endocardial surface of
the left atrial free wall, one in the mid-posterior wall, and
another on the anterior ridge at the base of the left atrial
appendage. From each of these recordings, 8.4-second
sequences (8192 sample points) were extracted and analyzed.
A total of 240 such sequences were acquired—120 from
paroxysmal and 120 from longstanding AF patients. Subse-
quently, only 216 of the recordings were confirmed as CFAE,
and only these were used for subsequent analysis. All CFAE
signals were normalized to mean zero and unity variance
prior to further processing.

Exemplary Spectral Profiles of Complex Fractionated Atrial
Electrograms

[0082] Atrial electrograms were recorded in a series of 20
patients referred to the Columbia University Medical Center
cardiac electrophysiology (EP) laboratory for catheter abla-
tion of AF. Ten patients had documented clinical paroxysmal
AF, and all 10 had normal sinus rhythm as their baseline
cardiac thythm in the cardiac electrophysiology laboratory.
AF was induced acutely by burst atrial pacing from the coro-
nary sinus or right atrial lateral wall, and allowed to persist for
at least 10 minutes prior to data collection. Patients in whom
only short runs of AF were inducible were excluded from this
study. Ten other patients had longstanding persistent AF, and
had been in AF without interruption for 6 months to 6 years
prior to their catheter mapping and ablation procedure.

[0083] The duration of uninterrupted AF in these patients
was estimated as the period from the time of recurrence of AF
after the last DC cardioversion (which converted AF to sinus
rhythm) to the day of the catheter ablation procedure. Bipolar
atrial mapping was performed with a NaviStar ThermoCool
catheter, 7.5 F, 3.5 mm tip, with 2 mm spacing between
bipoles (Biosense-Webster Inc, Diamond Bar, Calif., USA).
The electrogram signals were acquired using the GE Cardi-
oLabsystem (GE Healthcare, Waukesha, Wis., USA), and
filtered at acquisition from 30 to 500 Hz with a single-pole
bandpass filter to remove baseline drift and high frequency
noise. The filtered signals were digitally sampled by the sys-
temat 0.977 KHz and stored. Although the bandpass high end
was slightly above the Nyquist frequency, negligible CFAE
signal energy resides in this frequency range 10. Only signals
identified as CFAEs by 2 cardiac electrophysiologists were
included in this analysis. 9, 10, 12 CFAE recordings of at least
10 seconds in duration were obtained from 2 sites outside the
ostia of each of the 4 PVs. Similar recordings were obtained
at 2 LA free wall (FW) sites, one in the mid posterior wall
(POS), and another on the anterior ridge at the base of the LA
appendage (ANT). The mapping catheter was navigated in
these prespecified areas until a CFAE site was identified. In 1
patient with clinical paroxysmal AF, during acutely induced
AF, no recording site outside the PVs with recordings satis-
fying CFAE criteria for at least 10 seconds could be detected.
Therefore, data from this patient were not included in the
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following analysis. From each of the exemplary recordings
described above, when a CFAE sequence over about 16.8 s
was recorded during AF, 2 consecutive 8.4 s series were
extracted and analyzed. Only sites at which the CFAE criteria
were maintained during the recorded sequence were used for
analysis. A total of 204 sequences 90 from paroxysmal and
114 from longstanding AF patients, all meeting the criteria for
CFAE—were chosen for this study and included in the fol-
lowing analysis. As in the previous studies, to standardize the
morphological characteristics, all CFAE signals were nor-
malized to mean zero and unity variance (average level=0
volts, standard deviation=1).

[0084] To remove the second harmonic, which is usually
the predominant sub- or superharmonic, an exemplary anti-
symmetry technique was applied to each ensemble average.

Exemplary Results

Exemplary Orthogonality of the Ensemble Basis

[0085] An exemplary result of the inner product measure-
ment (exemplary Eq. (19)) canbe shown, for example, in FIG.
4, which can be generated using, e.g., map3d, an interactive
scientific visualization tool for bioengineering data devised
by the Scientific Computing and Imaging Institute, Univer-
sity of Utah. (See, e.g., Reference [24]). In each panel the DP
magnitude scale can increase, for example, from 0 to 1 from
lower right to upper left. In panels A-C the exemplary result
for the exemplary ensemble method can be shown, computed
for all bases a500-a20 (e.g., 481 basis vectors ranging from 2
Hz-50 Hz). In panel A (e.g., paroxysmal AF) DP values, for
example, are near zero when i=j, (e.g., fuzzy square region).
A line can be formed at unity magnitude at upper left, corre-
sponding to i=j (e.g., autocorrelation). Where i and j can be
harmonically related, the DP magnitude can be intermediate
(e.g., few scattered points between lower right and upper left).
[0086] A similar result canbe obtained for the persistent AF
signal (B). For all values i=j including those that were har-
monically related, the mean normalized inner product can be,
for example, 0.0075+0.0510 for 108 paroxysmal CFAE and
0.00770.0509 for 108 persistent CFAE signals (e.g., <1% of
the magnitude when i=j). For N=8192, random cancellation
of uncorrelated components may have been incomplete. As a
further test, the basis vectors for the paroxysmal CFAE signal
canbe extended, for example, to N=250,0001in length, and the
resulting inner products can be graphed in panel C. In this
panel, when i=] and no harmonic relationship exits, dp=0.0
(e.g., square region is solid rather than fuzzy i.e. there can be
complete cancellation of random components). Thus, the
exemplary ensemble basis can be orthogonal except for small
integer harmonic relationships. For comparison, the dp using
Fourier bases (N=8192) can be shown in panel D. Since the
sinusoidal basis can be antisymmetric about the x-axis, the
inner product can be zero when ixj, even for harmonic rela-
tionships.

Bxemplary Spectral Analysis of Synthetic Drivers with Phase
Noise and Interference

[0087] FIGS. 5A and 5B illustrate, for example, Fourier
and ensemble spectra of the three synthetic drivers when
interference is added (p=0x, i=5x). Most of the spectral com-
ponents are typically caused by the drivers, with the interfer-
ence contributing to the noise floor (e.g., compare FIGS. 5B
and 3D from 2-10 Hz). The location of synthetic driver peaks
are noted in FIGS. 5A and 5B by asterisks. Portions of the
noise floor can extend beyond two driver peaks in the Fourier



US 2014/0121474 Al

spectrum (see FIG. 5A). The driver peaks can be all higher
than the noise floor in the ensemble spectrum (see FIG. 5B).
There can be more detail at the lower end of the ensemble
spectrum due to the w=1/f relationship (exemplary Eq. (6)),
and subharmonics can also be evident. The exemplary result
for measurements with the various additive noise combina-
tions and interferences is shown, for example, in Table 1.

TABLE 1

Sum of Ranks of 3 Driver Frequencies

p 1 Fourier Ensemble MN D

1x 1x 7.12£1.41 6.71 £ 1.08 .005 NS
Sx 2x 7.03 £0.48 6.31+0.10 <001 <001
3x 3x 7.88 £0.30 6.73+0.08 <001 <001

Ox +10x 10.24 £3.37 8.82+3.08 <001 NS

p = gain of added phase noise 1 = gain of added interference.
MN, SD = significance of mean and standard deviation.

[0088] Inthe first and second columns of Table 1, the phase
and interference multipliers, respectively, are shown. In the
third and fourth columns, mean+standard deviation in the
sum of ranks for D1, D2, and D3 are shown. The significance
of the differences are noted in the last two columns. All of the
means can be significantly different, with the synthetic driv-
ers, for example, being more highly ranked in the ensemble
spectra (total rank is closer to 6). The standard deviation in
total rank, e.g., the variability, can be higher in Fourier as
compared with ensemble, with a significant difference in two
cases.

Exemplary Identification of Synthetic Driver Morphology

[0089] FIGS.6A-6D show graphs for an example of the top
three basis vectors (e.g., panels A-C) constructed from syn-
thetic drivers with noise and interference added (e.g., weight-
ing p=0.3%, i=3x, panel D). The basis vectors in FIGS. 6 A-6C
can be reflective of the corresponding original drivers
depicted in FIG. 2. Some smoothing can occur in the fine
detail due to the phase noise (jitter) that can be added to the
drivers. The 4.37 Hz, 5.65 Hz, and 8.13 Hz bases can be
ranked the 3rd, 1st, and 2nd highest peaks, respectively, in the
ensemble power spectrum, as is noted at bottom right in each
panel A-C. For the noise set (p=0x, i=5x) the corresponding
basis vectors can estimate the FIG. 2 drivers, as there was no
added jitter (not shown). For the exemplary 216 tests with
phase noise and interference (p=0.3x, i=3x) the average mean
squared error can be 0.091x0.020 mV*/ms, while for additive
interference only (p=0x, =5x) it can be only 0.0049+0.0042
mV2/ms. These errors can be, for example, <10% of the
power in the normalized drivers (1.0 mV2/ms). Thus, in the
presence of jitter and/or interference, the morphology of inde-
pendent drivers in CFAE can be extractable using the
ensemble basis.

Exemplary Degradation DF in CFAE with Additive Random
Noise

[0090] Forrandom noise added with SD=x16 ms, the mean
absolute difference in DF before versus after addition of a
random noise vector can be, for example, 0.35+0.02 Hz for
Fourier spectral analysis versus 0.09£0.05 Hz for ensemble
spectral analysis (p<0.001). For random noise added with
SD=+32 ms, the mean absolute difference in DF before ver-
sus after addition of a random noise vector can be, for
example, 0.68+0.10 Hz for Fourier spectral analysis versus
0.53+0.13 Hz for ensemble spectral analysis (e.g., p=0.01).
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An example is shown in FIGS. 7A-7F for a CFAE signal from
the anterior left atrial free wall of a paroxysmal AF patient.
Panels of FIGS. 7A and 7B show, for example, the CFAE
prior to and after addition of random noise with SD=+0.16
mV, while panels of FIGS. 7C and 7D and of FIGS. 7E and 7F
show the corresponding Fourier and ensemble averaging
spectra. In each spectrum the DF is noted by an asterisk. After
noise addition, the DF peak can be the third highest in the
Fourier spectrum (panel D) but it can remain the highest peak
in the ensemble averaging spectrum (panel F). Thus, as shown
in FIGS. 7A-7F and Table 1, the DF peak inensemble spectral
analysis can be less affected by and more robust to random
white additive noise might occur due to motion artifact, elec-
trical component oscillation, and/or broken wire leads.

Exemplary CFAE Reconstruction

[0091] An example of the Fourier basis vectors a,, con-
structed from e, with 1st and 10th highest power is shown, for
example, in the graphs of FIGS. 8A and 8B from a paroxys-
mal CFAE signal acquired from the LIPV. The corresponding
exemplary ensemble basis vectors for this same signal are
shown, for example, in FIGS. 8C and 8D. As the Fourier basis
1s typically general and sinusoidal, the estimates can approxi-
mate the signal with relatively large error (FIGS. 8A and 8B).
However the exemplary ensemble basis can be data-gener-
ated and constructed from the first moment of the signal, so
that it can be more estimative of the actual signal even when,
for example, only the single most important basis vector is
used (see FIG. 5C). There can be substantial overlap with the
actual CFAE trace when 10 basis vectors can be used for
reconstruction (e.g., FIG. 8D). For the 12 reconstruction vec-
tors, the root MSE averaged 1.13£0.07 mV for Fourier versus
0.98+0.10 mV for ensemble (p<0.001). The reconstruction
error can be also lower for ensemble versus Fourier for each
individual reconstruction using 1-12 bases (p<0.002).
[0092] The statistical relationships are illustrated, for
example, in FIG. 9. The mean error in reconstruction for
ensemble averaging can decrease more rapidly as compared
with Fourier (see the graph of FIG. 9A). The standard devia-
tion in the reconstruction error for the CFAE is shown, for
example, in the graph of FIG. 9B. The standard deviation can
fall off rapidly for ensemble averaging and can increase rap-
idly for Fourier. At 23 basis vectors, the standard deviation in
reconstruction error can be lowest for ensemble averaging.
This means that the ability of ensemble averaging to consis-
tently reconstruct CFAEs (panel of FIG. 9B) with a similarly
minimal level of error (panel of FIG. 9A) can be mostly
improved as compared with Fourier reconstruction. Simi-
larly, the coefficient of variation, which can be the standard
deviation divided by the mean (Figure of F1IG. 9C), can fall off
for ensemble average reconstruction but it actually increases
for Fourier reconstruction.

Exemplary Single Driver Test

[0093] The 5 Hz transient described above is shown, for
example, in FIG. 10A and its addition to a CFAE is shown, for
example, in FIG. 10B, trace 1022. For comparison, the origi-
nal CFAE is shown as trace 1020 in panel B and it can be the
same trace as in F1G. 1A. The Fourier and ensemble average
power spectra are shown, for example, in FIGS. 10C and 10D,
respectively. Although both spectra show a DF at ~7.5 Hzand
a smaller peak at ~3.9 Hz (which may be generated by an
independent driver), only the ensemble average power spec-
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trum, for example, indicates presence of the artificial tran-
sient at 5 Hz (noted by *; with super- and subharmonics noted
by **). For all CFAEs, the 5 Hz transient was identified, for
example, in 216/216 ensemble averaging spectra (100%) but
was only present, for example, in 82/216 Fourier spectra
(38.0%). Additional examples are provided, for example, in
the graphs of FIGS. 11A-11C. In each pair of Fourier and
ensemble spectra, both have the same DF, for example, in the
range 3-10 Hz. However, the 5 Hz transient can be evident in
the ensemble averaging spectra (again noted by *; with super-
and subharmonics noted by **). Thus, ensemble averaging
but not Fourier spectral analysis can be sensitive to the pres-
ence of far-field and/or low-power drivers which affect CFAE
over short intervals.

Exemplary  Improved Resolution  for

Characterization of CFAE

Frequency

[0094] A graph of an exemplary power spectrum using the
new spectral estimation technique is shown in FIG. 19A. Note
that the highest frequency resolution occurs at lower frequen-
cies due to the 1/w relationship of resolution to frequency for
this method. By comparison, the Fourier power spectrum is
uniform in resolution across the range (FIG. 19C). FIGS. 19B
and D show close-ups of the respective spectra in the range of
the synthesized components. The actual synthesized compo-
nents have frequencies of 5.34 Hz (w+y=183 sample points at
977 Hz sampling rate) and 5.43 Hz (w=180 sample points),
noted by vertical bars at the tops of panels 3B and 3D. The two
components are correctly resolved by the new technique
(panel 3B), that is, w=m and w+o+y. However, Fourier analy-
sis does not resolve at this component spacing (panel 3D). In
FIG. 20, using the same CFAE and with the high frequency
remaining at 5.43 Hz (0=180 sample points), the exemplary
graphical result is shown for y=19 when the low frequency is
4.91 Hz (w+y=199 sample points). The spectrum and close-
up using an exemplary embodiment of the method according
to the present disclosure are shown in FIG. 20A-B, and the
frequency components are readily resolved as shown in an
exemplary graph of FIG. 19A-B. The Fourier spectrum is
shown in FIG. 20 C-D and now distinct peaks appear (see
FIG. 20D), meeting the exemplary criteria set forth in the
Methods. This was the exemplary minimum distance y at
which two corresponding Fourier spectral peaks met the cri-
teria, and therefore the resolution for the Fourier spectrum.
The measurements for S, ., S,,, S, ;... and b are shown.
Identification of Recurring Patterns in Fractionated Atrial
Electrograms

[0095] FIGS. 21A-21D illustrate exemplary graphs of sig-
nals and additive exemplary interferences. Identical scales
can be used in all panels. For example, in panel A is shown a
CFAE from the right superior pulmonary vein ostia in a
paroxysmal AF patient. In FIG. 21B, an exemplary CFAE
graph is illustrated from the anterior left atrial free wall in
another paroxysmal AF patient. Both signals have mostly
continuous activation, and the large deflections have different
shape and timing at each occurrence. Only 1000 of 8192
sample points are shown for clarity (approximately 1 second),
although 8192 points were used for the calculations described
in the Methods. The signals illustrated in the exemplary
graphs of FIGS. 21A and 21B can be used as patterns, which
canbe made to occur, e.g., five and four times, respectively, in
the final data set of, e.g., 214 signals used for analysis.
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Examples of additive interference are shown in correspond-
ing the exemplary graphs shown in FIGS. 21C and 21D. The
interferences are each a combination of two AF signals unre-
lated to signals shown in FIGS. 21A and 21B. The same or
similar exemplary patterns after addition of the interferences
are shown in the corresponding exemplary graphs shown in
FIGS. 21E and 21F. With the additive interferences, the origi-
nal signals are almost completely unrecognizable visually.
Most of the original signal deflections are masked by inter-
ference.

[0096] The exemplary spectrum of the combined exem-
plary patterns illustrated in FIGS. 21A and 21B is shown in
FIG. 22A in the range 1-12 Hz, where pattern A (signal
x)+pattern B (signal y) form the combined signal z. For
example, several prominent peaks are shown in the exemplary
spectrum of z, likely related to individual components of the
two signals. The transform coefficients of x and y with respect
to the basis vectors of z were separately calculated and then
added together and plotted as atrace 2202 in FIG. 22B, shown
with exemplary overlapping z spectrum 2204 shown in FIG.
22A. There is perfect overlap in accord with. In contrast,
when the spectral signatures of two other signals not related to
x ory are obtained with respect to z, their magnitude through-
out the frequency range is relatively small and the transform
coefficients are both positive and negative (see exemplary
FIGS. 22C and 22D; same or similar 5-unit range in ordinate
scale as shown in FIGS. 22A and 22B).

[0097] To further elucidate the exemplary process, when
the spectral signatures of x and y with respect to z are sepa-
rately plotted (see FIGS. 23A and 23B, respectively), there
are similarities to the z spectrum shown in FIG. 22A. There-
fore, exemplary elements of the z spectrum (FIG. 22A) are
maintained in the spectral signatures of x and y (see FIGS.
23A and 23B, respectively), suggesting that the Euclidean
distances between them will be relatively small. In contrast,
the elements of the z spectrum are not maintained in the
spectral signatures of random interferences, such as those
shown in FIGS. 22C and 22D, suggesting that the Euclidean
distances between them will be relatively large. Finally, the
spectral signatures ofx and of y with respect to z, shown again
as traces 2210 in FIGS. 23C and 23D, are similar, but not the
same, as the spectra of x and y, which are denoted as traces
2212 shown in FIGS. 23C and 23D. Based on the exemplary
graphs shown in FIGS. 22A-22D and 23A-23D, the spectral
signatures of x and y with respect to z are related to the actual
frequency content in signals x and y. However, the x and y
spectra do not resemble each other since they are uncorre-
lated.

[0098] The Euclidean distance between the spectral signa-
tures of each of 214 signals with differing additive interfer-
ence, versus the spectrum of the mean signal containing two
patterns A and B, is shown in an exemplary graph of FIG.
24A. A number of downward projections are illustrated in
FIG. 24A, which indicate increased correlation and possible
instances of pattern recurrence. If the lower threshold is used,
nine possible instances of repetitive patterns are selected
(shown in binary form in FIG. 24B). When the upper thresh-
oldis used, eleven possible instances of repetitive patterns are
selected (shown in binary form in panel C). The detected
pattern type (A or B) or non-pattern (n) are shown at the
bottom of FIGS. 24B and 24C. The selection of a threshold
higher along the ordinate axis in the Euclidean distance graph
shown in FIG. 24A can facilitate the detection of more can-
didate patterns. However, whatever threshold is used, to
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determine and identify the presence of actual recurring pat-
terns necessitates the last step at lower right in the pattern
recognition flow diagram of F1G. 1, i.e., the exemplary spec-
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signals. Using the exemplary threshold 0.105 for clustering
and classification in, e.g., all 10 trials, the exemplary results
are shown in Table 3, left-hand columns. For 10 trials, the

tral signatures of the signals selected by threshold shown in
FIGS. 24A-24C can be compared. Due to the exemplary
constructing of the signals with the exemplary interference,
as described herein, each downward projection shown in
FIGS. 24B and 24C can represent a set of three exemplary
suiccessive signals with pattern, of which the middle was used
for an exemplary statistical calculation.

[0099] The Euclidean distances for the exemplary pairings
of spectral signatures using the upper exemplary threshold
shown in FIG. 24A (shown in binary form in FIG. 24C) are
provided in Table 2. The first column and first row in Table 2
indicate the actual pattern that was selected by the upper

sensitivity to correctly detect and distinguish patterns was
96.2%. The specificity to exclude non-patterns was 98.0%.
For the test of interference+noise, a threshold value for TH2
of 0.132 was found to be efficacious in a test trial, and was
then used in all trials. The exemplary results are shown in
Table 3, right-hand columns, with mean values of about
89.1% for sensitivity and about 97.0% for specificity. Thus,
the exemplary embodiment of the technique, method and
system according to the present disclosure can be nearly as
efficacious for classification when random noise as well as
interference is added to CFAE.

TABLE 2

Pattern A n A B A A A B B n B

0.000 0.142 0.056 0.133 0.092 0.074 0.065 0.128 0.135 0.221 0.135
0.142 0.000 0.151 0.149 0.166 0.123 0.131 0.188 0.156 0.143 0.122
0.056 0.151 0.000 0.136 0.097 0.068 0.068 0.143 0.145 0.214 0.138
0.133 0.149 0.136 0.000 0.167 0.127 0.144 0.101 0.096 0.185 0.063
0.092 0.166 0.097 0.167 0.000 0.095 0.101 0.196 0206 0.271 0.151
0.074 0.123 0.068 0.127 0.095 0.000 0.082 0.156 0.124 0.191 0.116
0.065 0.131 0.068 0.144 0.101 0.082 0.000 0.156 0.151 0.212 0.152
0.128 0.183% 0.143 0.101 0.196 0.156 0.156 0.000 0.105 0.241 0.102
0.135 0.156 0.145 0.096 0.206 0.124 0.151 0.105 0.000 0.161 0.104
0.221 0.143 0.214 0.185 0.271 0.191 0.212 0.241 0.161 0.000 0.168
0.135 0.122 0.138 0.063 0.151 0.116 0.152 0.102 0.104 0.168 0.000

WE WW e WS

A—pattern A,
B—pattern B,
n—nonpattern,

There is symmetry about the main diagonal.

threshold in FIGS. 24A-24C, and correspond to the sequence
shown in FIG. 24C. Since the two patterns A and B occurred
only nine times in the sequence, two of the selections shown
in the exemplary graphs of FIGS. 24A-24C, top threshold,
were of non-patterns (n). In the case of the pairing of a
spectral signature from a particular signal with itself, the
Euclidean distance can be zero (main diagonal in Table 2).
There is an exemplary symmetry above and below the main
diagonal (half the table is redundant). Smaller values in Table
2 can indicate shorter Euclidean distances, i.e., spectral sig-
natures that are more similar. The Euclidean distances tend to
be small for spectral signatures of pattern A embedded in one
interference versus pattern A embedded in another interfer-
ence, and similarly for pattern B embedded in one interfer-
ence versus pattern B embedded in another interference. The
Euclidean distances tend to be large for spectral signatures of
pattern A versus pattern B embedded in interference, for
spectral signatures of patterns A and/or B embedded in inter-
ference versus non-patterns (e.g., interference only), and for
spectral signatures of non-pattern versus non-pattern. Thus,
the exemplary patterns and non-patterns with interference
can be distinguished based on a threshold level Euclidean
distance.

[0100] Based on the information provided in Table 2, an
exemplary threshold level of 0.105 normalized units can be
estimative to distinguish patterns and non-patterns with
100% sensitivity and specificity. Such exemplary pairings
above 0.105 can indicate that the same pattern is not present
on both signals, while pairings less than or equal to about
0.105 can indicate the same pattern being present on both

TABLE 3

trial # sen: lnt spe: int sen: int + 10 spe: int + 1

1 100.0 100.0 91.1 100.0

2 97.8 100.0 97.8 95.0

3 933 100.0 82.2 100.0

4 95.6 100.0 88.9 100.0

5 933 100.0 88.9 100.0

6 91.1 80.0 88.9 75.0

7 95.6 100.0 88.9 100.0

8 97.8 100.0 91.1 100.0

9 97.8 100.0 84.4 100.0

10 100.0 100.0 88.9 100.0
mean 96.2 3.0 98.0 £6.3 89.1 +4.1 97.0+79

sen—sensitivity,
spe—specificity,
int—interference,
n—noise

Exemplary Spectral Profiles of Complex Fractionated Atrial
Electrograms

[0101] Forexample, no significant changes occurred in any
parameter from the first to second recording sequence. For
both exemplary sequences, MPS and SPS were significantly
greater, and DF and ADF were significantly less, in paroxys-
mals versus persistents. The MPS and ADF measurements
from ensemble spectra produced the most significant differ-
ences in paroxysmals versus persistents (e.g., P<0.0001). DF
differences were less significant, which can be attributed to
the relatively high variability of DF in paroxysmals. The MPS
was correlated to the duration of uninterrupted persistent AF
prior to electrophysiologic study (P=0.01), and to left atrial
volume for all AF (P<0.05)
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Exemplary Discussion

[0102] According to certain exemplary embodiments of the
present disclosure, for example, a data-driven transform can
be provided for application to CFAE signals. The basis can be
constructed, for example, from the ensemble averages of
signal segments and can be found to be orthogonal except for
small integer-multiple relationships. The power in each
ensemble average can be equivalent to the projection of the
signal onto the corresponding basis (e.g., exemplary Eq.
(15)). The relationship of the ensemble spectrum to the auto-
correlation spectrum and to the Fourier power spectrum can
be shown. While the autocorrelation spectrum can be based
on correlation at a single lag w, the ensemble and Fourier
power spectra can be based on correlation at multiple lags w,
2w, . . ., nw. During construction of the ensemble spectrum,
the autocorrelation function at lags can be averaged, as com-
pared to the Fourier power spectrum which is typically a
sinusoidal curve fitting of the autocorrelation function. Sev-
eral tests can be used to compare the efficacy of the Fourier
transform, versus transformation using ensemble averaging,
for representation of CFAE signal components.

[0103] At several levels of additive noise and interference,
the highest peaks in the ensemble spectrum can corresponded
to the frequencies of three synthetic drivers with higher accu-
racy as compared to Fourier spectral analysis (e.g., p<0.001).
Similarly, when random noise corrupted actual CFAE sig-
nals, the ensemble spectrum can be more accurate than Fou-
rier in representation of the DF (e.g., p<0.01). The ensemble
basis can be found to be useful for representation of the signal
morphology of the three independent synthetic drivers. When
only interference was added, the top three ranked basis vec-
tors in order of greatest power can correspond to the indepen-
dent driver morphology. When phase noise (jitter) was added,
the top three ranked basis vectors can correspond to driver
morphology, but with some smoothing. When a single low-
power, short duration component was added as would simu-
late a distant driver, it can be evident as a distinct peak in all
216/216 ensemble averaging spectra but in only 82/216 Fou-
rier spectra. Finally, when both Fourier and ensemble were
used for reconstruction of actual CFAE signals, the ordered
ensemble basis from 1-12 vectors can be more accurate as
compared with Fourier for representation (e.g., p<0.001).
Thus, it can be found that the exemplary transform can be
more efficacious for representation of independent generator
frequencies and CFAE morphologies as compared to the Fou-
rier transform.

Exemplary Computational and Mathematical Considerations

[0104] Although ensemble analysis can be robust to noise
and jitter, to further reduce their affect on signal analysis, the
inner product between the spectrum and a model can be used
for gradual, adaptive update (see, e.g., Reference [25]) or
alternatively, finite differences can be used for adaptation
(see, e.g., Reference [26]). When computing and/or determin-
ing the DF of atrial fibrillation signals, variation by as much as
2.5 Hz can occur over a time interval of a few seconds; hence
tracking with time-frequency methods may be required for
accurate analysis (see, e.g., References [27, 28]). Since
ensemble averaging can be a form of autocorrelation, a mini-
mum sequence length of two cycles of the periodic signal can
be needed for construction of the frequency spectrum (which
would result in a very course estimation). To include low
frequency activity to a lower limit of 2 Hz, as can be done in

May 1, 2014

accordance with certain exemplary embodiments of the
present disclosure, a window of at least 1000 ms (1 s) is
preferably used. Any such measurement can be updated by
shifting the analysis window, for example, by 100-150 ms
steps, to describe the time-frequency evolution of the signal
(see, e.g., Reference [29]).

[0105] To reduce error when any such short sequences are
utilized for analysis, a model-based approach for update of
the spectral profile can be implemented (see, e.g., Reference
[30]). In a study, the DF computed by Fourier analysis was
compared with the mean, median, and mode activation rate,
as obtained by electrogram marking, to determine efficacy
(see, e.g., Reference [10]). However, as stated in that study,
DF does not typically specifically reflect activation rate and
therefore is typically only an approximate measure, with a
level of uncertainty. For this reason, adding artificial drivers at
specific frequencies, as well as to analyzing the degradation
of actual DFs in CFAE when random noise is introduced, can
act as tests to compare the Fourier versus ensemble methods.
In each of the exemplary tests of DF measurement, the highest
peak in the spectral range can be selected as the DF. The more
accurate selection of DF in presence of noise and interference
by ensemble analysis may in part be due to increased spectral
power in the fundamental frequency relative to sub- and
superharmonics as compared with Fourier (see, e.g., Refer-
ence [18]).

[0106] Knowledge of the mechanisms for onset and main-
tenance of atrial fibrillation can be scant or limited due to the
difficulty in quantitative assessment of the CFAE signal with
the Fourier method, which can distort the signal during pre-
processing and suffers from phase noise degradation of the
estimate (see, e.g., Reference [31]). By devising a data-driven
frequency transform, independent drivers can be successfully
extracted and characterized by both frequency and morpho-
logic measurements. The transform can be further developed
for clinical use by activation mapping of the substrate during
AF in patients, identifying independent sources in the maps
(focal or reentrant), and determining the correspondence of
these to the most important ensemble basis vectors and fre-
quency components. It is believed that ablation lesions at
these sources can best prevent reinduction of AF (see, e.g.,
Reference [5,6]). Simulations have suggested that sinusoidal
electric fields may be important for excitation of cardiac
tissue (see, e.g., Reference [32]). If such sinusoidal genera-
tors exist in nature, they can be efficiently represented by the
Fourier transform, which is typically based upon sinusoidal
components, but also by the ensemble basis, from which any
such components can be readily reconstructed. Certain exem-
plary embodiments of the present disclosure can include ret-
rospective analysis of nonsynchronous CFAE when compar-
ing the ensemble averaging method with the Fourier
transform.

[0107] Other clinical research may project the AF signals
onto ensemble space using exemplary Eq. (15) for solution of
two- and multiple-class problems. A plot of x” a,, versus w
can be arendition of the ensemble power spectrum. One way
to express differences between CFAE can be based on the
difference in Euclidean distance in n ensemble space, where
n can be given in exemplary Eq. (5) and can equal the number
of points in the power spectrum. This can be computed as the
square root of the sum of squares difference in corresponding
points between power spectra. Suppose for example that
many CFAE recordings can be obtained simultaneously from
the left atrium. The ensemble spectrum of each can be com-
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pared with its nearest neighbors, with the difference in spectra
for all neighbors averaged. If this is done for the CFAE, areas
with small spectral difference may suggest presence of a
driver and/or other homogeneous regions where spectral
characteristics are similar, while areas with large spectral
difference may suggest presence of substrate heterogeneity
and/or boundary areas where multiple drivers compete.
Another method of classification can be to sum all CFAE in a
neighborhood region, compute the ensemble basis, project
each CFAE onto the global basis, and cluster and classify
according to the position of each point in n ensemble space.
Elsewhere, ensemble spectra have been used to analyze the
DF of ventricular tachyarrhythmias (see, e.g., Reference
[29]) and to assess videocapsule endoscopy images for esti-
mation of small bowel motility (see, e.g., Reference [33]), as
described in further detail below. Thus, this exemplary new
transform may have wider application for clinical data analy-
sis.

Exemplary Clinical Procedure and Data
Acquisition—Videocapsule Endoscopy
[0108] Exemplary clinical data was collected implement-

ing/utilizing certain exemplary embodiments of the present
disclosure. Patients were evaluated, for example, at Columbia
University Medical Center, New York. Retrospective video-
capsule endoscopy data was, for example, obtained from ten
celiac patients on a regular diet or within a few weeks of
starting a gluten-free diet. In these patients the diagnostic
biopsy, taken while on a regular diet, showed Marsh grade
1I-ITIC lesions. Informed consent was obtained prior to vid-
eocapsule endoscopy. Indications for this procedure
included, for example, suspected celiac disease or Crohn’s
disease, iron deficient anemia, obscure bleeding, and chronic
diarrhea. Patients had serology and biopsy-proven celiac dis-
ease. These patients were being subsequently evaluated by
videocapsule endoscopy because they were considered to
have complicated disease such as abdominal pain unex-
plained by previous evaluation. Exclusion criteria included,
for example, patients under 18 years of age, those with a
history of or suspected small bowel obstruction, dysphagia,
presence of pacemaker or other electromedical implants, pre-
vious gastric or bowel surgery, serum IgA deficiency, preg-
nancy, and chronic NSAID use or occasional NSAIDs use
during the previous month. Preferably, complete videocap-
sule endoscopy studies, reaching the colon, were used for
analysis. The retrospective analysis of videocapsule endos-
copy data was approved by the Internal Review Board at
Columbia University Medical Center.

[0109] The PillCamSB2 videocapsule (e.g., Given Imag-
ing, Yogneam, Israel) can be utilized to obtain the small bowel
images in the study groups. The system typically includes a
recorder unit, battery pack, antenna lead set, recorder unit
harness, battery charger, recorder unit cradle, and real-time
viewer with cable. The capsule can acquire two digital frames
per second and can be a single-use pill-size device (see, e.g,,
Reference [15A]). For each patient undergoing the proce-
dure, abdominal leads were placed, for example, in the upper,
mid, and lower abdomen, and a belt that contained the data
recorder and a battery pack was affixed around the waist. The
subjects swallowed the videocapsule, for example, with radio
transmitter in the early morning with approximately 200 cc of
water, after a 12 hour fast without bowel preparation. Subjects
were allowed to drink water, for example, 2 hours after ingest-
ing the capsule, and to eat a light meal after 4 hours. The
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recorder received radioed images that were transmitted, for
example, by the videocapsule as it passed through the gas-
trointestinal tract. The capsule reached the caecum in the
participants from which retrospective data was used in this
study. The belt data recorder was then removed, and the data
was downloaded, for example, to a dedicated computer work-
station. Videos were reviewed and interpreted, for example,
by an experienced gastroenterologist using the HIPAA-com-
pliant PC-based workstation equipped with Given Imaging
analysis software, that was also used to export videos for
further analysis. For example, videoclips of 200 frames each
acquired from the small intestine for each patient by the
patients’ physicians were analyzed retrospectively.

[0110] The retrospectively obtained patient videoclips
were then transferred to a dedicated PC-type computer for
quantitative analysis. From each RGB color videoclip, gray-
scale images (e.g., 256 brightness levels, O=black,
255=white) with an image resolution of 576x576 pixels, were
extracted, for example, using Matlab Ver. 7.7, 2008 (e.g.,
Mathworks, Natick Mass.). One sequence of 10-20 frames
was extracted from each videoclip, for example, in which air
bubbles and opaque extraluminal fluids were absent. Each
sequence of N frames from 10-20 was repeated to form a
series 200 frames long, typical for videoclip quantitative
analyses. Thus the total number of repeating sequences of
length N in the synthesized 200 frame series was 200/N.
Additionally, a single frame from one celiac patient in which
air bubbles was the dominant feature in the image, selected at
random, was extracted for use as an extraneous image frame.

Exemplary  Improved Frequency Resolution for
Characterization of CFAE
[0111] According to one exemplary embodiments of the

present disclosure, a comparison was made between the abil-
ity to resolve two closely-spaced frequency components in
the physiologic range of interest using Fourier power spectral
analysis, versus a new technique that utilizes signal averag-
ing. The exemplary synthesized closely spaced frequency
components and two exemplary additive interferences were
selected at random from a set of, e.g., 216 CFAE. The values
for digital sampling rate (e.g., 977 Hz) and sequence length
(e.g., N=8192, 8.4 s sequences) can be typical of those used
for frequency analysis of CFAE obtained during clinical EP
study. Tests were made in the range of about 3-10 Hz, the
electrophysiologic range for evaluation of atrial electrical
activity. From 105 tests, the mean resolving power of Fourier
versus the new technique (e.g., about 0.29 Hz versus about
0.16 Hz; p<0.001), were higher than the theoretical values but
in accord with the presence of large interferences that could
act to mask the frequency components. In 13/105 trials, inter-
ference masked frequency components in the Fourier power
spectrum. By comparison, this occurred in only e.g., 4/105
trials using the new technique. The error in estimating the
synthesized components was =0.023 Hz using Fourier versus
£0.009 Hz using the exemplary technique, system and
method according to present disclosure (e.g., p<0.001).

[0112] The use of the exemplary embodiment of the tech-
nique, system and method according to present disclosure,
compared to Fourier produced an improved frequency reso-
lution and improved compression with less loss of resolution.
For a given time data, the exemplary embodiment of the
technique, system and method according to present disclo-
sure can provide, e.g., double the frequency resolution, as
compared to that that uses the Fourier transform. A decrease
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in the time so as to produce the same or similar frequency
resolution using the exemplary technique, system and method
according to present disclosure versus those using the Fourier
transform provides a significant advantage in reducing and/or
preventing errors that may occur over time. Exemplary pro-
cedures that use the exemplary technique, system and method
according to present disclosure can be performed in less time,
for example, decreasing the fluoroscopy radiation received by
a patient.

Exemplary Identification of Recurring Patterns in
Fractionated Atrial Electrograms

[0113] According to certain exemplary embodiment of the
present disclosure, it is possible utilize an exemplary trans-
form to characterize recurring patterns in CFAE. First, e.g.,
ensemble averages can be computed from signal segments of
length w, repeated for all w in the frequency range of interest.
From each ensemble average, an exemplary orthogonal basis
vector can be constructed by repeating the ensemble average
of length w for the entire signal length N. The inner product
between basis vector and original signal can produce a trans-
form coefficient, which can be the signal power at that fre-
quency. The exemplary power spectrum can be a plot of the
entire series of transform coefficients versus frequency.
Exemplary transform coefficients resulting from the inner
product of one signal with the basis vectors of another signal
can take on negative as well as positive values, and can have
an average level near zero if the signals are uncorrelated. The
correlation coefficients formed from correlated signal x with
the basis vectors of z can be similar to the spectrum of x and
is termed the spectral signature. Transform coefficients can be
used to detect two recurring patterns in a sequence of CFAE,
embedded in interference and random noise, and to distin-
guish them from each other and from non-patterns. For
example, no manual intervention was used except to setinitial
threshold levels of Euclidean distance for identification of
correlated content, i.e., for pattern extraction, and to distin-
guish the extracted patterns.

[0114] The spectral signature can be a graph of the corre-
lated content between two signals in frequency space, which
can be exploited for pattern recognition. If a series of signals
is averaged and basis vectors of the mean are used to obtain
the spectral signature of each individual signal, then there can
be a correlation between the spectrum of the mean, and the
spectral signature of the individual signal, when the indi-
vidual signal contains a synchronous pattern that recurs
within the series. By measuring the Euclidean distance
between all individual signals having spectral signatures
similar to the power spectrum of the mean signal, patterns
contained in the sequence can be identified, distinguished
from one another, and distinguished from non-patterns when
the non-patterns are mostly uncorrelated with respect to the
mean signal. Thus the exemplary technique, system and
method according to present disclosure can be used to auto-
matically identify and distinguish repetitive patterns present
in a series of signals, once threshold levels for the Euclidean
distance estimate to detect candidate patterns, and to discern
patterns, are established. the determination of the exemplary
patterns, if multiple patterns are present, the patterns can also
be discerned using a single threshold level, since the Euclid-
ean distance will be short only with respect to members of the
same class. Successful source pattern recognition can be use-
ful in catheter ablation as an identification of a source pattern
provides for an area for best ablation.
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BExemplary Frequency Resolution for Characterization of
CFAE

[0115] According to an exemplary embodiment of the
present disclosure, by normalizing the CFAE spectra, it is
possible to compare the CFAE frequency patterns observed in
longstanding, persistent AF to those present in acutely
induced AF in patients whose arrhythmia is clinically parox-
ysmal and whose baseline rhythm was sinus. Exemplary
results indicate that the CFAE recordings during acute onset
AF in patients with paroxysmal AF had significantly larger
mean and standard deviation in the normalized power spectra,
suggesting, but not proving, the presence of more randomly
varying activation sources in general. By comparison, CFAE
spectra from longstanding AF patients had lower mean value
and standard deviation of spectral peaks, as would be
expected if the peaks were generated by more stable and
stationary sources present in the atrial substrate. The exem-
plary results also indicate that the CFAE recordings during
acute onset AF in patients with paroxysmal AF had signifi-
cantly lower amplitude and frequency of the dominant peak.
This indicates a greater complexity in the power spectral
profile of paroxysmal patients, which can likely be due to the
presence of more peaks that are greatly varying in height, with
no single predominant tall peak in the spectrum.

Exemplary Image Corruption

[0116] Each of the exemplary image series was corrupted,
for example, by the following exemplary methods (e.g., one
or multiple used at the same time):

[0117] 1. Temporal Phase Noise:

[0118] the 200 frame series was altered, for example, by
removing 1-5 frames from the beginning or end of one of the
repeating sequences comprising the series, and appending it
to another of the sequences. This was done, for example, 2-3
times at random for each 200 frame series.

[0119] 2. Spatial Phase Noise:

[0120] each image in the 200 frame series was altered, for
example, using a maximum row-by-row pixel rotation of
m=1-20 pixels. The degree of pixel rotation was the same for
each row in a particular image, but was varied randomly from
one image to the next from 0 to m.

[0121] 3. Addition of Random Noise:

[0122] a series of X image frames were removed, for
example, from the end of the 200 frame series and replaced
with X white noise frames, where the number of frames
removed was varied from X=0 to 180.

[0123] 4. Addition of Bubble Image:

[0124] 5-10 images were randomly removed, for example,
from the 200 frame series and replaced with an image com-
posed primarily of bubbles that did not belong in the series.
The image used was the same for each of the ten 200 frame
series that were analyzed.

[0125] The DP was calculated for each 200 frame series
without any corruption, and with imposition of one or more of
the methods listed above (total of 20 trials for each seties).

Exemplary Spectral Analysis

[0126] Both the Fourier and exemplary ensemble spectral
analysis methods can be used for DP calculation. For analy-
sis, the series of 200 grayscale brightness values at each pixel
location can be treated, for example, as a signal. Each of these
576x576=331776 signals can be, for example, first set to
mean zero. Then, the power spectrum (e.g., Fourier or
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ensemble method) can be computed for each, and the average
of all 331776 individual power spectra can be, for example,
considered to be the videocapsule frequency spectrum. The
tallest peak in the power spectrum can be taken as the DF,
which is related to the DP, based on a frame rate of 2 per
second, as, e.g.:

DP=2./DF 22)

where DF can have units of Hz and DP can have units of
seconds. All computation can be done, for example, using a
Lenovo x60 laptop computer, Windows XP Pro (Service Pack
3) operating system, and Intel T2400 processor running at
1.83 GHz with 3 GB of RAM memory.

[0127] Prior to Fourier spectral calculation, the exemplary
200 point data array can be smoothed using a Hann window of
the form, e.g.:

a[k+1]=0.5*%[1-cos(2nk/(n-1)],k=0,1, . . . n-1 (23)

where a[k] can be, for example, the weights by which the 200
point array are multiplied. The windowed data can be then
padded with 56 zeros to form an array 28=256 points. Since
the sample rate was 2 frames/second, e.g.:

resolution = sample rate/ signal length N 24

= (2 frames/s) /256 frames

whichis, for example, 0.0078 Hz. The Fast Fourier Transform
(FFT) can be computed using the Intel Visual Fortran Com-
piler 9.0 Build Environment for 32-bit applications (Intel
Corporation, 2005) using the subroutine ‘fourl’ provided by
Numerical Recipes in Fortran 77 (see, e.g., Reference [ 16A]).
This radix-2 implementation, which can apply to real data
arrays of length 2N, is used in the literature, although it is not
the most efficient FFT code (see, e.g., Reference [17A]). The
Fourier power spectrum can be computed, for example, as the
magnitude of the real and imaginary parts of the FFT as
computed in double-precision mode, and plotted versus fre-
quency.

[0128] The ensemble average method of spectral analysis
has been described elsewhere (see, e.g., References [6A,
7A]). In short, the ensemble average vector e, for example,
can be obtained by averaging successive mean-zero signal
segments of length w, e.g.:

e, =1mU,, b (25a)

U,=f,1I,...1,] (25b)

whereb can be, for example, the signal vector of length N and
1,, can be wxw identity submatrices used, for example, to
form the signal segments that are extracted from x and
summed. The pixel brightness signals b were not windowed
or otherwise filtered prior to analysis using ensemble averag-
ing. The number of signal segments of window length w
being summed can be, e.g.:

n=int(N/w) (26)

where int is typically needed if n'w=N. The power in the
ensemble average is given by, e.g.:

P liwe, e, @7

To generate an ensemble power spectrum, the root mean
square (RMS) power can be utilized to reduce the affect of
outliers (see, e.g., References [6A, 7A]):
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PwRMS=sqrt(Pw) (28)

where sqrt can be, for example, the square root function and
the units are millivolts. The power spectrum can be then
formed by plotting sqrt(n)xPwRMS versus frequency f,
where, e.g.:

f=sample rate/w (29)

[0129] The sqrt(n) term levels the noise floor, which can be
otherwise diminish by 1/sqrt(n), the falloff per number of
summations n used for ensemble averaging. As an additional
device to level the noise floor, the linear regression line can be
calculated from the graph points and then subtracted from
these points. For simplicity, the ensemble average spectrum
can be computed using integer values of' w, resulting in higher
resolution at lower frequencies and lower resolution at higher
frequencies due to the relationship of exemplary Eq. (29). If,
however, fractional values of w were to be used with interpo-
lation between data points, the ensemble average frequency
spectrum can be made uniform in resolution.

[0130] Thesame Fortran compiler that was used for Fourier
analysis can be also utilized to calculate or determine the
ensemble average spectrum (single precision mode). Previ-
ously, the DP has been observed to occur in the range 1-20
seconds (see, e.g., Reference [8A]). Thus, for both the Fourier
and ensemble averaging methods, the spectral range can be
selected as, for example, 0.05 Hz (period=20 seconds) to 1 Hz
(period=1 second).

Exemplary Computational Considerations

[0131] Typical FFT procedures generally require log N-N
operations to complete. For the radix-2 implementation, the
200 frames padded to 2n=256 typically require approxi-
mately 2.4-256=614 operations to calculate. By comparison,
the ensemble procedure can use the number of frames that are
available (e.g., 200 in this case). Its spectrum can range from
highest frequency (segment length w=2) to lowest frequency
(w N/2). To detect the DP in the range 1-20 s, segment lengths
from w=2 (period 1 s) to 40 (period 20 s) can be used as
endpoints for spectral analysis. For spectral power computa-
tion, e.g.:

# operations ~ [Z (i — 1)*\4/1’] +wi,i=xtoy (30a)
=ZN,i=xtoy (30b)
=(y-0N (30c)
=c-N (30d)

where the value of nis obtained from Eq. (26), X and y are the
spectral endpoints, c=y—x is the number of frequency com-
ponents computed per spectrum, and the +wi term on the RHS
in Eq. (30a) is due to the sum of squares divided by w calcu-
lation which determines the ensemble average power Eq.
(27). Since the ensemble average for segment length wi=wj/2
can be computed as:

gwi:gwj(1.'v1/j/2)+gw-(wj/2+1.'wj) (31

[0132] The number of operations to compute or determine
the ensemble spectrum can be readily reduced from ¢-N (ex-
emplary Eq. (30d)) to ¢/2'N using exemplary Eq. (31). For
x=2 and y=40, ¢=39, so that for N=200 frames, 7800 opera-
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tions are typically needed to compute an ensemble spectrum,
as compared with 614 for Fourier. However, most of the
ensemble average operations are simple addition. Thus, with-
out testing it is typically not apparent whether the Fourier or
ensemble average method will be faster to compute the power
spectra. Speed can be an important consideration when many
videoclips from many patients, and/or longer series lengths
than 200, are used for analysis in future studies. As a test of
computational speed, the Fourier versus ensemble spectral
calculation over 576x576=331776 pixels can be determined,
for example, by using the internal Fortran function ‘etime’
(user elapsed time), which can be printed on the computer
screen during program execution. The difference in the
elapsed program run time at start versus end of the 576x576
pixel spectra routine can be taken as the spectral computation
time. For faster Fourier computation, the variables can be
computed in single-rather than double-precision mode in the
speed calculations, which can be observed to reduce compu-
tation time by about 10% without evident quantitative effect
on Fourier spectral calculation. Speed measurement can be
repeated 10 times each for Fourier and ensemble, with pauses
of several minutes in between to allow the computer to return
to its quiescent state.

Exemplary Results

[0133] The exemplary result from a repeating 10 frame
sequence is shown, for example, in the exemplary images of
FIGS. 12A-12F to highlight how additive noise affects the
images. Each panel shows the result of ensemble averaging
every 10th frame from a 200 frame synthesized series (frames
1, 11, . . ., 191). Since the repeating sequence can be, for
example, 10 frames long, this can result in correlation in the
ensemble average. In panel A, the result is depicted, for
example, when the exemplary 200 frame series lacked any
additive noise. Thus, the average in panel of FIG. 12A, for
example, is simply the first image frame in the 10 frame
sequence that was used for synthesis. The detail in the image
of panel A includes presence of numerous mucosal folds,
small mucosal surface abnormalities, and extraneous sub-
stances. This can be a typical image from celiac videoclips
taken from the distal duodenum. Subsequently, noise was
imparted to the same synthesized 200 frame series. When a
random temporal shift of 1-5 frames was imposed on the
series, the resulting averaged image from frames 1, 11, .. .,
191 is shown, for example, in panels of FIGS. 12B-12F,
respectively. Thus, in panel B there is, for example, a random
temporal phase shift of 1 frame in the 200 frame sequence.
The frame shift can be increased in each successive panel,
thus in frame of FIG. 12F, there can be a random temporal
shift of +5 frames in the 200 frame sequence. As a result of
larger phase shifts, the images in panels of FIGS. 12D-12F
can have partially visually morphed to resemble other images
in the 10 frame sequence. However, features from the original
image having marked contrast as compared to the background
can be retained—for example at the asterisks in each frame.
Additionally, an imposition of three air bubble frames in the
series that was averaged (1, 11, . .., 191) is shown, for
example, in panel F. Air bubbles can be clearly evident within
the image, particularly in the lower right quadrant, which
contributes to the noise level. Spectral analysis of the series
can be expected to readily detect the 10 frame period in the
series when no noise was imparted (e.g., panel of F1IG. 12A),
but to have progressively more difficulty as extraneous fea-
tures were imposed (e.g., panels of FIGS. 12B-12F).
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[0134] According to certain further exemplary embodi-
ments of the present disclosure, two additional types of image
degradation that can be imposed on the substantially same
videoclip series as is shown in FIGS. 12A-12F are noted in
FIGS.13A-13F. respectively. For example, panel of FIG. 13A
is substantially the same as the corresponding panel in FIG.
12A, and again is an average of, for example, the 1st 11th, . .
., 191st frames in the synthesized videoclip series. Since the
synthesized series included, for example, a 10 frame
sequence that was repeated, panel A is also the first frame in
that sequence. The panels of FIGS. 13B-13F were formed
after imposing a maximum spatial frame shift, for example, of
20 pixels on the 200 frame series. As described herein, each
row of pixels in the original images used in the series can be
rotated by up to 20 pixels per image. The same procedure and
magnitude of spatial frame shift can be imposed in all panels
of FIGS. 13B-13F, Additionally, from panels B-F there can be
added a successively increased random noise content, for
example, with X=10, 50, 100, 150, and 180 frames at the end
of the 200 frame series being switched to white noise frames,
respectively. Thus, FIG. 13B can be constructed with only
one noise frame of the 20 frames 1, 11, ..., 191 used for
ensemble averaging, panel of FIG. 13C with 5, of FIG. 13D
with 10, of FIG. 13E with 15, and of FIG. 13F with 18 noise
frames out of 20 frames. It can be evident that panel F only
slightly resembles the original image depicted, for example,
in panel of FIG. 13A.

[0135] An example of spectral analysis using the Fourier
method is shown, for example, in FIG. 14, again for the case
of a 10 frame repetitive sequence for continuity with FIGS.
12A-12F and 13A-13F (e.g., DP=5 s, DF=0.2 Hz). To the 200
frame series, random temporal shift, for example, of up to +4
frames was imparted and random noise was added. The num-
ber of random noise frames out of 200 total frames used for
analysis is shown at upper left in each panel. Even in the case
of no additive random noise, and only temporal frame shift
imposed on the series, theharmonic peaks show a drastic split
(e.g., see graph of F1G. 14A). At the 0.2 Hz mark, there can be
a small peak present—the split peaks can be off-center. Fur-
thermore, peaks of greater energy can occur, for example, at
0.4 Hz and 0.6 Hz. Thus, this spectrum may not be used to
correctly determine the DP. Similar spectral features are
present in panel B, when, for example, 50 random white noise
frames can be switched into the 200 frame series. In panel C,
the increased additive random noise at the level of 100 frames,
half the series, can have a smoothing effect on the spectral
peaks. Still, the peak near 0.2 Hz can be substantially off-
center, with the peaks at 0.4 Hz and 0.6 Hz, for example, being
of greater energy. At the highest additive random white noise
level (e.g., panel of FIG. 14D), all of the harmonics can shift
off-center in different directions, they become blunted, and
the peak near 0.2 Hz can be further eroded. Thus, there can be
difficulty in using the Fourier method for analysis of this
videocapsule frame series for DP determination at the
imposed level of noise degradation.

[0136] Analysis of the same 200 frame series with the same
additive noise and temporal phase shift levels as depicted in
FIG. 14 is shown in FIG. 15, when the ensemble average
procedure was used, for example, for spectral analysis. In
each panel, the dominant peak occurs, for example, at 0.2 Hz.
Subharmonics and the superharmonic at 0.4 Hz can be evi-
dent but they can be lesser in value. There can be little differ-
ence in the detail in each spectrum, i.e., the procedure can be
robust to varying, even overwhelming, levels of additive
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noise. Therefore, in each panel, the DF at 0.2 Hz (DP of 5 s),
for example, can be correctly identified. Because of the f=1/w
relationship (see exemplary Eq. (28)) the frequency resolu-
tionis not typically uniform; however, the detection of DP can
be unaffected.

[0137] Fourier spectra when all four types of image degra-
dation can be added to the 200 frame series (see above) are
shown, for example, in F1G. 16. Again for ease of comparison
with the other figures, in this exemplary series, a 10 frame
repeating sequence can be also used (e.g., DF=0.2 Hz, DP=5
s). The series can have both spatial phase noise (e.g., 10
pixels) and temporal phase noise (e.g., +3 frames) imparted as
well as additive random noise, and eight air bubble frames can
be switched in. As shown in the graphs of in FIGS. 14A-14D
and 15A-15D, the number of random noise frames is shown,
for example, at upper left in each panel. As in FIG. 14A, the
harmonic peaks can be split when no random noise is added
(see FIG. 16A). The peak with greatest energy can occur at,
for example, 0.17 Hz, and the harmonic peaks can be of lesser
magnitude. The tallest peak can be maintained at random
noise levels of for example, 50 and 100 frames (e.g., panels of
FIGS. 14B, 15B, 16B and 14C, 15C, 16C). However at the
highest additive random noise level shown (e.g., 180, panel of
FIG. 16D) the dominant peak has typically been completely
corrupted so that the new dominant peak occurs at, for
example, 0.09 Hz, barely above the noise floor. Thus, in this
example as in FIGS. 14A-14D, Fourier spectra may not be
accurate for pinpointing the DP.

[0138] Spectra created using the exemplary ensemble aver-
age method are shown, for example, in FIG. 17 for the sub-
stantially same data as those from which FIG. 16 was con-
structed. As in the graphs of FIGS. 15A-15D ensemble
average spectra, the ensemble average spectra of FIGS. 17A-
17D, respectively, correctly depict, for example, 0.2 Hz as the
DF. There is no shift or corruption of the dominant peak, for
example, even at the highest additive random noise level of
180 frames. At the 180 noise frame level, only 20 frames can
be actual signal (10%), less those frames for which the air
bubble frame was switched in. There can be however, a slight
broadening of some dominant peaks (e.g., see FIGS. 17B and
17D).

Exemplary Summary Statistics

[0139] As is shown in Table 4, for all additive noise levels,
the mean absolute difference between estimated versus actual
DP can be, for example, 0.0547+0.0688 Hz for Fourier versus
0.0031+0.0127 Hz for ensemble (e.g., p<0.001 in mean and
standard deviation). The mean time for computing 331,776
pixel spectra per videoclip can be, for example, 12.31+0.01 s
for Fourier versus 4.86+0.01 s for ensemble (p<0.001).

TABLE 4
Ensem-  Signi- _ Ensem-  Signi-
Statistic ~ Fourier* ble* ficance  Fourier  ble ficance
MN 0.0547  0.0031 p<0.001 1231 4.86  p<0.001
SD 0.0668  0.0127 p<0.001 0.01 0.01 MS
[0140] According to additional exemplary embodiments of

the present disclosure, pixel spectral analysis for videocap-
sule image quantization can be provided. Certain exemplary
embodiments can show that even in presence of overwhelm-
ing noise and extraneous features imposed upon small intes-
tinal mucosal image series, examples of which are shown in
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FIGS. 12 and 13, the exemplary pixel-by-pixel procedure of
frequency analysis can be useful to detect the DP when
ensemble averaging is used for computation. Additionally,
the exemplary ensemble average calculation has advantage of
speed over Fourier analysis using the computer described
above. In previous work, the average brightness of the entire
image frame, for 200 videoclip frames, was for example, used
as inputs for spectral analysis (see, e.g., Reference [18A]),
eg.

b=<bl>,<b2>

.....

<p200> (32)

where b can be the input for spectral analysis and <+> denotes
the frame average brightness, frames 1-200. This simpler
method was found useful to find a significant DP difference in
celiac versus control videoclips (e.g., longer DP in celiacs).
Yet, the exemplary pixel-by-pixel spectral calculation, fol-
lowed by averaging to form the mean spectrum, is potentially
more efficacious for detecting subtle periodicities in video-
capsule images because more information can be accounted
for.

Exemplary Analysis of Videocapsule Endoscopy Images

[0141] Endoscopy of the small intestine can be helpful for
detecting villous atrophy, a common manifestation of
untreated celiac disease, although this is typically confirmed
by biopsy (see, e.g., Reference [19A]). The typical treatment
for celiac disease currently available that can restore the intes-
tinal villi and also eliminate systemic symptoms of the dis-
ease, is a lifelong gluten-free diet (see, e.g., References [9A,
19A]). However, months on the diet are typically needed to
substantially restore the small intestinal villi, and in some
patients only partial restoration occurs or there may be no
restoration. Among prior quantitative analysis studies of the
small intestine to detect villous atrophy, duodenal features
have been classified using Fourier filters in magnifying endo-
scopic images (see, e.g., Reference [20A]). Yet, some intes-
tinal regions lack visible change while villous atrophy can be
present, which can diminish the sensitivity of the classifica-
tion method. The textural properties of images from the small
intestinal mucosa in celiac disease has been investigated (see,
e.g., Reference [18A]).

[0142] The variance in grayscale brightness can be used as
an estimate of texture. Over 200 image frame series in celiac
versus control videocapsule studies, the celiacs typically had
significantly greater texture magnitude even in distal portions
of the small intestine (jejunum and ileum). This suggested the
possibility that villous atrophy can be widespread in the intes-
tinal lumen in untreated celiac patients, but may be below the
threshold for visual detection by eye. Quantitative parameter-
ization over 200 sequential images would therefore be
expected to have merit for analysis of small intestinal pathol-
ogy in these patients. Yet, the textural procedure can be sen-
sitive to ambient conditions including changing camera angle
with respect to the luminal wall, and to illumination (see, e.g.,
References [8A, 18A]). Hence, more recently using fre-
quency analysis over 200 frames, which would be anticipated
to be sensitive to periodic oscillations in frame-to-frame
brightness variation due to small intestinal motility. It can be
supposed that the method would be robust to ambient condi-
tions like camera angle and illumination, as the oscillations
would be typically reflected in the frequency content while
changes in ambient conditions would mostly just affect the
overall spectral power (see, e.g., Reference [8A]). Exemplary
embodiments of the present disclosure can provide evidence
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that the DP can be in fact an important repeating pattern in
200 frame series, where importance can be synonymous with
having the greatest spectral power, and that pixel-by-pixel
spectra calculation can be robust to even large-scale extrane-
ous features.

[0143] Although descriptions of certain exemplary
embodiments of the present disclosure have been limited, for
simplicity, to converting the color videocapsule images to 256
level grayscale for quantitative analysis, abnormal patterns
can also be detected in color space using nonlinear methods
(see, e.g., Reference [21A]). Here, the nonlinear approach
was used to detect specific features—in this case ulcerous
regions versus normal mucous membrane in the small intes-
tine. Their analysis showed that the green component of RGB
can contain the bulk of the ulcer information, with classifica-
tion accuracy exceeding 95.5%. Although small intestine villi
can be much more subtle in structure than are ulcerous
regions, the use of a specific color (e.g., green, red, or blue)
rather than grayscale may be useful to improve the exemplary
procedures for frequency detection.

Exemplary Motility Measurement
Endoscopy

[0144] Although videocapsule endoscopy has been com-
mercially available for approximately 10 years (see, e.g.,
Reference [22A]), the images can be presently used by the
gastroenterologist typically as a qualitative assist device
when assessing the extent and severity of villous atrophy (see,
e.g., References [23A-25A]). Gastrointestinal motility is also
likely altered in untreated celiac disease due to injury to the
mucosa, but is typically only indirectly gauged, by measuring
the transit time from proximal to distal small intestine. To
establish a more direct link between the mechanical charac-
teristics of the small intestine and celiac disease, the exem-
plary frame-by-frame frequency analysis has been proposed,
and in a prior study found a direct correlation between transit
time and DP (see, e.g., Reference [8A]).

[0145] FIG. 18 shows a block diagram of an exemplary
embodiment of a system according to the present disclosure.
For example, exemplary procedures in accordance with the
present disclosure described herein can be performed by a
processing arrangement and/or a computing arrangement
102. Such processing/computing arrangement 102 can be,
e.g., entirely or a part of, or include, but not limited to, a
computer/processor 104 that can include, e.g., one or more
microprocessors, and use instructions stored on a computet-
accessible medium (e.g., RAM, ROM, hard drive, or other
storage device).

[0146] As shown in FIG. 18, e.g., a computer-accessible
medium 106 (e.g., as described herein above, a storage device
such as a hard disk, floppy disk, memory stick, CD-ROM,
RAM. ROM, etc., or a collection thereof) can be provided
(e.g., in communication with the processing arrangement
102). The computer-accessible medium 106 can contain
executable instructions 108 thereon. In addition or alterna-
tively, a storage arrangement 110 can be provided separately
from the computer-accessible medium 106, which can pro-
vide the instructions to the processing arrangement 102 so as
to configure the processing arrangement to execute certain
exemplary procedures, processes and methods, as described
herein above, for example.

[0147] Further, the exemplary processing arrangement 102
can be provided with or include an input/output arrangement
114, which can include, e.g., a wired network, a wireless
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network, the internet, an intranet, a data collection probe, a
sensor, etc. As shown in FIG. 18, the exemplary processing
arrangement 102 can be in communication with an exemplary
display arrangement 112, which, according to certain exem-
plary embodiments of the present disclosure, can be a touch-
screen configured for inputting information to the processing
arrangement in addition to outputting information from the
processing arrangement, for example. Further, the exemplary
display 112 and/or a storage arrangement 110 can be used to
display and/or store data in a user-accessible format and/or
user-readable format.

[0148] The foregoing merely illustrates the principles of
the disclosure. Various modifications and alterations to the
described embodiments will be apparent to those skilled in
the art in view of the teachings herein. It will thus be appre-
ciated that those skilled in the art will be able to devise
numerous systems, arrangements, and procedures which,
although not explicitly shown or described herein, embody
the principles of the disclosure and can be thus within the
spirit and scope of the disclosure, including using the features
and various exemplary embodiments described herein
together and interchangeably with one another. In addition,
all publications and references referred to above can be incor-
porated herein by reference in their entireties. It should be
understood that the exemplary procedures described herein
can be stored on any computer accessible medium, including
a hard drive, RAM, ROM, removable disks, CD-ROM,
memory sticks, etc., and executed by a processing arrange-
ment and/or computing arrangement which can be and/or
include a hardware processors, microprocessor, mini, macro,
mainframe, etc., including a plurality and/or combination
thereof. In addition, certain terms used in the present disclo-
sure, including the specification, drawings and claims
thereof, can be used synonymously in certain instances,
including, but not limited to, e.g., data and information. It
should be understood that, while these words, and/or other
words that can be synonymous to one another, can be used
synonymously herein, that there can be instances when such
words can be intended to not be used synonymously. Further,
to the extent that the prior art knowledge has not been explic-
itly incorporated by reference herein above, it is explicitly
incorporated herein in its entirety. All publications referenced
are incorporated herein by reference in their entireties.
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APPENDIX

[0213] The following tested exemplary Fortran code can be
useful to compute ensemble average power spectra from mul-
tiple CFAEs. The exemplary code can be executed in ~1
second on a PC-type laptop computer and can be imple-
mented in real time.

May 1, 2014

video-capsule image associated with one of a celiac disease
or a cardiac signal as obtained during atrial fibrillation.

17. The computer readable medium of claim 12, wherein
the atleast one information includes at least one of a dominant
frequency, a dominant period, a mean, a standard deviation in
apower spectral profile, or a further statistical representation.

parameter (n0=50, n1=500, n2=8192, n3=216,rate=.977)
real en(nl, nl), finl), inp(n2, n3), s(nl, n3)

doli=1,n3
do2j=nl/2+1,nl
en(j, 1:j)=0.
do2k=1,n2/
en(j, 1:) =en(j, L) + inp{(k-1)*j+1:(k-1)*j+j, 1)
2 continue

do3j=nl/2,n0,-1
en(j, 13) = en(2%j, L1j) + en(2*], j+1:2%))
3 continue
do 1j=n0,nl
s(j, 1) = sqrt(sum(en(j, 1:)**2)/n2); if(i.eq.1) f(j) = rate/j
1 contimie

en = ensemble vector, rate = digital sampling rate, s = spectral magnitude, f= frequency
inp = input matrix consisting of CFAEs normalized to zero mean and standard deviation = 1.
10, nl = range of segment widths (n0, n1) = (50, 500). Frequency f = 977/50 - 977/500 =

19.54Hz - 1.95Hz.
12 = number of sample points in each CFAE = 8192.
13 = number of CFAE from which to calculate spectra = 216.

Loop 1 (inner) computes the spectrum s(j, i) based upon Eq. (11), with frequencies given by

f.

Loop 2 zeros the ensemble matrix and computes ensemble averages from (nl1)/2 + 1 to nl.
Loop 3 computes ensemble averages from w =10 to (n1)/2 by averaging the two half

segments from Loop 2 (see exemplary Eq. (21)).

1. A method for generating at least one information asso-
ciated with at least one signal or data received from at least
one structure, comprising:

determining at least one basis based on a combination of a

plurality of portions of the at least one signal or the data;
and

with a computer arrangement, generating the at least one

information as a function of the at least one basis.

2-11. (canceled)

12. A non-transitory computer readable medium including
instructions thereon that are accessible by a hardware pro-
cessing arrangement, wherein, when the processing arrange-
ment executes the instructions, the processing arrangement is
configured to:

determine at least one basis based on a combination of a

plurality of portions of at least one signal or the data; and
generate the at least one information as a function of the at
least one basis.

13. The computer readable medium of claim 12, wherein
the combination includes at least one of a summation, an
average, a weighted average, or a statistical representation.

14. The computer readable medium of claim 12, wherein
the summation includes a summation of a plurality of seg-
ments of the at least one signal or the data.

15. The computer readable medium of claim 12, wherein
the generation of the at least one information comprises
applying a transform relating the summation to at least one
frequency of the at least one signal so as to generate a power
spectrum.

16. The computer readable medium of claim 12, wherein
the at least one signal or the data includes at least one of a

18. The computer readable medium of claim 15, further
comprising quantifying at least one characteristic associated
with the at least one signal or the data based on the transform.

19. The computer readable medium of claim 15, further
comprising reducing at least one of a noise, an interference,
and an artifact in generating a reconstruction of the at least
one signal or the data based on the transform.

20. The computer readable medium of claim 15, further
comprising increasing a frequency resolution for a given time
period of the at least one signal or the data.

21. The computer readable medium of claim 15, further
comprising causing a recognition of a source pattern of the at
least one signal or the data based on the transform

22. The computer readable medium of claim 12, wherein
the signal or the data is an image.

23. A system for generating at least one information asso-
ciated with at least one signal or data received from at least
one structure, comprising:

a processor which is configured to

1. determine at least one basis based on a combination ofa

plurality of portions of the at least one signal or the data;
and

ii. generate the at least one information as a function of said

at least one basis.

24. The system of claim 23, wherein the combination
includes at least one of a summation, an average, a weighted
average, or a statistical representation.

25. The system of claim 23, wherein the summation
includes a summation of a plurality of segments of the at least
one signal or the data.

26. The system of claim 23, wherein the generation of the
atleast one information comprises applying a transform relat-
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ing the summation to at least one frequency of the at least one
signal so as to generate a power spectrum.

27. The system of claim 23, wherein the at least one signal
or the data includes at least one of a video-capsule image
associated with one of a celiac disease or a cardiac signal as
obtained during atrial fibrillation.

28. The system of claim 23, wherein the at least one infor-
mation includes at least one of a dominant frequency. a domi-
nant period, a mean, a standard deviation in a power spectral
profile, or a further statistical representation.

29. The system of claim 26, further comprising quantifying
at least one characteristic associated with the at least one
signal or the data based on the transform.

30. The system of claim 26, further comprising reducing of
at least one of a noise, an interference, or an artifact in gen-
erating a reconstruction of the at least one signal or the data
based on the transform.

31. The system of claim 26, further comprising increasing
a frequency resolution for a given time period of the at least
one signal or the data based on the transform.

32. The system of claim 26, further comprising causing a
recognition of a source pattern of the at least one signal or the
data.

33. The system of claim 23, wherein the signal or the data
is an image.
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